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ABSTRACT OF THE DISSERTATION

Computational Analysis of Large-Scale Somatic Alterations in Cancer

by

Azhar Khandekar

Doctor of Philosophy in Bioinformatics and Systems Biology

University of California San Diego, 2025

Professor Ludmil Alexandrov, Chair
Professor Vineet Bafna, Co-Chair

Genomic alterations affecting 50 or more base pairs—including amplifications, deletions,

and rearrangements—are pervasive drivers of cancer evolution. Despite their importance,

these large-scale somatic alterations remain poorly understood due to challenges in detecting

and interpreting them from short-read sequencing data. They are broadly classified into two

major categories: copy number alterations (CNAs), which involve gains or losses of DNA

segments and change the number of copies of specific genomic regions, and structural variants

(SVs), which rearrange the genome through events such as deletions, duplications, inversions,

xii



and translocations, often disrupting gene structure or regulation. While mutational signature

frameworks for single-base substitutions are well established, comparable frameworks for

CNAs and SVs are still limited, hindering insights into the mutational processes shaping

cancer genomes. In Chapter 1, I present a robust software implementation for systematic

mutational signature analysis of large-scale alterations. The tool integrates two complementary

classification frameworks—an established schema for SVs and a newly developed framework

for CNAs—and supports multiple data types, input formats, and extensive visualization.

It standardizes analysis and provides the first broadly accessible platform for large-scale

mutational profiling. In Chapter 2, I evaluate Latent Dirichlet Allocation (LDA) as an

alternative to nonnegative matrix factorization (NMF) for mutational signature extraction.

LDA effectively captures mutational patterns and offers a complementary approach for

discovering previously unrecognized processes driving large-scale genomic changes. In Chapter

3, I present the most comprehensive analysis to date of extrachromosomal DNA (ecDNA)—a

highly amplified circular DNA structure—in lung cancers from never-smokers and smokers.

Using a large, diverse cohort spanning multiple ancestries, I adapted an ecDNA detection

algorithm to account for low tumor purity and variable ploidy, common in lung tumors.

Genomic and epidemiological analyses revealed key ecDNA-associated features, including

recurrent oncogenes, regulatory elements, chromothripsis scars, and unique mutational

signatures. Notably, ecDNA was strongly linked to whole-genome doubling, specific driver

mutations, and worse survival in never-smokers, emphasizing its clinical relevance. Together,

this dissertation delivers essential computational tools and new biological insights, providing

the most detailed characterization of ecDNA in lung cancer to date and advancing our

understanding of large-scale cancer genome evolution.
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1 Introduction

Genomic instability is a defining hallmark of cancer, driving tumor evolution, hetero-

geneity, and resistance to therapy(Hanahan and Weinberg, 2011). The primary footprints

of genomic instability that are left behind in tumor genomes are large-scale alterations,

operationally defined as mutations ≥ 50 base pairs(Cosenza et al., 2022). These large-scale

alterations are divided into two classes: structural variations (SVs) and copy-number al-

terations (CNAs), based on their structure and whether they alter the copy-number of a

genomic locus or not. Although these two classes of events are interrelated, not all structural

variants alter copy-number, and conversely, not all copy-number alterations require prior

SVs. For example, copy neutral events such as inversions and reciprocal translocations do not

alter the copy-number but are classified as SVs. Similarly, whole-genome doubling (WGD),

the doubling of the entire complement of chromosomes, alters the copy-number but is not

considered an SV(Eichler et al., 2011). In general, copy-number alterations refer to any

amplification or deletion of segments of the genome, whereas the four canonical SV types

encompass deletions, inversions, tandem-duplications and translocations(Eichler et al., 2011).

Another important distinction between these two classes of large-scale mutations is that SVs

require whole-genome sequencing data for detection, whereas copy-number alterations can be

1



detected from whole-exome sequencing and SNP arrays(Retterer et al., 2015).

Cancer genomic studies to date have been biased towards the study of small mutations

for several reasons. First, large mutations are notoriously difficult to detect from sequencing

data, much more so than small mutations. This is evident in the considerable variability

among not only algorithms(Masood et al., 2024), but also data modalities(Gabrielaite et al.,

2021). In fact, most large-scale pan cancer studies that have examined copy-number and

structural alterations rely on ensemble approaches that utilize multiple callers(Li et al., 2020;

ICGC/TCGA Pan-Cancer Analysis of Whole Genomes Consortium, 2020). Another major

consideration is that of tumor purity, defined as the fraction of cancerous cells within a

sample, which can substantially affect the accuracy of copy-number and structural variant

calling by diluting the tumor signal with normal DNA. In low-purity tumors, the observed

amplitude of copy-number changes is attenuated due to admixture with diploid normal cells,

often leading to underestimation of true copy-number gains or losses. Structural variant

detection is similarly impacted, as the supporting read depth for rearrangement breakpoints

is reduced in low-purity samples, decreasing sensitivity and increasing false negatives(Aran

et al., 2015). Due to the fact that large-scale alterations are often subclonal, many SV and

CN events might actually be missed using current approaches(Raine et al., 2016). Second,

the interpretation of structural variants (SVs) and the mutational processes that generate

them is considerably more complex than that of small mutations, in part because SVs

span multiple scales of magnitude—ranging from kilobase-scale deletions to chromosome-

arm level rearrangements—and can involve diverse mechanisms such as replication stress,

chromothripsis, or double-strand break repair(Cosenza et al., 2022). Additionally, unlike

small mutations which follow the infinite sites assumption, where each base is likely only

2



mutated only once during tumor evolution, multiple SV events can often affect the same

genomic locus. Hence, it is difficult to arrive at the sequence of events leading to the end-state

CN profile or SV calls(Steele et al., 2022).

Despite these challenges with detection and interpretation, algorithms to detect

large-scale mutations have been rapidly advancing and recent work has shown that most

large-scale alterations can in fact be detected from short-read sequencing of paired tumor-

normal genomes(Choo et al., 2023), and a host of advanced tools have been developed to

characterize large-scale mutations(Raine et al., 2016; Deshpande et al., 2019; Chen et al.,

2016b; Talevich et al., 2016; Rausch et al., 2012). The signals derived from sequencing data

to detect SVs and CNAs differ. SVs can be identified using aberrantly mapping and/or split

reads in paired-end sequencing data. copy-number alterations are primarily identified by

the read depth (i.e log ratio of tumor to normal reads), and more sophisticated algorithms

also incorporate the B-allele frequency (the fraction of sequencing reads (or array probe

intensities) that support the non-reference allele at a given germline heterozygous SNP locus)

to determine the copy-number of the maternal and paternal alleles. In a diploid genome

with no copy-number alteration, the expected BAF is approximately 0.5. Deviations from

this value reflect allelic imbalance due to copy-number changes or loss of heterozygosity

(LOH). For example, a region with one allele deleted (copy-number = 1) will have BAF

values near 0 or 1, depending on which allele is retained. BAF, when analyzed alongside

total copy-number (e.g., logR), enables inference of allele-specific copy-number states across

the genome. To estimate tumor purity, sophisticated callers such as Battenberg simulate a

large number of possible purity–ploidy combinations and computes, for each, the expected

BAF and logR values under different copy-number states (e.g., balanced diploid, single-copy

3



loss, copy-neutral LOH, allele-specific gains). These expected values are then compared to

the actual observed values across all heterozygous loci in the tumor. A likelihood score

is computed for each combination, and the best-fitting purity–ploidy pair is selected as

the maximum likelihood estimate. The derived purity and ploidy estimates can then be

used to call subclonal copy-number alterations, another feature of more sophisticated copy-

number callers. For example, in Battenberg, subclonality is inferred when the estimated

CCF is significantly below 1.0, suggesting the presence of an ancestral population with one

copy-number state and a descendant subpopulation with a different one.

A plethora of prior studies have shown the importance of large-scale mutations in

cancer. They are ubiquitous across tumor types and have been found to arise at all stages of

tumor development, from pre-cancer(Luebeck et al., 2023) to late-stage cancer(Li et al., 2020).

55% of driver mutations uncovered by the Pan-Cancer Analysis of Whole Genomes project

represent SVs (Cosenza et al., 2022). Large-scale alterations in specific genes, such as ALK

rearrangements, HER2 amplifications, and BCR-ABL1 translocations, can be used to guide

therapeutic decisions(Cosenza et al., 2022). In most tumors, more base pairs are altered as a

result of large-scale changes than point mutations(Cosenza et al., 2022), yet little is known

about the causes and consequences of these changes compared to that of small mutations.

An approach that has proven to be promising in providing insight into the processes

generating somatic mutations in cancer is mutational signature analysis, which involves the

examination of mutational patterns within a set of cancer genomes and the extraction of

mutational signatures that have generated these patterns. Historically, mutational patterns

have been predominately examined in the context of small mutational events, which include

single base substitutions (SBS), doublet base substitutions (DBS), and small insertions and
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deletions (IDs). The success of the mutational signature approaches for small mutations relies

on a biologically relevant schema to classify those mutations(Alexandrov et al., 2013). While

these schema for small mutations are well developed and characterized in the literature, with

an extensive array of tools and studies published(Islam et al., 2022a; Dı́az-Gay et al., 2023;

Davies et al., 2017), analogous schema for large-scale alterations are lacking.

The concept of copy-number (CN) signatures has emerged as a method to systemati-

cally characterize patterns of CNAs across tumors, akin to the well-established framework

of mutational signatures for small base substitutions and indels. Two main methodological

paradigms have been developed for CN signature extraction. The first is a hypothesis-driven

approach, in which CN features are selected to reflect known biological processes. For example,

Macintyre et al. designed features such as total copy-number, breakpoint density, oscillating

CN segment length, and segment size to identify patterns associated with chromothripsis

or replication-associated genome instability in ovarian cancer. Wang et al. later expanded

this framework to include metrics that quantify the extent of CN aberrations both globally

and locally within individual chromosomes, applying manual feature binning for consistency

across datasets. The main limitation of these approaches is that they are i) optimized for

specific rearrangement processes in specific cancer types and ii) no publicly available software

implementation exists to facilitate the application of these frameworks across studies and

cohorts. The second approach is mechanism-agnostic and relies on extracting features that

summarize fundamental CN properties—such as loss of heterozygosity (LOH), total CN state,

and segment size—without assuming prior biological associations. Steele et al. first applied

this strategy in a study of undifferentiated sarcomas, using non-negative matrix factorization

(NMF) to decompose CN profiles into signatures and attributions. This approach allows
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downstream interpretation of signatures through their correlation with known genomic events,

such as genome doubling or ecDNA formation, and has been extended to pan-cancer analy-

ses identifying over 20 distinct CN signatures. The advantage of this mechanism-agnostic

approach is that it allows for the discovery of novel biological processes causing CN changes,

and is a unified framework that can consistently be applied across different study cohorts

and data modalities(Steele et al., 2022).

SV signatures have also been underexplored in the literature, with only two frame-

works having been developed to characterize them. The first comprehensive approach was

introduced by Nik-Zainal et al., who analyzed 560 breast cancer whole-genome sequences and

categorized rearrangements based on SV type (e.g., deletions, tandem duplications, inversions,

translocations), size, and clustering status (Nik-Zainal et al., 2016). This study reinforced

that SVs can also arise during periods of catastrophic genomic instability, resulting in a burst

of rearrangements that manifests as breakpoints that are tightly clustered in genomic space.

Such clustered SVs are characteristic of phenomena like chromothripsis, and it is crucial to

distinguish them from the canonical non-clustered SV events. Using this classification, they

applied non-negative matrix factorization (NMF) to derive a set of six distinct rearrangement

signatures, each reflecting a different underlying mutational process. These included signa-

tures associated with homologous recombination deficiency, tandem duplicator phenotype,

and complex rearrangement clusters potentially related to replication-based mechanisms.

This study was foundational in demonstrating that rearrangement patterns carry clinically

relevant information, as two specific SV signatures (one predominantly characterized by

tandem-duplications and the other characterized by deletions) were later linked to homologous

recombination deficiency (HRD), a process which can nominate cancer patients for PARP
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therapy(Davies et al., 2017). More recently, Li et al. extended this concept to a pan-cancer

setting by analyzing over 2,700 whole-genome sequenced tumors from the PCAWG dataset (Li

et al., 2020). They classified SVs using a complex feature space that included SV type, size,

clustering, orientation, and replication timing, and identified 16 rearrangement signatures

across diverse cancer types, using both a hierarchical Dirichlet process and non-negative

matrix factorization. Due to the complexity of the derived features in this study, no software

tool exists for grouping these structural variants in this manner.

In this dissertation, I first provide a robust software implementation of two frameworks

for categorizing large-scale mutations in order to facilitate downstream mutational signature

analysis. In Chapter 1, I implement a recently developed schema for classifying copy-number

alterations that takes into account segment sizes, total copy-number, and the copy-number of

each allele. This tool can consume input from from a vast array of tools and algorithms to call

copy-number, ensuring widespread utility. I provide extensive visualization capabilities for

both the input counts matrix and the extracted signatures, and ensure the tool works in both

the R environment and Python environment. Next, I implement a widely used structural

variant framework that considers size, SV type, and whether or not an SV is clustered. This

tool can ingest both VCF and BEDPE format, again ensuring maximum utility, Additionally,

both of these implementations operate downstream of the CN and SV calls and seamlessly

integrate with downstream methods to deconvolve mutational signatures such as non-negative

matrix factorization.

In the vast majority of studies that I described thus far, focused on deciphering

mutational signatures from catalogs of somatic mutations, a process known as de novo

signature extraction, primarily utilized nonnegative matrix factorization (NMF). However,
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alternative approaches such as Latent Dirichlet Allocation (LDA), which is a probabilistic

model for discrete count data commonly used in the topic modeling space, have been relatively

unexplored. In Chapter 2, I explore the utility of applying LDA to decipher mutational

signatures from single-base substitutions, in order to assess its feasibility in deciphering

mutational signatures from large-scale alterations.

One specific type of large-scale somatic alteration receiving a lot of renewed interest,

that involves both structural alteration and copy-number alterations, is extrachromosomal

DNA. Small fragments of circular extrachromosomal DNA (ecDNA), also referred to as

double minutes, were first reported in human tumor cells in 1962(Spriggs et al., 1962). This

subsequently spurred decades of research into these particles(Benner et al., 1991; Balaban-

Malenbaum and Gilbert, 1977; Nielsen et al., 1993), establishing that ecDNA can integrate

back into the chromosome as an homogenously staining region (HSR)(Inazawa et al., 1989),

tumor cells could develop methotrexate resistance through amplification of the DHFR gene on

ecDNA(Kaufman et al., 1979), and fluorescence in-situ probes (FISH) probes can be used to

map ecDNA in tumor cells(Inazawa et al., 1989). However, these early analyses were restricted

to cell lines from specific cancer types or to very small cohorts of patients. Genomically

characterizing ecDNA across the full landscape of human cancers was hampered by the lack

of technological approaches(Benner et al., 1991; Spriggs et al., 1962; Kaufman et al., 1979). In

2017, Mischel and colleagues used computer vision techniques on DAPI-stained metaphases

of cells from cell lines, patient-derived xenografts, and tumor tissue to perform unbiased

detection and quantification of ecDNA in glioblastoma. These and subsequent results(Kim

et al., 2020b; Wu et al., 2019) allowed the development of bioinformatics tools, such as

AmpliconArchitect(Deshpande et al., 2019), that can detect and reconstruct the fine structure
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of ecDNA from short-read sequencing data. Subsequent application of AmpliconArchitect to

pan-cancer genomics datasets confirmed the presence of ecDNA in numerous tumor types(Kim

et al., 2020b). Further analyses have shown that ecDNA exhibits distinct properties from

linear DNA, including an altered epigenetic landscape(Wu et al., 2019), non-Mendelian

inheritance during mitosis(Lange et al., 2022), and interactions with other mutational

processes such as APOBEC3 deaminases(Bergstrom et al., 2022). Importantly, circular

amplicons are thought to be a potent form of oncogene amplification, harboring known

cancer driver genes, and are associated with worse survival outcomes across multiple cancer

types(Kim et al., 2020b; Bailey et al., 2024; Kim et al., 2024). Prior work characterizing

the epigenetic landscape of ecDNA, predominantly using ATAC-seq and ChIP-seq data(Wu

et al., 2019; Hung et al., 2021), demonstrated that extrachromosomal DNA is more open and

accessible to transcriptional machinery than linear DNA. Consequently, the expression of

genes contained on ecDNA is elevated compared to genes found on linear DNA, even after

normalizing for copy-number(Kim et al., 2020b), although this feature of ecDNA is a point of

contention. Work done by (Purshouse et al., 2022) found that this is not always the case

when she demonstrated that the transcriptional activity per gene copy is comparable between

ecDNA and the native chromosomal locus for EGFR-ecDNA. However, this phenomenon

was later confirmed experimentally when a study used a pair of isogenic colorectal cancer

cell lines derived from the same patient: COLO320DM (MYC amplification on ecDNA) and

COLO320HSR (chromosomal MYC amplification on homogeneously staining region (HSR)

and showed that COLO320DM had a nearly 4-fold increase in accumulated RNA read density

and nascent RNA from ecDNA, even after accounting for amplicon copy-number, compared

to COLO320HSR(Tang et al., 2024). Gene fusions on ecDNA have also been observed in
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multiple cancer types, most notably amplifications of the BCR-ABL1 fusion gene in chronic

myeloid leukemia(Graux et al., 2004) and PVT-MYC in non-small cell lung cancer(Hung et al.,

2021). Enhancer hijacking events, where a novel interaction is created between a co-amplified

non-coding regulatory enhancer and an oncogene, has been found to be a prominent feature

on ecDNA in multiple studies(Wu et al., 2019; Zhu et al., 2021). Taken together, the genetic

and epigenetic landscapes of ecDNA have shown distinct features from the ones observed on

linear genomic DNA. Due to its distinct properties from linear DNA and its absence from

normal cells, ecDNA is a promising therapeutic target. For example, oral inhibitors of CHK1,

which is thought to be essential for ecDNA+ tumors that undergo replication stress due to

transcription-replication conflicts, are currently going clinical trials(Tang et al., 2024).

Lung cancer represents the second most common cancer type globally and remains the

leading cause of cancer-related mortality worldwide. While tobacco smoking has historically

been recognized as the primary risk factor, a substantial proportion of lung cancer cases—

approximately 15–25%—occur in individuals who have never smoked. This distinct clinical

entity, termed lung cancer in never-smokers (LCINS), constitutes the fifth leading cause

of cancer mortality worldwide when considered independently, underscoring its significant

public health impact. The clinical and genomic characteristics of LCINS differ notably

from those observed in smoking-associated lung cancers. Adenocarcinoma represents the

predominant histological subtype in never-smokers, in contrast to the more diverse histological

spectrum observed in smokers. Despite the substantial disease burden, the etiology of LCINS

remains poorly understood. Only a limited number of risk factors have been identified,

including environmental tobacco smoke exposure, radon, air pollution, and occupational

carcinogens, yet these account for only a small fraction of cases(Landi et al., 2021). Our
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previous study on 232 LCINS (Zhang et al., 2021), found that copy-number alterations

could define 3 distinct subtypes. However, this study did not distinguish focal amplifications

in the form of extrachromosomal DNA or examine them in detail. Although pan-cancer

studies have examined ecDNA in primary lung cancer cohorts, these studies either have

been i) limited in sample size ii) failed to distinguish between never-smokers and smokers

or iii) primarily analyzed smokers. Hence, in Chapter 3, I deliver the most comprehensive

analysis of ecDNA in lung cancer to date, by examining 871 never-smokers and 345 smokers.

Utilizing a highly diverse cohort of patients of varying ancestries and geographic locations, I

construct a map of the landscape of extrachromosomal DNA by adapting a state-of-the-art

algorithm for detecting ecDNA to account for tumors with low purity and a wide range

of ploidy, a pervasive issue in lung tumors. I then conduct a series of epidemiological and

genomic analyses to determine the key differences between ecDNA+ and ecDNA- tumors,

as well as identify sequence-level features of ecDNA such as recurrent oncogenes and other

genomic elements contained therein. These analyses reveal both previously known and

unknown associations of genomic features with ecDNA, including whole-genome doubling,

chromothripsis, and specific driver mutations. Finally, I show that tumors harboring ecDNA

in never-smokers are associated with significantly poorer survival compared to those with

chromosomal amplifications. Overall, this dissertation provides tools to analyze large-scale

alterations in cancer and presents the most comprehensive examination of extrachromosomal

DNA in lung cancer to date.
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2 Visualizing and exploring patterns

of large mutational events with

SigProfilerMatrixGenerator

Note: This chapter has been previously published as:

Azhar Khandekar et al. (2023). Visualizing and exploring patterns of large mutational events

with SigProfilerMatrixGenerator. BMC Genomics. DOI: 10.1186/s12864-023-09584-y
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2.1 Abstract

All cancers harbor somatic mutations in their genomes. In principle, mutations

affecting between one and fifty base pairs are generally classified as small mutational events.

Conversely, large mutational events affect more than fifty base pairs, and, in most cases, they

encompass copy-number and structural variants affecting many thousands of base pairs. Prior

studies have demonstrated that examining patterns of somatic mutations can be leveraged

to provide both biological and clinical insights, thus, resulting in an extensive repertoire of

tools for evaluating small mutational events. Recently, classification schemas for examining

large-scale mutational events have emerged and shown their utility across the spectrum of

human cancers. However, there has been no computationally efficient bioinformatics tool

that allows visualizing and exploring these large-scale mutational events. Here, we present

a new version of SigProfilerMatrixGenerator that now delivers integrated capabilities for

examining large mutational events. The tool provides support for examining copy-number

variants and structural variants under two previously developed classification schemas and it

supports data from numerous algorithms and data modalities. SigProfilerMatrixGenerator

is written in Python with an R wrapper package provided for users that prefer working

in an R environment. The new version of SigProfilerMatrixGenerator provides the first

standardized bioinformatics tool for optimized exploration and visualization of two previously

developed classification schemas for copy-number and structural variants. The tool is

freely available at https://github.com/AlexandrovLab/SigProfilerMatrixGenerator with an

extensive documentation at https://osf.io/s93d5/wiki/home/.
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2.2 Introduction

Large-scale cancer genomics projects, including, The Cancer Genome Atlas (TCGA)

and the Pan-cancer Analysis of Whole Genomes (PCAWG) initiatives, have comprehen-

sively surveyed the molecular landscapes of most types of human cancer(Consortium, 2020;

Cancer Genome Atlas Research et al., 2013). These studies have provided a compendium

of somatic mutations for each examined cancer genome and revealed both the mutations

driving cancer development and the processes generating most somatic mutations within

each cancer(Consortium, 2020; Cancer Genome Atlas Research et al., 2013; Alexandrov et al.,

2020). One commonly performed type of genomics analysis is the examination of mutational

patterns within a set of cancer genomes and the extraction of mutational signatures that

have generated these patterns(Alexandrov et al., 2020; Islam et al., 2022a). Historically,

mutational patterns have been predominately examined in the context of small mutational

events, which include single base substitutions (SBS), doublet base substitutions (DBS), and

small insertions and deletions (IDs)(Alexandrov et al., 2020, 2013). Recent studies have also

started exploring the patterns of large mutational events, including ones due to copy-number

alterations and/or structural variations(Li et al., 2020; Steele et al., 2022). Previously, we

developed a computational tool, termed, SigProfilerMatrixGenerator, designed exclusively for

examining the mutational patterns of all types of small mutational events(Bergstrom et al.,

2019). Here, we present a new version of SigProfilerMatrixGenerator that now provides the

capabilities for optimized exploration and visualization of large mutational events.

Large mutational events, generally defined as genomic alterations greater than 50

base pairs, are an important class of somatic aberrations in human cancer(Alexandrov et al.,
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2013). In principle, there are two commonly examined and closely interrelated types of large

mutational events: (i) a structural variation (SV, also known as a genomic rearrangement),

where a large-scale genomic segment gets altered; and (ii) a copy-number variation (CNV),

where the number of DNA copies of a genomic segment gets modified. Not all structural

variations are related to CNVs, as SVs do not necessarily alter the copy-number of a genomic

segment; examples include copy neutral events such as inversions and reciprocal translocations.

Similarly, not all changes in copy-number require prior SVs, as is the case of chromosomal

duplications and whole-genome doubling. Importantly, SVs and CNVs also differ in the types

of genomics approaches that can detect them. In most cases, comprehensive detection of SVs

requires whole-genome sequencing (WGS) data as it relies on either read alignment (Cameron

et al., 2019) or genome assembly methods (Cosenza et al., 2022). In contrast, in addition to

WGS data, CNVs can be detected from whole-exome sequencing, RNA-sequencing, single-cell

sequencings approaches, and genotyping microarrays(Talevich et al., 2016; Chen et al., 2016a;

Serin Harmanci et al., 2020).

Deciphering mutational signatures from catalogues of somatic mutations, a process

known as de novo signature extraction, relies on a biologically meaningful classification

of mutational events(Alexandrov et al., 2013). We previously created the mathematical

concept of mutational signatures and provided a set of tools for deciphering signatures

of small mutational(Islam et al., 2022a; Bergstrom et al., 2019). Mutational patterns of

SBSs, DBSs, IDs, have been extensively explored with more than 100 distinct mutational

signatures published in the literature(Alexandrov et al., 2020; Degasperi et al., 2022). These

signatures reflect the activities of endogenous and/or exogenous mutational processes with

approximately half of all signatures being, at least putatively, linked with a proposed etiology
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(Alexandrov et al., 2020; Petljak et al., 2019; Riva et al., 2020; Alexandrov et al., 2015).

Recently, mutational signature analyses of larger copy-number alterations and structural

alterations have emerged(Li et al., 2020; Steele et al., 2022; Degasperi et al., 2020; Drews

et al., 2022). A crucial first step in extracting mutational signatures is the derivation of

features according to a predefined schema for mutational classification. This step involves

transforming the mutational catalogues of a set of cancer genomes into a matrix, which is then

amenable to subsequent matrix decomposition techniques (Bergstrom et al., 2019). Here, we

present a computational package for classification of large-scale alterations and the generation

of mutational matrices for signature decomposition. Two separate classification schemas

are implemented: one for copy-number variations and one for structural variations. Both

schemas were previously developed and applied to large cohorts of cancer samples (Steele

et al., 2022; Degasperi et al., 2020). To the best of our knowledge, SigProfilerMatrixGenerator

is the first tool that allows matrix generation and visualization of the CNV scheme used for

generating the global reference set of Catalogue of Somatic Mutations in Cancer (COSMIC)

copy-number signatures (Steele et al., 2022). SigProfilerMatrixGenerator’s capabilities for

analyzing SVs and CNVs are implemented in Python and R, and the tool allows using multiple

input formats, including segmentation and browser extensible data paired-end (BEDPE) files

generated by commonly used algorithms for detecting copy-number variations and structural

variations, respectively. Additionally, SigProfilerMatrixGenerator provides a comprehensive

visualization of mutational patterns of large mutational events and an R wrapper package for

users that prefer working within the R environment.
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2.3 Implementation

2.3.1 Classification of copy-number variations

The schema for classifying copy-number variations is based on Steele et al.(Steele et al.,

2022) and it utilizes allele-specific copy-number, which quantifies the number of segments for

each allele at each variant loci rather than the total number of chromosome copies. In this

schema, the copy-number profile of a sample can be represented by a mutational vector with

48 dimensions. Specifically, copy-number segments are categorized into three heterozygosity

states: heterozygous segments with total copy-number (TCN) of A > 0, B > 0 (numbers

reflect the counts for major allele A and minor allele B; Fig. 2.1a), segments with loss of

heterozygosity (LOH) with total copy-number of A > 0, B = 0 (Fig. 2.1b), and segments

with homozygous deletions and TCN of A = 0, B = 0 (Fig. 2.1c). Segments are further

subclassified into 5 categories based on total copy-number, which reflects the sum of the

copies on the major allele A and the copies on the minor allele B: TCN = 0, TCN = 1,

TCN = 2, TCN = 3 or 4, TCN = 5 to 8, and TCN ≥ 9. Each of these total copy-number

states accounts for the phenomenon of whole-genome duplication—for example, a diploid

(TCN = 2) state transitioning to a doubled state (TCN = 4), and a subsequent doubling of

this state to TCN = 8 is accounted for by the TCN = 5–8 category (Fig. 2.1a). The categories

for total copy-number have been chosen for biological relevance (Fig. 2.1): TCN = 0 reflects

homozygous deletions, TCN = 1 represents a genomic deletion resulting in an LOH, TCN = 2

is equivalent to a diploid state including copy neutral LOH (a phenomenon whereby one

of two homologous chromosomal regions is lost, but two identical copies of this region still

remain; Fig. 2.1b), TCN = 3 or 4 reflect a gained state of tri- to tetra-ploidy, TCN = 5 to 8
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represent a penta- to octo-ploidy state, and TCN ≥ 9 represents high-level amplifications

such as ones found in samples containing extrachromosomal DNA (ecDNA)(Kim et al.,

2020b). Each of the heterozygous and LOH total copy-number categories are additionally

subclassified into five additional categories based on the size of their segments: 0–100 kb,

100 kb–1 Mb, 1 Mb–10 Mb, 10 Mb–40 Mb, and >40 Mb. Three size bins are used for

the additional subcategorization of homozygous deletions: 0–100 kb, 100 kb–1 Mb, and

>1 Mb. The partitioning by segment sizes was chosen to ensure that a sufficient proportion

of segments are classified within each category (Steele et al., 2022). This classification allows

summarizing copy-number profiles using 48 distinct channels and can be represented using a

vector with 48 components. For example, a sample harboring multiple focal amplifications,

either contained on linear or extrachromosomal DNA, will have many events in the 9+

total copy-number category and the first 3 size bins (0–100 kb, 100 kb–1 Mb, 1 Mb–10 Mb;

Fig. 2.1a, b). Conversely, a sample containing a large number of focal deletions or losses of

entire chromosomes or chromosome arms will have numerous events in the LOH category,

spanning all size bins (Fig. 2.1c, d). Another example will be a sample with a whole-genome

doubling where copy-number changes will primarily encompass segments with large genomic

sizes (10 Mb–40 Mb; 40 Mb) and total copy-number between 3 and 4 (Fig. 2.1e, f). Overall,

this 48-channel classification schema can effectively summarize a diverse array of copy-number

states seen across tumor types (Steele et al., 2022), whether they contain broad or focal

events that result in amplifications or deletions.
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Figure 2.1: Description of the copy-number classification schema. The copy-number
classification schema consists of 48 mutually exclusive channels, divided by heterozygosity status,
segment size, and total copy-number (TCN). (a) In the heterozygous state, both alleles are retained
and either one or both alleles can be amplified. This amplification can be focal (top panel) or it can
encompass a chromosome or even the whole genome (bottom panel). The heterozygous category is
further subdivided based on TCN (TCN=1, TCN=2, TCN=3 or 4, TCN=5 to 8, and TCN≥ 9).
(b) In a state of loss of heterozygosity (LOH), one of the alleles is lost. The remaining allele can
then be duplicated (i.e., copy-neutral LOH), and undergo additional amplification resulting in higher
total copy-number states. The LOH category is further subdivided based on TCN (TCN=1, TCN=2,
TCN=3 or 4, TCN=5 to 8, and TCN≥ 9). The heterozygous and LOH categories are further divided
based on the size of the segment: 0–100 kb, 100 kb–1 Mb, 1 Mb–10 Mb, 10 Mb–40 Mb, and >40 Mb.
High-level LOH or heterozygous amplifications (e.g., TCN=5 to 8 or TCN≥ 9) can be carried on
extrachromosomal DNA (depicted as red circles) as well as on linear chromosomes. (c) Homozygous
deletions result in the loss of both alleles and are divided based on the size of the deleted segment:
0–100 kb, 100 kb–1 Mb, and >1 Mb.
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Figure 2.2: Converting copy-number segmentation profiles into copy-number mutational
vectors. The CNV classification schema converts a sample’s segmentation profile (a, c, e) into a
count vector of 48 mutually exclusive components (b, d, f). These components are based on segment
size, heterozygosity status, and total copy-number. A breast cancer sample with many highly amplified
segments, possibly due to the presence of extrachromosomal DNA, is shown in (a, b). This sample’s
count vector is characterized by peaks in the 5–8 and 9+ total copy-number categories. A gastric
cancer sample with extensive loss of heterozygosity is shown in (c, d). This sample’s count vector
is characterized by peaks in the LOH category, specifically with a total copy-number of 1 indicating a
loss of an allele. A sarcoma sample with a whole-genome duplication event, characterized by peaks
in the 3–4 total copy-number category and the 40+Mb size bin, is shown in (e, f).
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2.3.2 Input data for classifying copy-number variations

SigProfilerMatrixGenerator allows examining allele specific CNV data that, at a

minimum, include the following information for each CNV segment: chromosome, start

coordinate, end coordinate, and copy-number of both the minor and major alleles. Output

files from the following tools for detecting CNVs are automatically supported: ASCAT(Raine

et al., 2016), ABSOLUTE(Carter et al., 2012), Sequenza(Favero et al., 2015), FACETS(Shen

and Seshan, 2016), Battenberg(Nik-Zainal et al., 2016), and PURPLE(Shale et al., 2022).

Additionally, custom segmentation files from other CNV detection tools can be used if these

files contain the aforementioned information.

2.3.3 Subclonal copy-number alterations

Recently, more advanced copy-number callers such as Battenberg(Nik-Zainal et al.,

2016) determine not only the allele-specific copy-numbers for the dominant clone, but also for

subclones, defined as a population of tumour cells that carry a unique subset of copy-number

alterations. The tool seamlessly accounts for this type of data in a manner analogous to that

of single-base substitutions, in that it adds these subclonal events on top of the clonal events,

so the final count matrices represent the total counts of all clonal and subclonal alterations.

2.3.4 Classification of structural variants

A classification schema consisting of 32 features, based on (Nik-Zainal et al., 2016), is

used to construct a mutational vector with 32 dimensions for each sample. In principle, each

structural variant consists of two breakpoints which are at single-base resolution, where a
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breakpoint is defined as a junction that indicates a structurally variable genomic segment

greater than 50 base pairs (Cosenza et al., 2022). Breakpoints are typically detected using

three signals from aligned sequencing reads: depth of sequence coverage, discordant read-pairs,

and split read-pairs (Wala et al., 2018; Chen et al., 2016a; Rausch et al., 2012). Breakpoints

can also be detected via genome assembly, where reads are assembled into contigs, the contigs

are aligned to the reference genome, and these alignments are analyzed for structural variants

(Cosenza et al., 2022). The previously developed classification of structural variants considers

the following canonical SVs: tandem duplications, deletions, inversions, and translocations

(Fig. 2.3). A tandem duplication refers to a segment of genomic material that has been

duplicated and inserted on the same chromosome adjacent to the original segment (Fig. 2.3a).

It should be noted that a tandem duplication is not necessarily the same as a copy-number

amplification. For example, ecDNA copy-number amplifications are not tandem duplications

as they are not inserted adjacent to the original chromosome segment. A somatic deletion is

an event that has removed a set of existing base-pairs from a given location of a chromosome

(Fig. 2.3b). An inversion is when a segment of the chromosome breaks off and reattaches at

the same locus but in a reverse orientation (Fig. 2.3c). A translocation event occurs when a

piece of one chromosome breaks off and some (or all) fragments from that piece re-attach to

either another chromosome or to a different locus of the same chromosome (Fig. 2.3d). The

classification schema bins all SVs, apart from translocations, according to the size of the event

in base pairs: 0–10 kb, 10 kb–100 kb, 100 kb–1 Mb, 1 Mb–10 Mb, and >10 Mb (Nik-Zainal

et al., 2016). Translocations, which may involve more than one chromosome, are not binned

by size because they can be either balanced (where there is no net loss of genetic material on

the chromosomes involved and thus the size can be described by one number) or unbalanced
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(where there is a net loss or gain of genetic material on the chromosomes involved and thus

the sizes of the segments cannot be described by just one number). Note that whether a

translocation is balanced or unbalanced is not considered in this classification schema. The

different types of SVs are then further divided into clustered and non-clustered events to

account for the non-random distribution of these events along the genome. Clustered events

are defined as events that occur closer to each other on a chromosome than purely expected

by chance. These clusters often arise as a result of complex events, such as chromothripsis

[30] or chromoplexy [31], generating many breakpoints in a single instantaneous event as

opposed to the gradual accumulation of events over many cell cycles which results in more

dispersed non-clustered events. Clusters of breakpoints can also form as a result of other

mechanisms, including, for example, rearrangement hotspots in the genome (Glodzik et al.,

2017). Clustering of SVs is determined based on a previously developed algorithm that

utilizes the Potts’ filter method (Winkler and Liebscher, 2002). This method segments a

chromosome based on inter-mutational distance of SV breakpoints, and if the average distance

in a particular segment is less than 10 times the average inter-mutational distance in the

sample, all breakpoints in the segment are considered clustered. A minimum of 10 breakpoints

must be present for a given segment to be considered clustered, otherwise all breakpoints in

that segment are considered non-clustered. An example of a whole-genome sequenced bone

cancer with a highly rearranged genome that contains chromosomes with clustered events as

well as chromosomes with only non-clustered events is shown in Fig. 2.4a. For instance, in

this sample, chromosome 12 contains a high number of SV breakpoints in close proximity

to one another (Fig. 2.4b) and the SV pattern of this chromosome can be summarized in a

vector with 32 components containing a high number of clustered SVs (Fig. 2.4d). In contrast,
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chromosome 8 has SV breakpoints randomly scattered throughout the chromosome (Fig. 2.4c)

and the SV pattern of chromosome 8 is exclusively one of non-clustered SVs (Fig. 2.4e).
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Figure 2.3: Description of the structural variant classification schema. (a) Tandem
duplication of a segment containing the A allele. A tandem duplication occurs when a segment is
duplicated and inserted adjacent to the original chromosomal segment. (b) Deletion of the segment
containing the A allele. A deletion occurs when there is a loss of genetic material from a chromosome.
(c) An inversion of the segment containing the B allele. An inversion occurs when a segment breaks
off and reattaches in a reverse orientation within the same chromosome. (d) A translocation of a
chromosomal segment. A translocation event occurs when a piece of one chromosome breaks off and
some (or all) fragments from that piece re-attach to either another chromosome or to a different
locus of the same chromosome.
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Figure 2.4: Classifying Structural Variants into Mutational Vectors. (a) An example of
a bone cancer sample from PCAWG with a highly rearranged genome consisting of both clustered
and non-clustered structural variants (SVs) is shown as a Circos plot representation. (b) Zooming
into SVs specifically found on chromosome 12 in the bone cancer sample. SVs are shown as a
linear representation (top) and as a rainfall plot (bottom). The rainfall plot depicts all breakpoints
on chromosome 12 according to their genomic coordinate (x-axis) and the log10 inter-mutational
distance (y-axis), which is the distance to the breakpoint immediately preceding it. The tendency
of breakpoints to cluster in a specific genomic region on chromosome 12 due to a chromothripsis
event is evident in all representations. (c) Zooming into SVs specifically found on chromosome 8
in the bone cancer sample. SVs are shown as a linear representation (top) and as a rainfall plot
(bottom). The rainfall plot depicts all breakpoints on chromosome 8 according to their genomic
coordinate (x-axis) and the log10 inter-mutational distance (y-axis), which is the distance to the
breakpoint immediately preceding it. There are no clustered SVs on chromosome 8 because, per
the SV classification schema, clustering requires a minimum of ten breakpoints in a segment of a
chromosome. (d) The SV classification schema is applied to the SVs found on chromosome 12 in
the bone cancer sample. SVs are classified by event type (denoted by color) and are binned according
to size (0–10 kb, 10 kb–100 kb, 100 kb–1 Mb, 1 Mb–10 Mb, and > 10 Mb). (e) The SV classification
schema is applied to the SVs found on chromosome 8 in the bone cancer sample. SVs are classified
by event type (denoted by color) and are binned according to size (0–10 kb, 10 kb–100 kb, 100 kb–1
Mb, 1 Mb–10 Mb, and > 10 Mb).
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2.3.5 Piecewise constant fitting to distinguish clustered SVs

Here I will provide exact details of the Python implementation to discriminate between

clustered SV events (those arising from a single catastrophic event in a cell cycle such as

chromothripsis) from non-clustered SV events (canonical SV events arising from double-strand

breaks and error-prone DNA repair), and show why this particular implementation can be

applied to any cancer genome from any cancer type.

In order to distinguish clustered SVs from unclustered SVs, a piecewise constant

fitting algorithm (PCF) was used (Winkler and Liebscher, 2002). This methodology was first

developed for a cohort of 560 breast cancers (Nik-Zainal et al., 2016), and here I provide a fast,

robust and flexible implementation in Python that can be applied to cohort of samples from

any cancer type. First, all pairs of SV breakpoints were considered as individual breakpoints

and sorted according to reference genomic coordinate in each sample. The intermutational

distance (IMD), defined as the distance from one breakpoint to the breakpoint immediately

preceding it, was calculated for each breakpoint. These inter-mutational distances (y) are

then segmented based on PCF, where the parameter λ is a penalty for controlling the number

of segments, the parameter kmin is the minimal number of breakpoints on a chromosome to

perform segmentation (set to 10 by default):

min
z
Hλ(z | y) = min

z1,...,zn

{
n∑

i=1

(yi − zi)
2 + λ

∣∣{ i | zi ̸= zi+1}
∣∣}. (2.1)

λ is determined by multiplying gamma sdev(set to 25 by default) by the mean absolute

deviation (MAD), which serves as a robust estimate of the variability (inherent noise) of the

data. For a dataset X = {x1, x2, . . . , xn}, the MAD is calculated as:
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MAD = median (|xi −median(X)|) (2.2)

Thus, the noisier the data (higher MAD), the greater the penalty for introducing a

new segment and vice versa (lower MAD corresponds to lower penalty for creating a new

segment). The primary advantage of the MAD is the robustness to outliers, as the presence

of extreme values will not affect the MAD as much as the standard deviation. The idea is to

adapt the segmentation penalty to the inherent noise in the data. If the data is noisy and

jumps around a lot, a stronger penalty is required for creating a new segment in order to

prevent over-segmentation. Only large changes in the IMD should warrant a new segment.

Conversely, if the distances are consistent with little noise, a lower penalty is appropriate.

This flexible adaptation to the data ensures this methodology is applicable to all cancer

genomes. Once the data is segmented, an overall sample-dependent mean intermutational

distance is calculated for each sample by summing all the IMDs and dividing by the total. If

the mean inter-mutational distance is 10X less in a particular segment than the expected

distance, all breakpoints (and hence SV events corresponding to those breakpoints) are

considered clustered, otherwise, they are considered unclustered. Note that if there are less

than 10 breakpoints on the chromosome, all the SV events corresponding to those breakpoints

are considered unclustered. An output file with the clustered/unclustered status for each SV

event is provided by the tool.
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2.3.6 Handling of VCF input

The majority of somatic structural variant calls are output in BEDPE format, but

recently, VCF format is also growing in popularity. In fact, in the case of SV calls such as

those generated by the Gnomad project, the primary output is VCF. In an effort to maintain

the tool and make it as widely applicable as possible, I introduced an update to handle SV

calls in VCF format as well (specifically VCF versions 4.1, 4.2, and 4.3). Internally, this is

done by first converting the VCF to BEDPE format. This functionality has been thoroughly

tested with VCF calls generated from Manta, Delly, and Lumpy.

2.3.7 Input data for classifying structural variants

SigProfilerMatrixGenerator allows examining SV data that contains genomics informa-

tion for each of the two breakpoints of a structural variant. In principle, the tool can process

files in browser extensible data paired-end (BEDPE) format that, at a minimum, contain the

following six columns: chrom1, start1, end1, chrom2, start2, and end2. Here, the genomics

coordinates of the first breakpoint are annotated as chrom1, start1, and end1, while the

genomics coordinates of the second breakpoint are provided as chrom2, start2, and end2. If

the type of SV has been predetermined, then its annotation can be provided using a column

named svclass. Otherwise, the columns strand1 and strand2, which indicate the strands of

the read mate-pairs, are required. If the mates are on the same chromosome, the convention

followed is inversion (+/- or -/+), deletion (+/+), and tandem-duplication (-/-). If mates

are on different chromosomes, the SV is automatically classified as a translocation. SigProfil-

erMatrixGenerator supports SV in BEDPE format, which is utilized by most bioinformatics
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tools for detecting SVs, as well as being the native output files from BRASS(Nik-Zainal et al.,

2016).

2.3.8 Evaluating the channel distributions for CN48 and SV32

schema in large pan-cancer datasets

In order to determine the applicability and utility of the SV32 and CN48 schemas,

and to test the speed and accuracy of the generation of matrices for large mutations by

SigProfilerMatrixGenerator, I applied the tool to large, pan-cancer datasets. First, I applied

the tool to 9873 samples that were profiled with SNP arrays in TCGA, and showed that every

channel was represented across this pan-cancer dataset (Fig. 2.5). I also applied it to 2600

samples in PCAWG that were whole-genome sequenced (Fig. 2.6), and here too every channel

was represented, indicating the applicability of the CN48 schema across data modalties.

Lastly, I applied the SV matrix generation to the same 2600 whole-genome sequenced samples

in PCAWG (Fig. 2.7), and here to the every channel was represented and the tool generated

the matrix in a matter of seconds.
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Figure 2.5: Distribution of CN48 schema channels for TCGA samples profiled with
SNP6 array data. Application of CNVMatrixGenerator to TCGA samples profiled with SNP6
array data. Each of the 48 channels are split by the heterozygosity status, and the distribution of the
log10 counts is shown on the y-axis.
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Figure 2.6: Distribution of CN48 schema channels for PCAWG samples profiled with
WGS. Application of CNVMatrixGenerator to PCAWG WGS samples.The CN48 schema is split
by the heterozygosity status, and the distribution of the log10 counts is shown on the y-axis.
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Figure 2.7: Distribution of SV32 schema channels for PCAWG samples profiled with
WGS. Application of the SV32 schema to 2500 PCAWG WGS samples. The SV32 schema is split
into clustered and non-clustered events, and the distribution of the log10 counts is shown on the
y-axis
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2.4 Discussion

The newly developed version of SigProfilerMatrixGenerator allows transforming a

set of mutational catalogues of copy-number changes and structural rearrangements into

matrices amenable to decomposition, including, subsequent mutational signature analysis.

The tool provides support for two previously developed (Steele et al., 2022; Nik-Zainal et al.,

2016) classification schemas for large mutational events and seamlessly integrates with other

components of the SigProfiler software suite, such as downstream signature extraction with

SigProfilerExtractor (Islam et al., 2022a) and visualization of both mutational patterns and

signatures with SigProfilerPlotting (Bergstrom et al., 2019). Plots for CNV and SV patterns

can now be generated for each cancer sample (as shown in Figs. 2 and 4), and plots for CNV

and SV signatures are automatically generated following signature extraction from a cohort of

samples. This enables a streamlined workflow for end-to-end analysis of mutational signatures

of large-scale events. Additionally, SigProfilerMatrixGenerator rapidly scales to large datasets.

For example, the tool can generate an SV count matrix for all 2,658 PCAWG samples in

3.6 s and a CNV count matrix for the entire TCGA array data (9,875 samples) in 14.3 s.

SigProfilerMatrixGenerator is also the first tool to provide support for the 48 channel CNV

schema across a wide variety of popular tools for detecting CNV. Importantly, this schema can

be applied across several data modalities, including whole-genome sequencing, whole-exome

sequencing, RNA-sequencing, single-cell sequencing approaches, and genotyping microarrays.

In addition, SigProfilerMatrixGenerator is the first Python package that provides support

for the 32 channel SV schema in a fast and intuitive manner with minimal preprocessing,

and the only package to provide support for SV and CNV schemas in both a Python and R
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environment.

2.5 Conclusion

A breadth of computational tools exists for exploring the patterns for small mutational

events, including our initial implementation of SigProfilerMatrixGenerator(Bergstrom et al.,

2019). We recently demonstrated that a classification of CNVs into 48 channels provides

the means to better elucidate and understand the mutational processes operative in human

cancer(Steele et al., 2022). Similarly, we and others have previously demonstrated that the

classification of SVs into 32 channels can be used to understand the mutational processes

giving rise to SVs across multiple cancer types(Degasperi et al., 2020). Our newly developed

version of SigProfilerMatrixGenerator provides the capability to examine these classification

schemas from cancer genomics sequencing data. The tool can scale to large datasets and will

serve as foundation for future analysis of both mutational patterns and mutational signatures

of large mutational events.

2.5.1 Future directions

The schema for classifying copy-number and structural variants presented in this

chapter can be expanded upon in several ways. A framework specifically for whole-genome

sequencing data can be developed. WGS data has increased resolution of copy-number

alterations compared to SNP array data and WES data. Hence, the features corresponding

to the size bins can be increased. The use of whole-genome sequencing data also enables the

detection of structural alterations, meaning that both SV and CN events can be integrated

35



together in the feature set. Additionally, certain mutational processes likely leave footprints of

both small mutations and large mutations. An example of this is homologous recombination

deficiency, where SBS3 and specific SV signatures of tandem-duplications are imprinted

upon the genome by this process. Hence, a integrated signature framework where all classes

of mutations, large and small, are combined together in the initial counts matrix prior

to decomposition would be promising future direction, with the caveat that specialized

normalization schemes would have to be developed in order to overcome the challenge of the

vastly different frequency distributions of small and large mutations in tumor genomes.
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3 Exploring the utility of Latent

Dirichlet Allocation in extracting

mutational signatures
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3.1 Introduction

Prior analyses of mutational signatures for large-scale alterations have been exclusively

based on nonnegative matrix factorization (NMF) approaches, which were originally developed

for single base substitutions (SBS). NMF has been shown to provide interpretable mutational

signatures using the SBS96 mutational context(Alexandrov et al., 2013). In contrast to single

base substitutions, large-scale mutations pose a distinct problem of being non-additive events

that overlap in genomic space, making interpretability of the signatures difficult. In this

chapter, I explore alternative Bayesian methods for signature extraction based on generative

statistical modeling. Specifically I examine the utility of Latent Dirichlet Allocation (LDA)

algorithm, which is a probabilistic model for discrete count data commonly used in the topic

modeling space. In this context, LDA can extract “meaningful” topics given a collection of

documents (termed a corpus) using word frequencies, as well as weights associated with each

topic. Importantly, LDA has been shown to output more interpretable topics than NMF in this

context, as it deals with the issue of polysemy (multiple words that can be assigned to multiple

topics)(Blei et al., 2003). LDA was first successfully applied to genomics data in the widely

used tool STRUCTURE, which analyzes population structure by discovering populations and

calculating admixture proportions using genotyping microarray data(Pritchard et al., 2000).

From a cancer biology perspective, LDA can be used to model cohorts of cancer patients

as a collection of cancer genomes, where the somatic mutations in a genome are classified

according to a biologically relevant schema (termed channels), and mutation counts falling

within each channel are analogous to word frequencies. The weights of the topics derived

from LDA can be considered the signature activities, which can serve as an approximation
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of the number of mutations in a sample imprinted by a given signature. Importantly, both

the distributions of the mutational channels over a signature and of the signatures within

a sample are determined by Dirichlet priors, and these priors can be adjusted to reflect

biological plausibility. The majority of existing LDA implementations either use the online

variational Bayes algorithm (VB-LDA) (Hoffman et al., 2010) or a collapsed Gibbs sampling

algorithm (Griffiths and Steyvers, 2004). Importantly, it has been shown that the variational

Bayes algorithm is a numerical approximation to NMF, when the NMF objective function

utilizes Kullback-Leibler divergence, if a uniform Dirichlet prior is assumed for VB-LDA.

3.1.1 Utilizing a Variant of an Existing Implementation of LDA

Based on the Gibbs Sampling Algorithm

In order to evaluate the initial performance of the base LDA model in accurately

extracting mutational signatures, I ran a custom version of an existing LDA implementation

from the Python package tomotopy. Given a set of samples D, where each sample d is

represented as a bag-of-mutations across Nd mutation channels and each mutation channel is

represented as ω, the channel distribution of each signature and the signature distribution in

each sample are modeled according to the following equation:

p(D | α, β) =
M∏
d=1

∫
p(θd | α)

(
Nd∏
n=1

∑
zdn

p(zdn | θd)p(ωdn | zdn, β)

)
dθd (3.1)

Here, the parameter α reflects the prior assumption about the signature distribution

(i.e., activities) in each sample, and the parameter β reflects the prior assumption about

the channel distribution in each topic (signature). θd represents the per-sample signature

39



proportions, ωdn is an observed channel in a particular genome, zdn is the latent signature

assignment for that channel, and Nd is the total number of observed channels in sample d.

A symmetric α prior assumes that each signature is equally likely to occur in a sample.

In contrast, a symmetric β prior assumes that each channel is equally likely to be assigned to

a signature. Because these priors can be customized to reflect biological plausibility, the LDA

model provides greater flexibility than other blind source separation approaches—especially

non-negative matrix factorization (NMF). For example, instead of assigning channels to

signatures with a uniform distribution, β can be adjusted to reflect the tendency of particular

channels to associate more strongly with specific signatures.

Although this implementation converges more slowly than others such as variational

Bayes, it can compute each iteration faster. Hence, we increased the number of iterations

from 1000 to 10000 because the accuracy of Gibbs sampling methods increases with the

number of iterations. The parameter was set to 0.06 and the parameter was set to 0.1.

3.1.2 Evaluation of LDA on a synthetic benchmarking dataset of

SBS signatures

The dataset encompasses a total of 33 distinct scenarios with 1,900 simulated sub-

stitution signatures operative in more than 60,000 unique synthetic genomes. Importantly,

this dataset has already been used to evaluate another 13 tools for de novo extraction of

mutational signatures and applying our LDA approach will allow us to put it in the context

of existing methods. The model was forced to extract the known number of ground truth

signatures across 20 synthetic scenarios of single base substitutions resulting in identical
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values for precision and recall. A true positive signature is defined as a signature with a

cosine similarity > 0.90 to a ground truth signature. A false positive signature is defined as a

signature with a maximum cosine similarity of less than 0.90 with all ground-truth signatures.

The cutoff of a cosine similarity 0.90 is highly unlikely to happen purely by chance (p-value

= 5.90× 10−9) as two random nonnegative vectors are expected to have an average cosine

similarity of 0.75 purely by chance (?). False negative signatures are defined as ground truth

signatures that were not detected in the data. These metrics will enable the calculation of

the algorithm’s precision, sensitivity, and F1 score.

The average F1 scores were computed for each of the 20 noiseless scenarios, and

we compared the performance of LDA with the performance of the top five performing

tools for extracting mutational signatures of single base substitutions (Figure 1). Although

the LDA algorithm performed well on easy scenarios and was better than around half of

the 14 published tools we benchmarked, it had poor performance on medium and hard

scenarios, suggesting a need for further optimization of parameters and additional algorithmic

refinement.

Figure 3.1: Evaluating the performance of LDA on 20 noiseless scenarios. Average F1
scores were calculated across 20 synthetic datasets for LDA with collapsed Gibb’s sampling method
and the top five performing tools for extracting single base substitutions. Scenarios were divided into
easy, medium, or hard based on the total number of operative signatures in each scenario. Values
reflect average F1 scores and error bars correspond to 95% confidence intervals.
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3.1.3 Conclusion and future directions

The base LDA algorithm using Gibbs sampling, without any optimizations or modi-

fications, performs well on easy and medium scenarios but does not perform well on hard

scenarios, compared to other state-of-the-art tools with optimizations. The α and β param-

eters are critical in LDA, and in my initial results I used α = 0.06 and β = 0.1. Hence, I

used symmetric priors, which assume that every signature has equal prior probability to be

present in a sample (controlled by α) and every channel has equal prior probability to belong

to a signature (controlled by β). While symmetric priors provide a reasonable starting point

by not imposing prior preferences for specific signatures or mutation types, future work could

explore asymmetric priors to better capture biological reality where certain signatures (such

as the aging signature) are more prevalent across samples. Some criterion for automatic

selection of k with LDA, using a metric like BIC, is also a future consideration. Ultimately,

employing LDA on large mutations (SV and CN) will likely yield the most benefit as its

flexibility and ability to handle sparse data will be advantageous over NMF.
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4.1 Introduction

Extrachromosomal DNA (ecDNA) is a potent mechanism for oncogene amplification

in human cancer(Yan et al., 2024), exhibiting unique characteristics such as a circular struc-

ture(Wu et al., 2019), non-Mendelian inheritance(Bafna and Mischel, 2022; Lange et al., 2022),

and an altered epigenetic and transcriptional landscape(Hung et al., 2021). Prior studies

have linked ecDNA to worse overall survival in pan-cancer analyses, highlighting its clinical

significance(Kim et al., 2020b; Bailey et al., 2024; Kim et al., 2024) and potential as a thera-

peutic target(Tang et al., 2024). Recent advances in computational techniques(Deshpande

et al., 2019) have enabled large-scale detection of ecDNA from whole-genome sequencing

(WGS) data. However, only three pan-cancer studies have examined ecDNA in primary

lung cancer cohorts with over 100 samples, focusing predominantly on patients of European

descent(Kim et al., 2020b; Bailey et al., 2024; Kim et al., 2024). Two studies(Kim et al., 2020b,

2024) analyzed lung cancer samples from the United States, reporting ecDNA prevalence

rates of about 21% in 36 lung adenocarcinomas (LUAD) and 27% in 47 lung squamous cell

carcinomas (LUSC). Additionally, a UK lung cancer study(Bailey et al., 2024) analyzed

14,778 patients across 39 tumor types, including 718 LUAD tumors and 378 LUSC tumors,

detecting ecDNA in 8.2% of LUAD and 22.4% of LUSC cases. All three studies(Kim et al.,

2020b, 2024; Bailey et al., 2024) reported lung cancer findings as part of broader pan-cancer

analyses and did not distinguish between lung cancers in subjects who have never-smoked

(LCINS) and subjects who have smoked (LCSS). Notably, based on the high prevalence

of the tobacco-associated(Islam et al., 2022b) mutational signature SBS4 in these studies,

more than 84% of the analyzed lung cancer cases were from individuals with a history of
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smoking. Despite these prior studies, the clinical relevance of ecDNA in lung cancer remains

unclear, including its prevalence across histologies, geographical areas, genetic ancestries, and

biological sexes. Its role in never-smokers, smokers, and subjects who were exposed to passive

smoking also requires further exploration.

4.1.1 Detailed description of the Sherlock Lung cohort

The Sherlock-Lung dataset consisted of whole-genome sequencing (WGS) data from

1,216 treatment-näıve lung cancers from diverse patient populations. This large international

cohort enabled a comprehensive evaluation of ecDNA’s association with genomic alterations,

as well as its prevalence across smoking status, biological sexes, ancestries, and 18 areas

defined primarily by country of residence (Fig. 4.11). The dataset includes 871 lung can-

cers in never-smokers (LCINS), sourced from the Sherlock-Lung, the Environment And

Genetics in Lung Cancer Etiology (EAGLE)(Consonni et al., 2018), The Cancer Genome

Atlas (TCGA)(ICGC/TCGA Pan-Cancer Analysis of Whole Genomes Consortium, 2020),

and other publicly available cohorts(Imielinski et al., 2012; Lee et al., 2019; Leong et al.,

2019), representing patients from 17 geographical areas(Landi et al., 2021). Additionally,

it comprises 345 lung cancers in smokers (LCSS), drawn from EAGLE(Consonni et al.,

2018), TCGA(ICGC/TCGA Pan-Cancer Analysis of Whole Genomes Consortium, 2020),

and other publicly available cohorts(Imielinski et al., 2012; Lee et al., 2019; Leong et al.,

2019), spanning five geographical areas(Landi et al., 2021). The majority of tumors were

lung adenocarcinomas (LUAD; n = 1,023, 84.1%) or lung squamous cell carcinomas (LUSC;

n = 67, 5.5%), with carcinoids (n = 61, 5%, exclusively in LCINS) and other rarer histological
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lung cancer subtypes (n = 65, 5.3%) also represented. Amongst Sherlock-Lung LCINS, 250

were exposed to secondhand tobacco smoke, while 208 had documented non-exposure(Fig. 4.1).

The majority of tumors in never-smokers were early stage (Stage I-II, n=437). In addition to

the whole-genome sequencing data, transcriptomic data was available for 866 patients.
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Figure 4.1: Sherlock-Lung cohort information Sankey diagrams showing the numbers of
samples with histology, ancestry, geographic region, sex and the clinical variables stage, metastasis
and overall survival for never-smokers (top) and smokers (bottom). NA/EU: North America or
Europe region, AS: Asia region EAS: East Asian genetic ancestry super-sample, EUR: European
genetic ancestry super-sample, LUAD: lung adenocarcinoma, LUSC: lung squamous cell carcinoma.
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4.1.2 Constructing a highly sensitive pipeline to detect ecDNA

that accounts for tumor purity and ploidy

In order to generate a map of extrachromosomal DNA across the cohort, I applied a

modified version of the AmpliconArchitect pipeline(Deshpande et al., 2019). As a first step,

this pipeline identifies a set of ’seed regions’ to further explore, and these regions, by default,

have to have a total copy number ≥ 4.5. Consequently, the pipeline is highly reliant on the

robust and accurate estimation of total copy number at the outset. The pipeline then jointly

utilizes internal copy number calls and structural variant calls in these regions to construct a

breakpoint graph where the nodes are amplified segments and the edges are SV’s connecting

the segments. Copy number calling from short-read sequencing is a complex procedure, and

considerable variability exists between algorithms(Masood et al., 2024). Differences in the

segmentation algorithm (e.g Hidden Markov model, circular binary segmentation) used can

lead to differences in the overall segmentation profile (i.e # of segments). Additionally, the

determination of a consensus tumor purity and tumor ploidy can also lead to differences in

the estimation of total copy number of those segments. Most copy number callers rely on read

depth, and some (e.g Battenberg, (Raine et al., 2016)) also incorporate the B-allele frequency,

which allows for estimating the copy number each allele as it uses reads covering germline

SNPS to determine the relative ratios of one allele to another. In addition, the presence of

subclones often needs to be accounted for and can lead to non-integer copy-number estimates

for a locus (e.g., if 10% of cells harbor a high-level amplification at EGFR with a total copy

number (TCN) of 10, while the remaining 90% are diploid, the resulting bulk estimate is

0.10 × 10 + 0.90 × 2 = 2.8 copies). The input copy number calls can be from any copy
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number caller, but the default is CNVKit v. 0.9.6(Talevich et al., 2016). Note that CNVkit,

by default, assumes a sample purity of 100% and a ploidy of 2, as it does not correct for

either purity or ploidy. Importantly, orthogonal validation of the AmpliconSuite pipeline has

mainly been done in the context of cell lines, which are known to have high purity(Deshpande

et al., 2019). However, a systematic pan-cancer analysis of tumor purity by (Aran et al.,

2015) demonstrated that lung tissue is one of the tissue types with the lowest median purity.

This analysis was done using SNP6 array in TCGA, but I confirmed this finding using the

consensus copy number calls and purity estimation obtained from PCAWG (Fig. 4.2a). In the

Sherlock-Lung cohort, a wide range of tumor purities were observed for both never-smokers

and smokers (Fig. 4.2b). Utilizing a set of consensus tumor purity estimates from (Aran

et al., 2015), I confirmed that Battenberg provides robust tumor purity estimates (Fig. 4.2d),

as these purity estimates were highly concordant (R2 = 0.89, p = 8.96 × 10−34). Hence, I

developed an approach that combines the strengths of Battenberg (estimating purity and

ploidy by using both BAF and read depth) and CNVkit (sensitive segmentation based

on read depth) (Fig. 4.3). Specifically, CNVKit v. 0.9.6(Talevich et al., 2016) was run in

tumor–normal mode to call somatic CNVs against matched normal whole-genome–sequenced

samples for each patient, using the log ratio of tumor to normal read depths (logR) and

the circular binary segmentation (CBS) algorithm. I then rescaled the total copy-number

estimates using the purity and ploidy inferred by Battenberg according to Eq. 4.1:

TCN =
ψ
(
2logR

)
− 2

(
1− ρ

)
ρ

, (4.1)

where ψ is the tumor ploidy, ρ is the tumor purity, and logR is the log ratio of tumor
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to normal read depth. These copy-number calls were used to identify putative seed regions.

I then applied AmpliconArchitect v. 1.3 (Deshpande et al., 2019) and AmpliconClassifier

v. 1.3.1 to classify amplicons according to their most probable mechanism of formation

(ecDNA, breakage–fusion–bridge, complex non-cyclic, or linear) and determine the genomic

regions involved. The downsampling parameter was set to 40x as the Sherlock samples had

increased overage of 100x in tumor. Since the total copy number estimates were adjusted

prior to input, the default copy number threshold for seeding was changed from 4.5 to 9 to

more accurately capture high-level amplifications. Visual inspection and verification were

performed for all ecDNA amplicon regions.
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Figure 4.2: Tumor purity in Sherlock and pan-cancer cohorts. (a) Tumor purity distribu-
tions derived from 2583 samples in the PCAWG dataset, startified by tumor type. Copy number
calling and purity estimation was done using a consensus approach for these samples. (b) Tumor
purity distributions for never-smokers and smokers in the Sherlock cohort. (c) Results from running
the ecDNA detection pipeline on normal tissue for 1216 samples. The number of focal amplifications
detected is indicated on the y-axis. (d) Scatter plot showing the concordance of tumor purity
estimates derived from Battenberg vs. the consensus purity derived from orthogonal methods for the
TCGA samples in Aran et al.
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Figure 4.3: Detailed worked example of the hybrid rescaling seed identification method-
ology for identifying ecDNA Schematic showing a detailed worked example for the rescaled
pipeline that considers tumor purity and ploidy. The logR track for the region containing the EGFR
gene on chr7 and the purity and ploidy computed from Battenberg is indicated in one tumor as
example (left). The exact location of the EGFR gene is shown by the dashed red lines. The equation
that simultaneously accounts for sample purity and ploidy when computing the total copy number is
shown, as well as the total copy number estimate when assuming a sample purity of 1.0 and ploidy
of 2.0 (Uncorrected CN) vs. considering the purity and ploidy (Corrected CN). The Sashimi plot
indicates the structural variants (colored arcs) and smoothed coverage around the EGFR region,
which was annotated as ecDNA by AmpliconClassifier.
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Figure 4.4: Representative example of the hybrid rescaling seed identification method-
ology with 6 samples containing EGFR ecDNA as exemplars The logR (the log2 of the
ratio of tumor read depth to normal read depth) is displayed (y-axis) for the chromosome region
containing the EGFR oncogene (x-axis, red dashed line) as well as the surrounding region (left).
The sample purity and ploidy as estimated by Battenberg is also indicated. The total copy number
for each segment is calculated using the equation shown (middle), where the sample purity, ploidy
and logR serve as inputs. The raw read coverage (y-axis) and structural variant breakpoints detected
by AmpliconArchitect in the same region are indicated by the Sashimi plot. AmpliconClassifier
reconstructed an ecDNA containing EGFR in all six of these samples after using the rescaling method
for seed discovery, whereas the default method missed these seed regions, and hence did not detect
these ecDNA.
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This modified pipeline enabled low-purity samples to be analyzed, as it removed

the effect of tumor purity on ecDNA detection (Fig. 4.5a). Consequently, more ecDNA+

samples were detected (Fig. 4.5a) and all 1 216 samples were included in the ecDNA analysis

(Fig. 4.5a). Of the additional ecDNA identified, eight were EGFR-ecDNA (seven in LCINS

and one in LCSS), and—except for one—each also harbored a driver mutation (Fig. 4.4).

Among the eight EGFR-ecDNA+ samples, five had RNA-seq data, which showed very high

EGFR expression (Fig. 4.6, consistent with the suspected ecDNA mode of amplification.

Intriguingly, all 7 of these samples also contained an EGFR driver mutation Table ??.

These EGFR-ecDNA were predominantly simple ecDNA with no SVs detected within or

around the region, likely generated by the simple deletion-excision method. It should be

noted that strikingly similar EGFR-ecDNA have been found in glioblastoma and validated

with orthogonal methods(Noorani et al., 2024). These ecDNA also contained mutations

(EGFRvIII), were not co-amplified with other oncogenes, were hypothesized to be subclonal as

timing analysis indicated they appeared before clonal expansion, and were simple in structure

with no scars of chromothripsis evident.
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Figure 4.5: Default method vs rescaled method for identifying ecDNA a) Distribution of
tumor purities for samples with an ecDNA annotation for both the default (left) and rescaled (right)
pipelines. P-value for a Mann-Whitney test between ecDNA+ and ecDNA samples is indicated. The
total number of samples in each group is also indicated. b) The ecDNA prevalence (y-axis), which is
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4.1.3 Overall prevalence of ecDNA in lung cancer and epidemio-

logical associations

A total of 231 samples harbored at least one ecDNA (18.9%), with similar prevalence

between never-smokers (17%) and smokers (23%; q-value: 0.21; Fig. 4.7). The overall

prevalence was consistent with previous estimates of ecDNA prevalence in lung cancer derived

from pan-cancer studies, but these studies did not distinguish between smokers and never-

smokers. This overall prevalence of ecDNA in lung cancer was higher than that reported for

pan-cancer (14%, (Kim et al., 2020b)).
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4.1.4 Methodological approach to examine differences between

ecDNA+ and ecDNA- samples

In order to analyze differences between ecDNA+ samples and ecDNA- samples, I

utilized multivariate logistic regression with two classes: samples that had ≥ 1 ecDNA

detected, and samples that had no ecDNA detected. This technique allowed (i) the inclusion

of covariates such as age, sex, histology, and ancestry, which were important to correct

for when working with a diverse cohort, and (ii) greater interpretability of the coefficients

(odds and odds ratios), as the goal of this analysis was to understand what features are

associated with ecDNA. For the remainder of this chapter, I separate the analyses presented

into never-smokers and smokers as these are entirely distinct types of lung cancer at the

genomic level.

4.1.5 Analyzing the presence of ecDNA with clinical characteristics

such as stage and metastasis

Due to the fact that not all variables were collected for every sample, I ran separate

models for passive smoking, tumor stage, and presence of metastases in both LCINS and

LCSS so the statistical modeling of the other core variables (age, sex, histology, smoking and

ancestry) would not be affected by missing data for these three variables. ecDNA was not

associated with tumor stage(Fig. 4.8a-b), subsequent development of metastases (Fig. 4.8c-d)

or passive smoking status (Fig. 4.10). These findings remained consistent when analyses were

restricted to only LUAD cases in either LCSS or LCINS (Fig. 4.9, Fig. 4.10).
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Figure 4.8: Association of ecDNA with stage and metastasis Forest plots for multivariate
logistic regression models testing the clinical variables stage and metastasis with the presence of
ecDNA in the tumors, for both all never-smokers (top) or LUAD only never-smokers (bottom).
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Figure 4.9: Association of ecDNA with stage and metastasis in LUAD samples only
Forest plots for multivariate logistic regression models testing the clinical variables stage and
metastasis with the presence of ecDNA in the tumors, for both all never-smokers (top) and smokers
(bottom).
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Figure 4.10: Association of ecDNA with passive smoking Forest plots for multivariate
logistic regression models testing the passive smoking status with the presence of ecDNA in the
tumors, for both all never-smokers (top) or LUAD only never-smokers (bottom).
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4.1.6 Examining the global prevalence of ecDNA

The geographical differences in the incidence of certain types of cancer are hypothe-

sized to be caused by differential exposures to certain types of carcinogens. Prior studies

have comprehensively examined differences in mutational patterns between patients across

countries(Moody et al., 2021; Senkin et al., 2024; Dı́az-Gay et al., 2025), including those of

small and large mutations, but there has been no explicit examination of the prevalence of

ecDNA across countries. I conducted a one vs. all comparison for each country using logistic

regression with covariates, where the ecDNA status of a patient is the outcome. ecDNA was

present at similar rates across all geographic locations(Fig. 4.11, and as expected, there was

no enrichment of ecDNA+ samples present in any particular country(Fig. 4.12. Note that

here I applied Firth’s penalized logistic regression using the logistf package in R to model the

association between ecDNA status and geographic regions, in order to reduce small-sample

bias and address potential issues of data separation.
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Figure 4.11: Distribution of ecDNA harboring lung cancers in never-smokers and
smokers by country. Maps showing the worldwide prevalence of lung cancers harboring ecDNA
by country for the never-smokers cohort (top) and smokers cohort (bottom). Fractions indicate the
number of ecDNA+ samples in each country over the total number of samples from that country.
Volcano plot of a multivariate one-vs-all logistic regression model for each country, with ecDNA
status as the outcome, for c) never-smokers and d) smokers. An FDR q-value threshold of 0.05 is
indicated with the dashed red line.

64



Canada

ItalySouth Korea

United States of America

France

Hong Kong S.A.R.

Czech RepublicRussia

Poland

Republic of SerbiaRomaniaTaiwan

0.2

0.4

0.6

0.8

1.0

1.2

−1.0 −0.5 0.0 0.5 1.0
Odds ratio (log2)

−l
og

10
(F

D
R

)

Adjusted by age, sex, ancestry, histology, purity
ecDNA status by region (Never−Smokers)(One vs. all comparison)

ecDNA status by region (Never-smokers)

Canada

South Korea

Italy

USA

France

Hong Kong S.A.R.

Spain

Czech Republic

Russia

Poland Republic of Serbia

Romania

Taiwan

0.5

1.0

−2 −1 0 1 2
log2(Odds Ratio)

−l
og

10
(F

D
R

)

ecDNA status by region (Smokers)

Canada

ItalySouth Korea

United States of America

France

Hong Kong S.A.R.

Czech RepublicRussia

Poland

Republic of SerbiaRomaniaTaiwan

0.2

0.4

0.6

0.8

1.0

1.2

−1.0 −0.5 0.0 0.5 1.0
Odds ratio (log2)

−l
og

10
(F

DR
)

Adjusted by age, sex, ancestry, histology, purity
ecDNA status by region (Never−Smokers)(One vs. all comparison)

Canada

Italy
South Korea

Germany

USA

0.0

0.5

1.0

−6 −3 0 3 6
log2(Odds Ratio)

−l
og

10
(F

DR
)

Log2 (Odds Ratio) 

Log2 (Odds Ratio) 

Figure 4.12: Association of ecDNA status with country Volcano plots of a multivariate
one-vs-all logistic regression model for each country, with ecDNA status as the outcome, for never-
smokers (top) and smokers (bottom).
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4.1.7 Calculation of genome instability index score (wGII)

ecDNA is associated with overall genomic instability (Bafna and Mischel, 2022). Before

I present the associations of ecDNA with specific processes known to either cause, or form as

a consequence of, genome instability, I will first describe a metric used to quantify overall

genome instability in tumors, the genome instability index score (wGII). To calculate the

genome instability index score (wGII), the method devised in (Bailey et al., 2024) was used.

The overall ploidy was calculated as the length-weighted average of all copy number segments.

The proportion of segments that were aberrant (where total copy number was greater than

the ploidy or less than the ploidy) was computed for each chromosome, these proportions

were summed, and the total was divided by 22. This metric was included as a covariate in the

following logistic regression models in order to distinguish the effect of ecDNA amplification

specifically, without the confounding effect of overall gnome instability. The proportion of

samples with ecDNA seemed to increase with wGII (Fig. 4.13).
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Figure 4.13: Relationship between ecDNA and overall genomic instability (wGII).
Stacked bar plot showing the percentage of ecDNA+ samples stratified by bins of genomic instability
for never-smokers (top) and smokers (bottom). To calculate the genome instability index score
(wGII), the overall ploidy was calculated as the length-weighted average of all copy number segments.
The proportion of segments that were aberrant (where total copy number was greater than the ploidy
or less than the ploidy) was computed for each chromosome, these proportions were summed, and
the total was divided by 22.
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4.1.8 Examining the association of ecDNA with genomic features

To examine the association between ecDNA and genomic features previously linked

to genome instability(Bielski et al., 2018; Cortés-Ciriano et al., 2020; Umbreit et al., 2020;

Tang et al., 2021),we evaluated the relationship of ecDNA with whole-genome doubling

(WGD), chromothripsis, tumor mutational burden, mitochondrial copy number, overall

genome instability index (wGII), and telomere length tumor/normal ratio. For each genomic

feature, I ran an independent logistic regression model with covariates in order to deal with

the issue of multicollinearity between features (e.g WGD is known to be associated with

chromothripsis). Amongst these features, only WGD showed a significant association with

ecDNA in both LCSS and LCINS (Fig. 4.14), as determined by logistic regression adjusted

for age, sex, ancestry, histology, and tumor purity. Specifically, ecDNA was present in

7.1% of LCINS and 8.9% of LCSS without WGD, but its prevalence increased markedly

in WGD-positive tumors from LCINS (24.9%, OR=4.0; q=1.24× 10−8) and LCSS (30.3%,

OR=5.85; q=8.06 × 10−4). The same association was observed when only LUAD was

examined (Fig. 4.14). Moreover, I further validated in a pan-cancer dataset of 974 samples

with high-confidence WGD annotation(Bielski et al., 2018), using logistic regression adjusted

for age, purity, sex, and cancer type (OR=2.81; q=1.63× 10−6; (Fig. 4.15).

Mitochondrial copy number was estimated per sample using the ratio of mitochondrial

read depth to nuclear genome depth, adjusted for tumor ploidy and purity, following the

procedure in Reznik et al.(Reznik et al., 2016). Telomere length was estimated in kilobases

using TelSeq (v.0.0.2)(Ding et al., 2014). As was previously done(Diaz-Gay et al., 2024), we

used seven as the threshold for the number of TTAGGG/CCCTAA repeats in a read for
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the read to be considered telomeric. The TelSeq calculation was done individually for each

read group within a sample, and the total number of reads in each read group was used as

weight to calculate the average TL for each sample. The telomere length ratio (log2 scale)

between tumor and normal tissue was then calculated for each patient and served as the

independent variable in multivariable logistic regressions. Samples were considered to have a

whole genome doubling event if the major copy number was ≥3 for more than 50% of copy

number segments.
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Figure 4.14: Genomic features associated with the presence of ecDNA. Volcano plot of
logistic regression models of genomic features in association with ecDNA status for LCINS (left)
and lung adenocarcinoma in LCSS (right). The same analysis repeated for LUAD samples only is
shown below. In all volcano plots, the x-axes reflect the log2 odds ratio, and the y-axes correspond to
the log10 FDR q-value. An FDR q-value threshold of 0.05 is indicated with the dashed red line, an
FDR q-value threshold of 0.01 is indicated with the dashed blue line.
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Figure 4.15: Pan-cancer validation of the association of WGD with ecDNA. Forest plot
of multivariate logistic regression modeling the presence or absence of ecDNA in relation to whole-
genome doubling in a pan-cancer dataset comprising four different tumor types from the PCAWG
project, adjusted for the covariates of age, purity, sex, and tissue type. All significant associations
are indicated in red. This public callset was generated using the default AmpliconArchitect pipeline.
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4.1.9 Examining the association of driver genes with ecDNA

To evaluate the relationship between ecDNA presence and lung cancer driver genes, I

analyzed driver genes altered in at least 10 samples. Using multivariate logistic regression,

adjusted for age, sex, tumor purity, ancestry, and histology, no significant associations were

found between ecDNA and individual driver gene alterations (Fig. 4.16). Notably, TP53

is not associated with ecDNA presence. Although this association has been reported in

other tumor types(Luebeck et al., 2023), the sample sizes in these studies were limited and

the analysis may have been confounded by the fact that TP53 alteration is also associated

with whole-genome doubling and chromothripsis. Taken together, this suggests that in both

LCINS and LCSS, ecDNA is primarily formed via TP53 independent mechanisms. The

IntOGen pipeline (v.2020.02.0123)40, which combines seven state-of-the-art computational

methods, was employed with default parameters to detect signals of positive selection in

the mutational patterns of driver genes across the cohort. The status of each driver gene

(altered or unaltered) was then input into a logistic regression model with covariates age, sex,

and tumor purity, and ecDNA status was the output. These sets of genes were considered

altered if there was a focal deletion overlapping the gene, an inactivating (stop or missense)

mutation, or an activating gain of function mutation.
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Figure 4.16: Association between driver gene alterations and ecDNA Volcano plot of a
logistic regression model of driver gene alterations in a sample in association with ecDNA status for
LCINS (left) and LCSS (right). The x-axes reflect the log2 odds ratio, and the y-axes correspond to
the log10 FDR q-value. An FDR q-value threshold of 0.05 is indicated with the dashed red line, an
FDR q-value threshold of 0.01 is indicated with the dashed blue line.
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4.1.10 Examining the association of ecDNA with hotspot driver

mutations

Using multivariate logistic regression, adjusted for age, sex, tumor purity, ancestry, and

histology, I showed an enrichment of EGFR L858R mutations (OR=1.78; q=0.05; (Fig. 4.17))

in never-smokers with ecDNA and a depletion of KRAS G12V mutations in smokers with

ecDNA (OR=0.18; q=0.03; (Fig. 4.17). Overall, only 15.5% of never-smokers without a

EGFR L858R mutation contained ecDNA, but 23.8% of never-smokers with a EGFR L858R

mutation contained ecDNA. To identify driver mutations within the set of identified driver

genes, we implemented a rigorous and multifaceted strategy, considering multiple criteria: (i)

the presence of truncating mutations specifically in genes annotated as tumor suppressors, (ii)

the recurrence of missense mutations in a minimum of 3 samples, (iii) mutations designated

as “Likely drivers” with a boostDM score(Muinos et al., 2021) exceeding 0.5, (iv) mutations

categorized as either “Oncogenic” or “Likely Oncogenic” based on the criteria established by

OncoKB(Chakravarty et al., 2017), an expert-guided precision oncology knowledge base, (v)

mutations previously recognized as drivers in the TCGA MC3 drivers paper(Bailey et al.,

2018), and (vi) missense mutations characterized as “likely pathogenic” in genes that are

annotated as tumor suppressors, as described in Cheng et al.(Cheng et al., 2021) Any mutation

meeting one or more of these criteria was recognized as a potential driver mutation.
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Figure 4.17: Association between ecDNA and driver mutations Volcano plot of a logistic
regression model of hotspot driver mutations in a sample in association with ecDNA status (top) for
LCINS (left) and LCSS (right). The x-axes reflect the log2 odds ratio, and the y-axes correspond to
the log10 FDR q-value. An FDR q-value threshold of 0.05 is indicated with the dashed red line, an
FDR q-value threshold of 0.01 is indicated with the dashed blue line. Bar plot showing the proportion
of samples with an EGFR L858R mutation, stratified by ecDNA status (bottom).
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4.1.11 Evaluating the effect of ecDNA on gene expression

In order to determine if the presence of ecDNA in a sample results in different gene

expression patterns of individual genes, I set up this analysis as a standard differential expres-

sion analysis conditioned on whether a sample has ecDNA or not, with the gene expression

of log CPM as input. Specifically, differential expression analysis was performed using the

limma-voom pipeline. A design matrix was constructed using a cell-means parameterization

( 0 + ecDNA status) with additional covariates for gender, age, histology, and tumor purity

to account for potential confounding effects. Gender was coded with female as the reference

level, histology with adenocarcinoma as reference, and ancestry with European (EUR) as

reference. The voom transformation was applied to model the mean-variance relationship in

the count data and generate precision weights for linear modeling. Contrasts were defined

to compare ecDNA-positive versus ecDNA-negative tumors. Linear models were fit using

empirical Bayes moderation of the standard errors. Two statistical approaches were employed:

(1) treat method with a log-fold change threshold of 1, and (2) standard eBayes moderation.

Differential expression was assessed using a false discovery rate (FDR) adjusted p-value

threshold of 0.05.
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4.1.12 Analysis of genome-wide mutational signatures in ecDNA+

vs ecDNA- lung tumors

Mutational signature analysis provides insights into both the endogenous and exogenous

mutational processes that have been active throughout the lineage of a cancer genome(Islam

et al., 2022b). I investigated the association between ecDNA presence and genome-wide

mutational signatures in order to gain insight on the mutational process associated with

ecDNA+ tumors. As expected(Kim et al., 2024), multiple copy-number and structural variant

signatures were associated with ecDNA presence similarly in LCSS and LCINS (Fig. 4.21).

Additionally, in LCINS, ecDNA-positive samples were enriched for clock-like signatures

(SBS1, SBS5, ID1, ID2) and, as previously reported(Bergstrom et al., 2022; Hung et al.,

2024), APOBEC-associated signatures (SBS2, SBS13; (Fig. 4.19). The association with

clock-like signatures suggests ecDNA+ tumors undergo accelerated cell division, although

whether its the case that rapidly dividing cells provide a more permissive background for

ecDNA formation or the ecDNA itself drives accelerated cell division is unclear. In LCSS,

enrichment was observed only for SBS3 (Fig. 4.19), a signature previously associated with

homologous recombination deficiency(Davies et al., 2017). The association with clock-like

signatures suggests ecDNA+ tumors undergo accelerated cell division, although whether

its the case that rapidly dividing cells provide a more permissive background for ecDNA

formation or the ecDNA itself drives accelerated cell division is unclear. The mutational

signature attributions were determined as was previously done, based on the methodology in

Dı́az-Gay et al.(Diaz-Gay et al., 2024). SigProfilerMatrixGenerator(Khandekar et al., 2023;

Bergstrom et al., 2019) was used to create the mutational matrix for all types of somatic
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mutations. The deconvolution of mutational signatures was performed by SigProfilerExtractor

(v.1.1.3)(Islam et al., 2022b) using the whole-genome sequencing setting and the COSMIC

mutational signatures (v3.2) as reference. Signature extractions were performed separately

for LCINS and LCSS. Signature attributions were input into a multivariate logistic regression

model as either present or absent if the signature was present in less than 50% of the samples.

If the signature was present in ≥50% samples (e.g., SBS1 and SBS5), it was input as either

above median or below median. For SBS1 and SBS5, the signature attributions were also

input as continuous numeric variables to confirm the significant associations found with

inputting them as above median or below median.
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Figure 4.19: Global mutational signatures of small mutations associated with ecDNA
Volcano plots of logistic regression models of the activities of Single base substitution (SBS) and
Indel (ID) in association with ecDNA in lung cancers of never-smokers (top) and smokers (bottom).
The logistic regression models were adjusted for age, sex, ancestry, histology, and purity. In all
volcano plots, the x-axes reflect the log2 odds ratio, and the y-axes correspond to the log10 FDR
q-value. An FDR q-value threshold of 0.05 is indicated with the dashed red line, an FDR q-value
threshold of 0.01 is indicated with the dashed blue line.
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Figure 4.20: Global mutational signatures of small mutations input as numeric continu-
ous variables Volcano plots of logistic regression models of the activities of Single base substitution
(SBS) signatures 1 and 5 input as continuous numeric variables rather than as above/below median
or present/absent.
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Figure 4.21: Global mutational signatures of large mutations associated with ecDNA
Volcano plots of logistic regression models of the activities of copy number (CN) and structural
rearrangement (SV) signatures in association with ecDNA in lung cancers of never-smokers (top)
and smokers (bottom). The logistic regression models were adjusted for age, sex, ancestry, histology,
and purity. In all volcano plots, the x-axes reflect the log2 odds ratio, and the y-axes correspond to
the log10 FDR q-value. An FDR q-value threshold of 0.05 is indicated with the dashed red line, an
FDR q-value threshold of 0.01 is indicated with the dashed blue line.
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4.1.13 Analysis of mutational signatures on ecDNA

In the previous section, I focused on global (genome-wide) mutational signatures.

Here, I focus on mutational signatures specifically on ecDNA. Our previous paper, (Bergstrom

et al., 2022) revealed recurrent APOBEC mutagenesis of ecDNA, where ecDNA appeared

to be attacked by APOBEC after formation, as was shown by analyzing the distances from

mutations to the nearest SV breakpoint. I build upon this previous finding by applying

a different approach and showing this phenomenon holds true in lung cancer. First, each

mutation was probabilistically assigned to a mutational signature based on the methodology

developed in (Dı́az-Gay et al., 2023). Next, I extracted all mutations that overlapped with

ecDNA regions, and assigned each mutation to a signature by taking the highest probability

signature as determined by SigProfilerAssignment. I then generated two different sets of

background mutations to compare against, those from region immediately flanking the left-

most ecDNA breakpoint and the right-most ecDNA breakpoint (which I refer to as ’flanking’),

and those overlapping other chromosomal amplified regions (which I refer to as chrAmp).

In the case of the flanking region, I take a 10 KB window as prior research has shown

that kataegis frequently occurrs within 10 kb of detected SV breakpoints. Proportions of

mutations belonging to a specific signature are computed for all comparisons in order to

account for the differences in size between ecDNA regions, flanking regions, and chromosomal

amplification regions. A paired Wilcoxon signed-rank test was used to account for sample

to sample variability in mutational signatures. In order to ensure that there are enough

mutations for comparison, I only take samples where ecDNA amplicons have > 10 mutations.

Notably, this analysis showed that SBS signatures 2 and 13, the APOBEC signatures, were
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significantly elevated p ¡ 0.001) on ecDNA compared to both flanking regions (Fig. 4.22) and

other chromosomally amplified regions (Fig. 4.23), suggesting evidence of recurrent APOBEC

hypermutation after ecDNA formation and ongoing ecDNA evolution.

Mutations on ecDNA vs Flanking regions

Figure 4.22: Global mutational signatures of large mutations associated with ecDNA
Volcano plots of logistic regression models of the activities of copy number (CN) and structural
rearrangement (SV) signatures in association with ecDNA in lung cancers of never-smokers (top)
and smokers (bottom). The logistic regression models were adjusted for age, sex, ancestry, histology,
and purity. In all volcano plots, the x-axes reflect the log2 odds ratio, and the y-axes correspond to
the log10 FDR q-value. An FDR q-value threshold of 0.05 is indicated with the dashed red line, an
FDR q-value threshold of 0.01 is indicated with the dashed blue line.
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Mutations on ecDNA vs chrAmp region

Figure 4.23: Mutational signatures present on ecDNA vs. chrAmp regions Volcano plots
of logistic regression models of the activities of copy number (CN) and structural rearrangement
(SV) signatures in association with ecDNA in lung cancers of never-smokers (top) and smokers
(bottom). The logistic regression models were adjusted for age, sex, ancestry, histology, and purity.
In all volcano plots, the x-axes reflect the log2 odds ratio, and the y-axes correspond to the log10
FDR q-value. An FDR q-value threshold of 0.05 is indicated with the dashed red line, an FDR
q-value threshold of 0.01 is indicated with the dashed blue line.
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4.1.14 Genomic content of ecDNA

Previous studies have shown that ecDNA can harbor oncogenes, regulatory elements,

and immunomodulatory genes in varying configurations (Bafna and Mischel, 2022; Luebeck

et al., 2023; Bailey et al., 2024; Wu et al., 2019; Zhu et al., 2021). In our cohort, 151 (17%)

never-smokers and 80 (23%) smokers harbored ecDNA, with a total of 236 ecDNAs in LCINS

and 123 in LCSS, reflecting multiple ecDNAs in some tumors. The composition of ecDNA

in lung cancer, particularly never-smokers, is unknown. In order to examine ecDNA at the

sequence level, I first quantified the varying configurations of genomic elements on all ecDNA

in both never-smokers and smokers (FIG). Here, I defined a immunomodulatory gene as

a gene that had an immunomodulatory function (GO terms: 0006968, 0002228, 0042267,

0001906, 0001909, 0002698, 0001910, 0031341, 0002367, 0002695, 0050866, 0051250, 0050777),

following the procedure in Bailey et. al. In order to define regulatory regions, lung enhancer

coordinates were downloaded from EnhancerAtlas. Each ecDNA region was then overlapped

with these enhancers using a 100% containment criterion (i.e. the entire enhancer had to lie

within the ecDNA). Separately, a set of lung-cancer promoter regions was generated via an R

script that extracted the 1,000 bp immediately upstream of each gene’s transcription start

site.
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Figure 4.24: Genomic elements on ecDNA in lung cancer Upset plot indicating the number
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Although oncogenes are the most frequent genomic element found on ecDNA, Bailey

et. al conducted a overrepresentation analysis and found that ecDNA lacking oncogenes

are enriched for immunomodulatory genes compared to focal amplifications, and samples

containing immunomodulatory ecDNAs have a significant depletion of T cells, indicating a

weaker immune response. Although there were no ecDNA containing in our cohort containing

only immunomodulatory genes, over half of ecDNA (81/236) contained an immunomodulatory

gene as cargo. Recently, the presence of regulatory regions on ecDNA has also garnered

a significant amount of interest. (Hung et al., 2021) showed that ecDNAs containing

promoters or enhancers can interact in trans with other ecDNAs, forming hubs. This spatial

reorganization caused by ecDNA can drive increased gene expression, if, for example, an

enhancer on one ecDNA interacts with the promoter of another ecDNA. In our cohort, 22 of

236 (9.3%) ecDNAs in never-smokers and 14 of 80 (17.5%) ecDNAs in smokers contained only

regulatory or promoter elements, which is higher than the 22 out 579 (3%) reported at the pan-

cancer level in Bailey et. al. Notably, ecDNAs in never-smokers were enriched for oncogenes

(p < 0.001) and immunomodulatory genes (p=0.008) compared to smokers, despite the higher

prevalence of ecDNA in smokers. This result remained consistent even after removing all the

ecDNAs with recurrently amplified oncogenes such as MDM2 (p=0.002, 4.26), suggesting

this was not driven purely by a subset of recurrent ecDNAs. The median copy number

estimate of an ecDNA can serve as a proxy for the degree of selective pressure on it and its

clonal prevalence in the tumor. ecDNAs containing both oncogenes and immunomodulatory

genes or oncogenes only had significantly higher median copy number than other ecDNAs

(Wilcoxon test, p=0.0015, 4.27).
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Figure 4.25: Enrichment of genomic elements on ecDNA in never-smokers vs smokers
Bar plot indicating the proportion of ecDNA containing a particular genomic element in never-
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Figure 4.26: Enrichment of genomic elements on ecDNA in never-smokers vs smokers
with recurrent oncogenes removed Bar plot indicating the proportion of ecDNA containing a
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the analysis. Each plot represents a one vs all. comparison (e.g oncogene-containing ecDNA vs. all
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Figure 4.27: Copy number of genomic elements on ecDNA Log2 median copy number
(y-axis) for each class of ecDNA (x-axis) in LCINS and LCSS.
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Due to the clear enrichment of oncogenes on ecDNA, I next examined patterns of

recurrent ecDNA amplification. The MDM2 gene stood out as recurrent hotspot for ecDNA

amplification, as it was the most frequently amplified oncogene on ecDNA in both LCINS

(n=36) and LCSS (n=5); (Fig. 4.28a). Given its prominence, I examined the relationship

between ecDNA-driven MDM2 amplification and TP53 alterations, as MDM2 negatively

regulates TP53 through ubiquitination(Chene, 2003). I found that MDM2 amplification on

ecDNA was mutually exclusive with TP53 alterations in never-smokers (OR = 7.51, p =

0.01, Fig. 4.28), using logistic regression where the presence of MDM2-ecDNA is the binary

outcome and a samples TP53 status is the independent variable, with age, sex, tumor purity,

histology, and ancestry as covariates. The determination of TP53 status included both

bi-allelic and mono-allelic alterations, and point mutations, indels and copy number deletions

were taken into account. In LCINS, the next four most prevalent oncogenes that did not

co-occur with MDM2 were TERT (n=10), CCND1 (n=8), and EGFR (n=7; Fig. 4.28a).

In LCSS, no oncogene besides MDM2 was amplified on ecDNA in more than two samples

(Fig. 4.28a). Indeed, oncogenes amplified via ecDNA appeared to reach higher copy number

levels than those amplified via other means (Fig. 4.28b).
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Co-occurrence of oncogenes on ecDNA
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Figure 4.29: Co-occurrence of oncogenes on ecDNA and MDM2-ecDNA vs TP53 Status
Bar plot showing the counts and proportions of the most frequently ecDNA-amplified oncogenes

94



4.1.15 Co-occurrence of oncogenes on ecDNA

Given that prior work suggested that passenger gene co-amplifications with oncogene

amplifications on ecDNA can create collateral therapeutic vulnerabilities in cancer(Bei

et al., 2024), I analyzed co-occurrence patterns of oncogenes detected on ecDNA across the

cohort(Fig. 4.29). Here, each cell represents the number of samples in which a given pair of

oncogenes was found on the same ecDNA element. Notably, the most common co-occurrences

involved well-known oncogenic drivers such as MDM2 and FRS2 (39 samples), MDM2 and

CDK4 (15 samples), and MDM2 and HMGA2 (13 samples).

4.1.16 Examining the relationship between chromothripsis and

ecDNA

In order to detect chromothripsis regions in genomes, I applied the computational

algorithm ShatterSeek(Cortés-Ciriano et al., 2020), which employs a set of statistical criteria

to identify chromothripsis given input copy-number and structural-variant calls. I used the

most stringent criteria corresponding to high-confidence chromothripsis calls. Specifically,

these criteria were:

(i) a cluster of structural variants (> 6 of DUP, DEL, h2hINV, or t2tINV),

(ii) oscillating CNV between two states (> 7 CNV events),

(iii) chromosomal enrichment and distribution of DNA breakpoints (p < 0.05),

(iv) randomness of fragment joins (p > 0.05) and/or ≥ 4 inter-chromosomal rearrangements

between multiple chromosomes.
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The input CNV calls were generated using CNVkit in tumor-normal mode with default

parameters, and the input structural-variant calls were generated using a union of Meerkat

(v. 0.189) and Manta (v. 1.6.0) calls with the recommended filtering. Overall, I detected at least

one high confidence chromothripsis events in 557 never-smokers (64%) and 236 smokers (68%)

(Fig. 4.31). These rates of chromothripsis in lung cancer are much higher than the overall rate

of chromothripsis reported in pan-cancer studies, which is 29%(Cosenza et al., 2022). 115

never-smokers and 60 smokers respectively had both a chromothripsis event and an ecDNA

event (Fig. 4.31). Prior studies have indicated that chromothripsis may directly contribute to

the formation of certain ecDNA(Shoshani et al., 2021). In samples where both ecDNA and

chromothripsis were detected, overlap between ecDNA segments and chromothripsis regions

was rare, occurring more frequently in LCINS—observed in 31 of 115 LCINS cases compared

to 4 of 60 LCSS (OR=5.01, p=0.02 comparing LCINS vs. LCSS; (Fig. 4.31). In order to

determine whether or not the absence of chromothripsis is due to the loss of all or parts of

the chromosome involved, I examined the regions immediately surrounding the leftmost and

rightmost ecDNA breakpoint for evidence of loss of heterozygosity. The vast majority of

segments (82.7%) exhibited no signs of LOH and were confirmed to be diploid with a copy

number of 2. Taken together, these results suggest the majority of ecDNA in lung cancer are

generated through chromothripsis independent mechanisms.
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Simple (single locus from a single chromosome)

Complex (multiple SV, single chromosome)

Complex (multiple SV’s, multiple chromosomes)

Figure 4.30: Exemplars of the types of ecDNA present in the Sherlock cohort A simple
ecDNA amplicon composed of a single focal amplification and structural variant originating from a
single locus on chromosome 7, encompassing the CDK6 oncogene (Top). A more complex ecDNA
amplicon involving multiple structural variants within a single chromosome (chr7), also targeting
CDK6 (Middle). A highly complex ecDNA structure involving multiple structural variants across
multiple chromosomes (chr5 and chr12), including rearranged oncogenes such as EBF1, MDM2,
PTPRB, and RYK (Bottom). Arcs denote rearrangement junctions; coverage depth and estimated
copy number (CN) are plotted along the y-axes.
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Figure 4.31: Co-occurrence of chromothripsis and ecDNA at the sample level and
genomic sequence level a) Venn diagrams indicating the number and percentage of samples with
chromothripsis events, ecDNA events, and both ecDNA and chromothripsis events. b) Bar plot
indicating the proportion of samples that contained overlapping chromothripsis and ecDNA regions
(red) and the proportion of all samples that did not contain any overlap (gray) for all samples
that had both an ecDNA and chromothripsis event detected. c) Bar plot showing the number and
percentage of segments immediately adjacent to ecDNA breakpoints that either exhibited LOH or did
not exhibit LOH.
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Size and overlap of chromothripsis and ecDNA regions

Figure 4.32: Size of chromothripsis regions, ecDNA regions, and overlapping regions
Bar plot showing the size of all ecDNA and chromothripsis regions detected. Blue bars indicate a
chromothripsis region with no overlapping ecDNA regions. Red bars indicate a chromothripsis region
with an overlapping ecDNA region contained within it. Purple bars indicate ecDNA regions with no
overlap with any chromothripsis regions.
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4.1.17 Clinical impact of ecDNA on patient survival

ecDNA has been associated with worse overall patient survival in prior studies, both

as part of pan-cancer analyses (Bailey et al., 2024; Kim et al., 2020a, 2024) and in individual

tumor subtypes (Chapman et al., 2023). To determine whether tumors harboring ecDNA

had worse outcomes than those harboring only chromosomal amplifications, I performed

survival analysis for all patients where clinical metadata (tumor stage and overall survival)

were available using a Cox multivariate regression model, controlling for tumor stage, sex,

age, histology, ancestry, and the overall genome instability index (wGII). TP53 status was

not included in the model because it did not have a significant association with ecDNA

in our cohort, as reported in a prior section. The analysis was conducted separately for

never-smokers (n=693) and smokers (333), where each patient was stratified as having ecDNA,

other focal amplifications, or no focal amplifications. Indeed, this analysis revealed that

ecDNA-positive lung cancers had worse overall survival than those with only chromosomal

amplifications in never-smokers (hazard ratio=2.17; p=0.025). In smokers, the effect was not

significant (hazard ratio=1.65; p=0.01), however, the majority of smokers were not treated

with any therapy, in contrast to the never-smokers.
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Figure 4.33: Impact of ecDNA on overall patient survival Kaplan–Meier survival curves for
5-year overall survival stratified by the mode of amplification status for lung cancers in never-smokers
(left) and smokers (right). P-values for significance and HRs of the difference were calculated using
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Figure 4.34: Detailed Cox regression survival analysis results for never-smokers Detailed
results of a Cox regression model used to assess the survival differences of samples with ecDNA vs.
samples with chrAmp. P-values, hazard ratios, and confidence intervals are shown for all covariates
included in the model.
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Figure 4.35: Detailed Cox regression survival analysis results for smokers Kaplan–Meier
survival curves for 5-year overall survival stratified by the mode of amplification status for lung
cancers in never-smokers (left) and smokers (right). P-values for significance and HRs of the
difference were calculated using two-sided Cox proportional-hazards regression with adjustment for
age, sex, tumor stage, ancestry, wGII and histology and are indicated within each plot.
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Figure 4.36: Impact of ecDNA containing MDM2 or EGFR on overall patient survival
Kaplan–Meier survival curves for 5-year overall survival stratified by the mode of amplification
status for the MDM2 oncogene specifically in lung cancers in never-smokers (top) and for the EGFR
oncogene (bottom). Samples without any amplifications in these genes were considered the reference
category. P-values for significance and HRs were calculated using two-sided Cox proportional-hazards
regression with adjustment for age, sex, tumor stage, ancestry, wGII and histology and are indicated
within each plot.
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Figure 4.37: Impact of the type of ecDNA on overall patient survival Kaplan–Meier
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4.1.18 Discussion

ecDNA is a complex and poorly understood phenomenon, both in terms of causes and

consequences. The size and diversity of this cohort allowed for robust statistical associations

of a wide array of features associated with ecDNA, albeit without establishing causality. The

lack of associations (e.g with TP53) and negative associations (e.g with KRAS in smokers)

are also both unexpected and informative. Although most aspects of ecDNA biology (e.g

prevalence rates, survival effect, enrichment of oncogenes, enrichment of APOBEC mutations

on ecDNA) found in prior studies were also confirmed in the context of lung cancer, some

findings, such as the transcriptional advantage of genes on ecDNA, were not confirmed in

this study.

4.1.19 Conclusion and future directions

In conclusion, in this chapter, I conducted the most comprehensive examination of

ecDNA in lung cancer. I mapped the full spectrum of ecDNA in the largest dataset of

whole-genome sequenced lung cancers to date, from many geographical regions and ancestry,

and with unique information on tobacco smoking status. Using a highly sensitive ecDNA

detection pipeline that identifies both clonal and subclonal ecDNA by correcting for tumor

purity and ploidy, I established the overall prevalence of ecDNA in lung cancer was 19 percent,

with a increased prevalence in smokers (24 percent) compared to never-smokers (17 percent).

The pipeline I developed also uncovered EGFR-ecDNA in 8 samples, as well as other putative

ecDNA missed by the default pipeline. I also determined that among the numerous features

associated with genome instability, its whole-genome doubling (in both never-smokers and

106



smokers) and chromothripsis (in smokers) that are most strongly coupled with ecDNA presence

in never-smokers. The WGD association was validated in an independent pan-cancer cohort,

suggesting that most ecDNA in treatment-näıve lung cancer are likely to be a byproduct of

genomic instability. Intriguingly, ecDNA in never-smokers were enriched with oncogenes and

immunomodulatory genes in comparison to smokers, indicating that a subset of LCINS may

be driven by ecDNA amplifications. The APOBEC mutational signature is strongly enriched

on ecDNA regions compared to background regions, and the clock-like signature SBS1 is

markedly increased in ecDNA+ samples, indicating a higher rate of cell division. A significant

proportion of ecDNA detected in this study were generated from chromothripsis-independent

and TP53-independent mechanisms. Lastly, tumors carrying ecDNA showed worse overall

survival in comparison to those with focal chromosomal amplification, particularly in LCINS.

Overall, these results indicate that ecDNA carrying oncogenes could contribute to driving

LCINS and affecting prognosis.

Although this study and several prior studies have examined features associated with

ecDNA, the timing of ecDNA formation with respect to other events such whole-genome

doubling is unknown. Since ecDNA does not follow the assumptions that current tools for

timing mutational events are based on, such as the assumption of Mendelian inheritance,

specialized methods will need to be developed in this space. Although this study did not find

any clear differences in the immune landscape of ecDNA+ vs ecDNA- samples, the interaction

of ecDNA with the immune system will also need to be examined in a more detailed manner,

such as the immune landscape specifically of samples containing immunomodulatory genes

on ecDNA. The detection of ecDNA from short-read sequencing data is not only challenging,

but also impractical for clinical use as it requires whole-genome sequencing data. Thus, the
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detection of ecDNA from different data modalities such as cell-free DNA is a promising

avenue of investigation as well. This study focused on a samples sequenced at a single-time

point, but the evolution of ecDNA using samples from multiple time points in a patient,

specifically in a large cohort of lung cancers, has not been assessed to date. The genomic

landscape of ecDNA after therapy, for example, would be important to examine.
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