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ABSTRACT OF THE DISSERTATION 

 

Reconstructing and Profiling Extrachromosomal DNA 

 

by 

 

Jens-Christian Luebeck 

 

Doctor of Philosophy in Bioinformatics and Systems Biology 

 

University of California San Diego, 2021 

 

Professor Vineet Bafna, Chair 

Professor Julie Law, Co-Chair 

 

 

 Circular extrachromosomal DNA (ecDNA) are a genomic lesion occurring in 

tumors, and represent a foundational, growing frontier in cancer biology. The discovery 

that focal amplifications exist in multiple topologies and arise by different mechanisms has 

enabled cancer researchers to study the consequences of different types of focal 

amplification – revealing that focal amplifications like ecDNA lead to worse patient survival. 

Consequently, there is an urgent need for bioinformatic methods and tools to study these 

focal amplifications, particularly ecDNA. This thesis describes novel tools and methods 

which can be used to study ecDNA, and other focal amplifications. It also demonstrates 
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how those tools and methods can be used to profile focal amplifications across different 

cancer types, ultimately revealing novel biology about the structure, function and genesis 

of ecDNA in different contexts.  

 

 I first present two methods, AmpliconReconstructor (AR) and FaNDOM, which 

incorporate optical mapping data to resolve the structures of ecDNA and other focal 

amplifications. AR incorporates both optical mapping and NGS data and builds upon a 

prior method for ecDNA detection with NGS data, AmpliconArchitect (AA). FaNDOM 

utilizes optical mapping solely and enables the rapid characterization of large structural 

variants using assembled OM contigs or individual OM molecules. 

 

 I also describe the landscape of ecDNA in oropharyngeal squamous cell 

carcinoma, demonstrating that both human and hybrid human-viral ecDNA exist and are 

associated with distinct patterns of transcriptional splicing. Visualizations of the rearranged 

ecDNA structures and overlaid transcription-level data reveal the overexpression of genes 

carried on ecDNA. 

 

 Lastly, I describe the genesis of ecDNA in Barrett’s esophagus, the precursor 

tissue of esophageal adenocarcinoma. We utilized methods for profiling ecDNA, such as 

AmpliconClassifier, to demonstrate that ecDNA exist in pre-cancerous tissue, are 

associated with worse histology, that they are subsequently found again in cancer, and 

that they tend to undergo positive selection during the malignant transformation. These 

findings solidify ecDNA as a potent driver of cancer, and not an opportunistic passenger.



 
1 

 

 

INTRODUCTION 

 Human chromosomes typically come in 23 neat pairs, where an individual’s parents 

are each responsible for one copy. Miraculously, each human cell typically packs two full 

meters of chromosomal DNA into a nucleus that is only one-hundredth the diameter of a human 

hair. Despite being exceedingly dense, dividing cells still manage to assort their chromosomes 

into pairs in a remarkably coordinated biological ballroom dance. This organized condensation 

of DNA, pairing of chromosomes, followed by cell division and a return to an uncondensed 

state, is a lively molecular gigue which has served as the basis for life on earth for billions of 

years.  

 

 Molecular pathologists are well aware of the appearance of chromosomes, even from 

the early 20th century, having examined stained chromosomes through the lenses of 

microscopes. Today we are already rapidly closing in on the 100th anniversary of the first 

human “karyotype”, describing the appearance of chromosomes, by American zoologist 

Theophilus Painter in 1922 (subsequently refined by Tjio and Levan in 1956).  

 

 However, not all cells conform nicely to this paradigm. The organized nature of 

chromosomes is completely scrambled in most cancer genomes. Instead of 46 total 

chromosomes, there are frequently dozens of additional chromosome copies, often consisting 

of fragments from several chromosomes joined together into a frightening and undecipherable 

DNA patchwork.  

 

 While studying the abnormal karyotypes of cancer cells from pediatric cancers in 1965, 

Cambridge pathologist Arthur Spriggs observed many tiny DNA particles appearing as 

conjoined dots. He termed these “double minutes” and speculated that these were likely DNA 



 
2 

 

 

fragments detached from chromosomes. Only a medical anecdote, the phenomenon remained 

unstudied and was overlooked as a simple byproduct of cancer genome instability for decades. 

 

 In the late 1980’s, Salk Institute researcher Geoffrey Wahl demonstrated double 

minutes were in fact circular DNA fragments which could spontaneously form when genomes 

were unstable. With advances in microscope imaging and the introduction of methods to 

fluorescently tag specific genes, researchers opened a new frontier in cancer biology. 

Research scientist Paul Mischel who pioneered groundbreaking research on these DNA circles 

began to more generally call them “extrachromosomal DNA”, or ecDNA.  

 

 Mischel and colleagues discovered that the free floating ecDNA particles which often 

accumulated in extremely high numbers in cancer actually carried critical genes. These 

ecDNA-borne genes which would normally be found in a single copy on each chromosome are 

the same genes that provided instructions telling cells to grow and divide (proto-oncogenes). 

One key property of ecDNA that distinguishes it from chromosomal DNA, is ecDNA’s ability to 

segregate randomly when cells divide. Unlike chromosomes that so neatly segregate to 

daughter cells, ecDNA will divide randomly, enabling some cells to end up with hundreds of 

copies of potent oncogenes after only a few cell divisions. They act as the throttle lever aboard 

a metaphorical runaway freight train. 

 

 In 2015, Mischel and UCSD computer science professor Vineet Bafna began a 

collaboration which sought to unravel the genomic structure of ecDNA. Bafna, who had helped 

to develop the algorithms which reconstructed the first human genome in 2001, had ample 

experience working with the various DNA sequencing technologies required to analyze ecDNA 

genomes. The goal would not be to just detect ecDNA, but to read the ecDNA sequence itself. 
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One of Bafna’s students, Viraj Deshpande developed a tool for analysis of ecDNA using WGS 

data, enabling researchers to study and characterize the contents of ecDNA using sequencing 

data. The tool, called AmpliconArchitect (AA) identifies regions of the genome with genomic 

copy number increases associated with ecDNA, and forms a graph-based representation from 

which it can extract the signatures of ecDNA. This tool has served as a cornerstone for our 

subsequent ecDNA research. 

 

 Standard DNA sequencing data only measures small fragments of the genome at once, 

and due to the complex, rearranged nature of ecDNA - it is often ambiguous as to what the 

true ecDNA structure is, or if we are actually seeing ecDNA at all. Very difficult ecDNA 

reconstruction cases are rather common and short DNA sequencing data alone is inadequate. 

We developed methods which use optical mapping to resolve complex rearrangements such 

as those seen in ecDNA (Chapters 1-2). A related paper published in Nature which we worked 

on with Paul Mischel’s lab utilized our method to provide a complete ecDNA reconstruction 

and was the subject of a New York Times Science article entitled “Scientists Are Just Beginning 

to Understand Mysterious DNA Circles Common in Cancer Cells”, by Carl Zimmer. 

 

 We are continuing to expand the contexts in which we study ecDNA. I also analyzed 

how virally-mediated cancers, such as cervical and oropharynx cancer, which are driven by 

human papillomavirus infection, can form human-viral hybrid ecDNA (Chapter 3). The last 

chapter of the thesis (Chapter 4) describes analysis which enables us to better understand the 

early origins of ecDNA in tumors, by studying the frequency of ecDNA in a well-characterized 

precancerous lesion called Barrett’s esophagus. There we are found that ecDNA is a very early 



 
4 

 

 

event in tumorigenesis, and that it drives the transformation from benign neoplasm to 

malignancy.  
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CHAPTER 1. AmpliconReconstructor integrates NGS and optical mapping to resolve 

the complex structures of focal amplifications 

1.1 Introduction 

 Oncogene amplification is a major driver of cancer pathogenicity (1-5). Genomic 

signatures of oncogene amplification include somatic focal copy number amplifications 

(fCNAs) of relatively short (typically < 10Mbp) genomic regions (5,6). Multiple mechanisms 

cause fCNAs including, but not limited to, extrachromosomal DNA (ecDNA) formation (5,7,8), 

chromothripsis (9), tandem duplications (10,11) and breakage-fusion-bridge (BFB) cycles (12-

14). EcDNA, in particular, enables tumors to achieve far higher oncogene genomic copy 

numbers and maintain far greater levels of intratumor genetic heterogeneity than previously 

anticipated, due to their non-chromosomal mechanism of inheritance - enabling tumors to 

evolve rapidly (5,15,16). In addition, the very high DNA template level generated by ecDNA-

based amplification, coupled to its highly accessible chromatin architecture, permits massive 

oncogene transcription (17-19). 

 

 While ecDNA elements are a common form of fCNA (5), other mechanisms can also 

result in amplification with different functional consequences (6). Accurate identification and 

reconstruction of the fCNA structure not only describes the rearranged genomic landscape, 

but also represents a first step in identifying the generative mechanism – to ultimately gain 

understanding about an fCNA’s biological consequence. Reconstruction of fCNA architecture 

involves determining the order and orientation of the genomic segments that constitute the 

amplicon. There are many methods to detect single genomic breakpoints from sequencing 

data, using a variety of different sequencing technologies (20-24). However, fewer methods 

are available to handle the more difficult problem of ordering and orienting multiple genomic 
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segments joined by breakpoints into high confidence copy number-aware scaffolds, which are 

subsequently joined to enable complete reconstructions of complex rearrangements (6,25). 

This problem represents the key algorithmic challenge addressed by our work. 

 

 A previous method for characterizing the identity of focally amplified genomic regions, 

AmpliconArchitect (AA), generates an accurate breakpoint graph from next-generation 

sequencing (NGS) data (6). The graph encodes the genomic segments involved in fCNAs, 

their copy numbers, and breakpoint edges connecting the segments. Unambiguous 

reconstruction of fCNA architecture requires extracting paths and cycles from the breakpoint 

graph, to reveal the true structure of the underlying rearranged genome. However, in practice, 

path/cycle extraction is often confounded by duplications of large genomic regions inside an 

amplicon (Fig. 1.1a), imperfections in the graph arising from errors in estimation of segment 

copy numbers, erroneous and/or missing breakpoints. 

 

 We hypothesized that an approach combining the strengths of NGS with long-range 

genome mapping data would enable larger and more unambiguous reconstructions of fCNA 

architectures. We utilized optical mapping (OM) data, which provides single-molecule 

information about the approximate locations of fluorescently-labeled sequence motifs on long 

fragments of DNA (26). Importantly, optical mapping has orthogonal sources of error to DNA 

sequencing (27,28). Primary sources of error to consider include missing OM labels, 

uncertainty about the exact location of the label on the imaged molecule, and possible 

molecular chimerism. The median molecule (map) length used in assembly across all samples 

present in this study is 244 kbp (molecule N50 340 kbp), while the median segment length in 

breakpoint graphs in this study is 100 kbp, highlighting that OM data can span multiple 

junctions in breakpoint graphs derived from focal amplifications. The integrated NGS data and 
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OM data provide an orthogonal pairing of short- and long-range information about genomic 

structural variation.  

 

 We present a computational method for reconstructing large complex fCNAs, 

AmpliconReconstructor (AR). AR takes a breakpoint graph and long-range OM data as inputs. 

We utilize Bionano (Bionano Genomics, Inc., San Diego, CA) whole-genome imaging to 

generate single-molecule optical maps, which are de novo assembled into OM contigs (contig 

N50 72.8 Mbp). AR produces an ordering and orientation of graph segments, with fine-

structure information from the breakpoint graph embedded into the large-scale reconstructions. 

As output, AR reports large-scale reconstructions of fCNA amplicons. We demonstrate the 

large-scale and fine-scale accuracy of AR using simulated OM data derived from seven cancer 

cell lines (6,21) (CAKI-2, GBM39, NCI-H460, HCC827, HK301, K562, T47D). Finally, we 

validate the fCNA reconstructions using cytogenetics.   

 

1.2 AmpliconReconstructor (AR) Results 

1.2.1 Overview of AmpliconReconstructor (AR) 

 We formulated the problem of fCNA reconstruction in multiple parts. First, alignment of 

genomic segments with optical map contigs. Second, the reconstruction of a genomic scaffold 

using OM data as a backbone. Third, the identification of the maximal simple paths in a graph 

where each node is an OM scaffold, for which the path is not a sub-sequence of another 

maximal simple path. AR separates these computational tasks into four primary modules (Fig. 

1.2a,b). To address the first problem, we designed an OM alignment module, SegAligner, for 

aligning reference segments to assembled OM contigs generated by either the Bionano Irys 

or Bionano Saphyr instruments (Fig. 1.1b,c). SegAligner is critical as it can score placements 

of short genomic segments onto an OM contig, which wasn’t possible with other aligners. To 
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address the second problem, we introduce two modules. First, a scaffolding module, which 

takes a collection of breakpoint graph segments aligned to OM contigs as input and creates 

scaffolds represented by directed acyclic graphs (DAGs) (Fig. 1.2c-e, Methods – 

“Reconstructing amplicon paths with AmpliconReconstructor”). The second module for 

scaffolding with AR involves a novel scaffold-path imputation technique (Fig. 1.2f-h, Methods 

– “Imputing paths in the scaffold with AmpliconReconstructor”) to connect breakpoint graph 

segments that may individually be too small to be informatively labeled and aligned with optical 

mapping (Fig. 1.2f). We address the final problem with a pathfinding module, which links 

scaffolds and searches for paths in a copy number (CN)-aware manner, to identify possible 

reconstructions of the amplicon. AR outputs a collection of sequence resolved paths supported 

by the linked scaffolds. We implemented a visualization utility, CycleViz, to show the integrated 

OM- and NGS-derived breakpoint graph data (Fig. 1.3). AmpliconReconstructor is 

implemented in Python, and SegAligner is implemented in C++. Both tools are available 

publicly at https://github.com/jluebeck/AmpliconReconstructor.  

 

1.2.2 AR accurately reconstructs simulated amplicons 

 We utilized multiple simulation strategies to measure the performance of AR (Fig. 1.4). 

We used 85 non-trivial breakpoint graph paths reported by AmpliconArchitect from 25 cancer 

cell lines (6) as a ground-truth set of amplicon structures, and a separate simulation of 20 de 

novo simulated circular ecDNA structures. We first present the results of the 85 breakpoint 

graph paths. These paths included cyclic (37 paths) and non-cyclic paths (48 paths) with 

lengths varying from 260 kbp to 2.8 Mbp (median 1.1 Mbp) and the number of graph segments 

varying from 3 to 47 (mean 17.5 segments). These paths were used as a reference from which 

we simulated OM molecules. (Methods – “Simulation of amplicons to measure AR 
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performance”). Simulated molecules were assembled into contigs using the Bionano 

Assembler (29,30).  

 

 For each of the 85 simulated amplicons, we ran AR on the corresponding breakpoint 

graph and the de novo assembled contigs, and examined four different variables that could 

affect the performance of AR. First, we tested AR performance using SegAligner for OM 

alignment, versus AR using other OM alignment tools to replace SegAligner. Second, we 

evaluated the performance of AR across a range of amplicon copy numbers. Third, we 

measured performance with false edges present in the breakpoint graph. Finally, we generated 

and tested mixtures of three similar amplicons from the same samples, simulated with different 

amplicon copy numbers, to measure the effects of potential amplicon heterogeneity on AR 

performance. 

 

 We measured the accuracy of AR by computing precision and recall across the four 

simulation conditions. As precision and recall could be quantified in multiple ways when 

comparing ground-truth and reconstructed simulation paths, leading to different 

understandings of performance, we described three ways of measuring the similarity of the 

paths (Length (bp), Nseg, Breakpoint; Methods – “Measuring AR simulation performance”), 

based on the longest common substring (LCS) between ground-truth and reconstructed path 

sequences. We report the Length (bp) measurement in the analysis described here, while 

results with other measurements are presented Figure 1.5.  

 

 AR using SegAligner achieved a mean F1 score (harmonic mean of the precision and 

recall) of 0.88 for the highest copy number level (CN 20) and 0.68 for the lowest copy number 

level (CN 2) (Fig. 1.2i, Fig. 1.5). In contrast, when OMBlast (31) or Bionano RefAligner (29,32) 
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were used in place of SegAligner, we noticed a decrease in both precision and recall. For 

RefAligner and OMBlast, respectively, we report mean F1 scores of 0.52, 0.43 for CN 20, and 

0.42, 0.41 for CN 2. When imputation was omitted from AR, the mean F1 score for CN 20 

decreased from 0.88 to 0.70. We observed similarly consistent trends using other methods of 

measuring precision and recall – Nseg and Breakpoint (Fig. 1.5). Large duplications inside a 

rearranged amplicon represent a challenging case to reconstruct. We identified 60 duplications 

of one or more graph segments (mean length 281 kbp) in the simulated amplicons, and we 

report that AR resolved 75% (45) of these duplications. We saw some cases of ‘assembly 

failure,’ where no paths differing from the reference genome involving the amplicon segments 

were assembled. Figure 1.2i shows cumulative precision and recall values for AR using 

SegAligner (with and without imputation), and with assembly failures filtered. 

 

 To understand the reasons for loss of performance on a small number of simulation 

cases, we examined the results from the CN 20 simulation where individual reconstructions 

showed either precision or recall < 0.6. We manually examined the results from the 85 total 

cases and found that of 13 amplicons with precision below this threshold, nine cases showed 

signs of assembly failure, while three had incorrect reconstructions likely on account of graph 

complexity. The remaining case showed an issue with incorrect scaffold linking. Of 14 

amplicons having recall below the threshold, nine cases showed signs of assembly failure, 

while five had highly segmented breakpoint graphs making it difficult for AR to identify 

anchoring alignments around the breakpoints, leading to an incomplete reconstruction. 

 

 False edges in the breakpoint graph increase the possible number of path imputations 

that AR considers, potentially leading to erroneous scaffolds. On simulated CN 20 amplicons, 

we added additional false edges between existing graph segments. We tested three scenarios 
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with the proportion of additional false edges ranging from 0%, 50% and 100% of the number 

of true graph edges. The three scenarios resulted in nearly identical mean F1 scores of 0.881, 

0.880, 0.881 across the 85 amplicon simulations (Fig. 1.6a), highlighting the robustness of the 

path imputation method. 

 

 To understand how AR performed when faced with amplicon heterogeneity, we 

designed a simulation study involving 123 combinations of breakpoint graph paths where each 

combination was derived from paths found in a single sample, generated at varying copy 

number mixtures. We simulated amplicons from heterogeneous mixtures with (1) a single 

dominant amplicon (CNs 20-2-2); (2) a linear mixture of CNs (CNs 20-15-10); (3) equally 

abundant amplicons (CNs 20-20-20). We report mean F1 scores of 0.92, 0.89, and 0.91, 

respectively for the three cases. To explain the increase in performance of the mixture 

simulations as compared to the single amplicon simulations, we hypothesize that the greater 

total number of molecules improved the assembly process. Regardless, the high similarity 

between the precision and recall in each mixture case (Fig. 1.6b) indicates AR can reconstruct 

an accurate amplicon path even in the context of heterogeneity.  

 

 Lastly, we designed a simulation strategy not reliant on prior AA-generated paths. 

Instead, we generated 20 de novo simulated rearranged circular amplicons (median size 2.0 

Mbp, mean segments 9.3) and replaced the hg19 reference used to generate background 

molecules with a simulated tumor genome generated with SCNVSim (33). AR’s performance 

on these cases achieved a mean F1 score of 0.860 (0.731 when assembly failures included). 

The distributions of F1 scores for the 20 de novo cases and the 85 AA-derived cases were not 

statistically different between the 85 AA-derived amplicons and the 20 de novo simulated 

amplicons (two-tailed Mann-Whitney U-test, p-value = 0.1996, test statistic = 631.0). Based on 
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these results, we found AR to be robust, and to outperform other methods for resolving fCNA 

architecture. 

 

1.2.3 AR reconstructs ecDNA in multiple forms 

 Three cell lines in our study were previously reported to contain ecDNA (5) - GBM39, 

NCI-H460, and HK301. We previously analyzed (17) glioblastoma multiforme (GBM) cell line 

GBM39 using a preliminary version of AR with Bionano RefAligner (29,32) and manual merging 

of graph segments. Re-analysis reproduced an unambiguous 1.26 Mbp EGFRvIII-containing 

circular ecDNA identical to the previously published structure (17) (Fig. 1.7). The entire 

amplicon was captured by a single non-circular OM contig, with circularity confirmed by an 

overlapping breakpoint graph segment aligned to both ends of the contig. 

 

 Prior studies of ecDNA have documented their integration into chromosomes over time, 

linearizing and appearing as homogeneously staining regions (HSRs), often in non-native 

locations (5,7,15). In a previous study (5), The GBM cell line HK301 had been cytogenetically 

determined to have circular ecDNA; however, we observed from FISH (fluorescence in situ 

hybridization) data that the sample’s ecDNA had become HSR-like at the time of this study 

(Fig. 1.8a). AA reported a breakpoint graph supporting amplification of both EGFRvIII and 

EGFR wild-type (Fig. 1.8c), however an unambiguous reconstruction from the graph alone was 

not possible. The AR reconstruction of the HK301 fCNA indicated a complex cyclic structure 

supported by three contigs (Fig. 1.8d), which explained 98.1% of the amplified genomic 

regions. The graph segments came predominantly from chr7, but also included two small 

regions (2890 bp, 4591 bp) from chr6 (Fig. 1.8c,d).  We noted a ~20 kbp deletion inside EGFR, 

showing a lower CN than the surrounding region, but which was still amplified over the baseline 

regions of chr7. This indicates heterogeneity of EGFR wild-type/vIII mutation status. Despite 
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the heterogenous status of this allele, AR reconstructed the EGFRvIII version – which is the 

dominant form of the amplicon (Fig. 1.8d).  

 

 The lung cancer cell line NCI-H460 has previously been documented to bear MYC 

amplification (34), and our cytogenetic analysis showed evidence for both its HSR-like and 

ecDNA amplification (Fig. 1.8e,f). Despite the heterogeneous nature of the amplicon’s 

integration status, AA generated a breakpoint graph for a contiguous 2.15 Mbp region of chr8 

(Fig. 1.8g). AR reconstructed a single 4.10 Mbp structure supported by five OM contigs (Fig. 

1.8h). This structure contained all amplified segments from the breakpoint graph and explained 

the relative ratios of breakpoint graph segment copy numbers. For example, segment 

chr8:129,404,278-129,591,422 appeared 4 times, chr8:128,690,200-129,404,277 (carrying 

MYC & PVT1) appeared twice, chr8:129,591,423-129,911,811 appeared twice, and 

chr8:129,911,812-130,640,594 appeared once, making the ratios consistent with the 

estimated graph segment copy numbers (46, 25, 25, 12, respectively; Fig. 1.8g). The status of 

the long non-coding RNA PVT1 (a known regulator of MYC) (35) on this amplicon is 

heterogeneous, as one copy of PVT1 does not contain breakpoints, while the other shows a 

disrupted copy of PVT1. AR also identified a self-inversion at the end of the amplicon (black 

arrows in Fig. 1.8h), suggestive of an alternating forward-backward orientation (segmental 

tandem aggregation with inversion) of the amplicon in the agglomerated ecDNA.  

 

 We previously documented a circular amplicon containing an integrated human 

papillomavirus-16 (HPV16) genome (6), and we hypothesized that AR could help resolve the 

location of viral insertion in the host genome. We simulated a 1 Mbp circular amplicon with the 

7.9 kbp HPV16 genome randomly inserted. AR was able to reconstruct the circular ecDNA 

structure and identified the integration point of HPV16 (Fig. 1.9) despite the viral genome 
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having no OM labeling sites, suggesting that AR would serve as useful method for validating 

the existence of genomic oncovirus integrations suggested by NGS data. 

 

 In summary, AR reconstructed paths that were consistent with the expected ratios 

between amplified segment copy numbers and graph structures in GBM39, HK301, and NCI-

H460, explaining 99.9%, 98.1%, and 100% of the amplified genomic content in the breakpoint 

graphs for each cell line, respectively. Furthermore, the AR reconstructions of ecDNA in HSR-

like form lend additional evidence to the agglomerative model of ecDNA integration (Fig. 1.8b) 

(8,36,37). 

 

1.2.4 AR reconstructs a rearranged Philadelphia chromosome in K562 

 The classical model of the BCR-ABL1 fusion involves a reciprocal translocation of the 

q arms of chromosomes 9 and 22 (Philadelphia chromosome) (38). However, this mechanism 

alone does not explain the copy number amplification of BCR-ABL1 fusion commonly observed 

in chronic myeloid leukemia (CML), highlighting a need for methods to better understand the 

genesis of the BCR-ABL1 amplification (39,40). To reconstruct the fine structure of a 

Philadelphia chromosome, we used the CML cell line K562 where a BCR-ABL1 fusion had 

previously been reported (41).  

 

 The AA-reconstructed breakpoint graph for the BCR-ABL1 fCNA in K562 contains 8.5 

Mbp of amplified genomic segments (Fig. 1.10a). The graph shows signatures of complex 

rearrangements alongside the BCR-ABL1 fusion, which AA predicted to have a copy number 

of 17 (Fig. 1.10a). We generated both Bionano Irys and Bionano Saphyr OM data for K562 

cells and observed consistent results in the independent reconstructions of amplicons from 

both sources (Fig. 1.11a,b). Using the breakpoint graph and OM contigs, AR reconstructed a 
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complex linear structure that chained together 1.7 Mbp from chr22 (containing BCR), 548 kbp 

of chr9 (containing ABL1), and multiple regions from chr13 (732 kbp; including a disrupted 

copy of GPC5) (Fig. 1.10b). In Figure 1.10b, we show one possible scaffolding of the given 

regions, whose structure was reproduced in both Saphyr and Irys datasets. AR also reported 

junctions between segments in the breakpoint graph where NGS-derived breakpoint edges 

were not reported, as indicated by the missing half-height grey bars between adjacent genomic 

segments in the genome tracks of Figure 1.10b. While AR explains many of the amplified 

segments in this amplicon, we note that there is additional copy number variation in this 

amplicon it does not explain. For instance, the BCR and ABL-containing segments have an 

elevated CN over the segments on chr13. 

 

 We performed FISH experiments using combinations of probes for BCR, ABL1, GPC5, 

and chr22 centromere probe CEP22. The FISH images confirmed the co-localization of the 

BCR-ABL1 fusion and GPC5 on a common HSR-like structure (Fig. 1.10c) and validated the 

status of the BCR-ABL1 fusion as being located on chr22 (Fig. 1.12).  

 

 In addition to the reconstruction reported in Figure 1.10b, AR identified other scaffolds, 

indicating that the genomic structure surrounding the BCR-ABL1 translocation may be varied 

across the multiple copies (Fig. 1.11c,d; Fig. 1.13a-f). In particular, the genomic segment 

bearing CLTCL1 appears in both forward and reverse directions (Fig. 1.13b,c). Other amplified 

regions of chr13 include a self-inversion at the 3’ end of GPC5 (Fig. 1.11c,d, Supplementary 

Fig. 1.13e). A scaffold from the Irys-based reconstruction indicated a secondary reconstruction 

could be joined with the BCR-ABL1 reconstruction (Fig. 1.11d; overlap of segment 20). From 

the AR reconstructions of the BCR-ABL1 amplicon and the co-existence of BCR, ABL1 and 

GPC5 in overlapping locations, as shown by FISH (Fig. 1.10c ‘Zoom’), AR enabled us to 
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hypothesize a potential sequence of events by which the fCNA formed. The AR reconstructions 

support the formation of the BCR-ABL1 translocation (Fig. 1.13g;i-ii) followed by incorporation 

of chr13 regions (Fig. 1.13g;iii-iv), which subsequently undergo rearrangement (Fig. 1.13g;v), 

and ultimately a series of inverted repeats, possibly mediated through dicentrism (Fig. 

1.13g;vi). These results are consistent with previous reports using cytogenetic approaches to 

observe the presence of additional chromosomal segments besides chr9 and chr22 involved 

in the Philadelphia chromosome (30,31). 

 

1.2.5 AR enabled the reconstruction of a breakage-fusion-bridge 

 The BFB mechanism of genomic amplification involves the loss of telomeres and 

subsequent fusion of two sister chromatids (12,13). In subsequent cellular division, the 

asymmetric breaking of the fused chromosome structure results in one daughter cell acquiring 

additional pieces of the previously fused chromosome. The structure of various BFBs have 

been analyzed using cytogenetic techniques (14) and by computational models that predict 

BFB presence from copy number counts (42,43). Both methods are imprecise, to a degree, 

and may fail to capture the fine structure of the BFB or handle imprecise copy number counts 

and/or additional structural variants (SVs) inside the BFB. We deployed AR on the HCC827 

lung cancer cell line where AA and cytogenetics suggested a chr7 BFB, though an 

unambiguous structure was not identifiable (5,6). 

 

 We observed a banded pattern of EGFR and CEP7 (a chr7 centromeric D7Z1 repeat) 

in a DNA FISH experiment on HCC827 cells, suggestive of a BFB mechanism (Fig. 1.14a). AA 

generated a breakpoint graph of a 4.2 Mbp amplified region of chr7 containing EGFR (Fig. 

1.14b). The amplified BFB segments in the AA output ranged in size from 217 kbp to 1176 

kbp. AR enabled the reconstruction of 16 unique OM scaffolds which, when combined, enabled 
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the reconstruction of the BFB structure (Fig. 1.14c,d). The five most informative single scaffolds 

ranged in size from 750 kbp to 2.3 Mbp, containing multiple junctions which validate the order 

and orientation of the BFB breakpoint graph segments, resulting in a 9.4 Mbp amplicon, 

hereafter referred to as a BFB repeat unit. The BFB repeat unit was amplified across the 

chromosome (Fig. 1.14a, e-f). AR also revealed a region outside the AA amplicon, near the 

centromere of chr7, which explained the observed EGFR and CEP7 repeat (F). In segment B, 

we observed a 600 bp deletion across the entire BFB repeat unit and an 11 kbp inversion. The 

latter is labeled throughout Figure 1.14 with a black asterisk and only appears when segment 

B is duplicated and inverted, suggesting that the SV arose midway through the formation of 

the BFB. While some BFBs may result in double-minute amplicons (7), AR suggested, and 

FISH analysis confirmed that the HCC827 BFB does not contain a circular extrachromosomal 

version of the BFB cycle. 

 

 When the AR scaffolds were combined with the copy number data present in the 

breakpoint graph, we could manually identify a complete BFB structure consistent with the 

theoretical model of BFB formation (44). A putative sequence of BFB cycles and additional 

structural variation results in the final BFB structure is shown in Fig. 1.14f (also Fig. 1.15a,b). 

Without AR, the copy number information and the theoretical model together could not have 

reconstructed this BFB, as it contains heterogeneous interior structural variants. We further 

validated the BFB patterning in HCC827 cells with multi-FISH for segments A, C, and D from 

the BFB, using FISH (Fig.1.14e, Fig. 1.15c). Together, these results show the ability of AR to 

enable the resolution of a BFB-driven fCNA, even in the presence of additional structural 

heterogeneity. 
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 In addition to the EGFR-bearing amplicon, AA detected five other amplicons containing 

MYC and NCOA2, among other oncogenes. The graphs were complex (Fig. 1.16a) and in 

many cases AA did not identify discordant edges between distinctly amplified regions. Given 

the dearth of breakpoint edges, we combined the amplicon breakpoint graphs for all six 

HCC827 amplicons and ran AR on the combined graph, containing 555 segments. AR 

identified 206 contigs having alignments to one or more graph segments. AR reconstructed 

multiple possible scaffolds and captured overlapping subsets of amplicon regions from 

different graphs, suggestive of possible amplicon heterogeneity. One scaffold showed NCOA2 

located on a native region of chr8, while another showed NCOA2 joined to MYC through a 

segment of chr21 (Supplementary Fig. 12b,c). 

 

1.2.6 Additional focal amplifications reconstructed by AR 

 In breast cancer cell line T47D, where the AA breakpoint graph suggested amplification 

of a 634 kbp region, AR reconstructed a 430 kbp segmental tandem duplication, containing 

oncogene GSE1 (Fig. 1.17a,b). This highlighted the ability of AR to also reconstruct classes of 

ultra-large, albeit less-complex SVs.  

 

 In renal cancer cell line, CAKI-2, AA generated a breakpoint graph spanning 12.0 Mbp, 

joining regions from chr3 and chr12 (Fig. 1.17c,d). Despite the lower overall copy number of 

this amplicon (~5), AR still reconstructed a 13.1 Mbp amplicon explaining 99.9% of the 

amplified genomic content in the AA-detected fCNA. Both amplicons for CAKI-2 and T47D 

appear to be intrachromosomal events given the AR results. 

 

 Across the focal amplifications we studied in seven cancer cell lines, we report 64 

individual amplified breakpoints detected by both AA and validated by AR. Taken together, our 
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data demonstrate the power of AR to combine NGS and OM data to elucidate a variety of 

complex fCNAs commonly found in cancer - enabling a deeper understanding of the 

fundamental mechanisms that give rise to fCNAs and promote cancer pathogenesis.  

 

1.2.7 Integration points of focal amplifications 

 Low frequency breakpoint edges, such as the ones indicating integration points may 

not appear in the NGS breakpoint graph and may not be seen in assembled OM contigs. Using 

alignments of single-molecule optical maps, generated by the Bionano RefAligner molecule 

alignment pipeline, we gathered molecules with split alignments joining a partial alignment 

inside the amplicon region with a partial alignment outside the amplicon region. For H460, 

K562, CAKI-2, HCC827 and T47D, OM coverage was deep (> 100) allowing us to cluster split 

alignments into OM-derived breakpoint clusters suggestive of low-frequency integration points. 

Requiring that each breakpoint cluster have 10 or more molecules suggesting the same 

junction (within 25 kbp on either side), we identified four integration point candidates (Table 

1.1). 

 

 Visualized with MapOptics (45), H460 showed a single integration point between 

amplicon region chr8:129410000 and non-amplicon region chr12:7660000 (Fig. 1.18a). K562 

showed two integration points. The first joined amplicon region chr13:81120000 and non-

amplicon region chr1:142890000 (Fig. 1.18b). The second joined amplicon region 

chr13:93260000 and non-amplicon region chr1:142890000 (Fig. 1.18c). The proximity of these 

two integration points suggests a left and right boundary for the integration of the K562 BCR-

ABL1 amplicon. CAKI-2 showed one integration point joining amplicon region chr12:88300000 

and non-amplicon region chr6:168380000 (Fig. 1.18d). 
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 HCC827 and T47D did not show any such integration points with 10+ molecules of 

support, which is consistent with the finding that these were chromosomally derived focal 

amplifications (BFB and segmental tandem duplication respectively). 

 

1.2.8 AR provides a reconstruction improvement over AA 

 AA can identify some putative paths and cycles in the breakpoint graph only using NGS 

data. We demonstrated that for complex amplicons, AR provides an improvement to the 

fraction of the amplified genomic segments in the heaviest reconstruction path or cycle 

compared to the heaviest path or cycle generated by AA (Fig. 1.19a). OM data may suggest 

additional amplicon junctions not observed in NGS. The segment junctions observed in the AR 

output was equal to (GBM39, T47D) or larger than (CAKI-2, H460, HCC827, HK301 and K562) 

the number of junctions suggested by the AA breakpoint graph alone (Fig. 1.19b). 

 

 Dixon et al. (21) used an integrative approach to detect structural variation and 

associated breakpoints using a combination of NGS, OM data and other sequencing 

modalities. We identified four cell lines shared between our studies for which Dixon et al. 

reported breakpoints identified by their integrative approach. We observed that in regions 

analyzed by AR, more breakpoints were detected with AR than with the integrative approach, 

though there were some breakpoints indicated by Dixon et al. which were not observed by AR 

(Fig. 1.19c). In those cases, the majority of breakpoints not observed by AR joined amplicon 

regions to regions outside the amplicon (CAKI-2: 2 of 3 non-AR breakpoints, H460: 1 of 1 non-

AR breakpoints, K562: 11 of 16 non-AR breakpoints). In H460, the one breakpoint not 

observed by AR was the integration point we later detected, suggesting that these are lower 

frequency breakpoints perhaps related to integration. 
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1.3 Discussion 

 Revealing the architecture of fCNAs, particularly at a large scale, is critical to 

understanding the functional consequences. For instance, rearrangements present in fCNAs 

frequently increase oncogene copy number (46), disrupt gene structure (47), and lead to 

dysregulation of chromatin (17-19). Accurate reconstruction of fCNA architecture can provide 

insights into the mechanisms of formation, leading to an improved understanding of the 

biological consequences of fCNA that would not be available solely from methods 

characterizing individual breakpoints. AR does not yet automatically produce a prediction of 

the biological mechanism of amplification. Thus, the AR reconstructions still require some 

manual interpretation based on the visualized results.               

 

 While previous methods have characterized complex structural variation using both OM 

and NGS data (21,48), these methods have typically focused on individual variants and 

breakpoints42. OM tends to detect larger SVs than NGS alone and is less affected by mapping 

issues on low complexity breakpoints (21,24). We have demonstrated that NGS data, when 

incorporated with OM can be used to resolve fine-mapped breakpoints suggested by OM. 

Indeed, some of the individual junctions reported by AR in these cell lines were already known 

(21) (Fig. 1.19c). However, AR represents a robust, comprehensive algorithmic approach to 

reconstructing the fine-scale and large-scale structure of an fCNA through the propagation of 

NGS-derived breakpoint information into larger scaffolds. 

 

 Many variables affect the ability to resolve fCNA. Importantly, the complexity and 

structure of the fCNA, as well as the length of the reads or genome maps. Further 

compounding the difficulty of fCNA reconstruction, we note that different sequencing modalities 

do not overlap perfectly in the breakpoints they detect (21,24). Based on our findings, we 
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suggest the resolution of chained breakpoints should be spanned by long-range sequencing 

data with length sufficient to anchor the chain on both ends. We attribute much of the success 

of AR for resolving fCNAs to the long molecule length (244 kbp median) in comparison with 

the length of amplified genomic segments in the breakpoint graph (100 kbp median). 

 

 The paths reconstructed by AR represent possible reconstructions of an fCNA and may 

contain multiple similar explanations for the fCNA architecture. This may be in part due to 

amplicon heterogeneity, limitations of the optical map assembly process, or errors in linking 

scaffolds across overlapping graph segments. Despite the integrative nature of AR’s inputs, 

breakpoints may still be missed in the amplicon. One traditionally difficult case to reconstruct 

involves nested duplication of genomic segments inside an amplicon. Unless a significant 

fraction of reads or genomic maps have a length greater than the duplicated element, the 

duplication status may not always be accurately resolved, leading to ambiguity. Multiple 

tandem duplications can also give rise to a cyclic breakpoint graph structure. However, in that 

case the same breakpoint would be reused repeatedly, and evidence points against that 

possibility (5,6,46). Instead, ecDNA-derived mechanisms provide a simpler and arguably more 

correct interpretation of cyclic graph structures, as validated by cytogenetics and comparison 

to Circle-seq experiments (46,47).  

 

 Genomic structural heterogeneity is problematic for any genome reconstruction, 

including focal amplifications. Despite the change in topology between linear HSR-like and 

circular ecDNA fCNAs, the breakpoint graphs between both circular and linear forms of the 

same samples are highly similar (6), suggesting ecDNA genomic structure is often not altered 

during reintegration. While we analyzed data from cancer cell lines, sequencing data collected 

from patients may introduce more sources of complex genomic structural heterogeneity. 
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Assembled OM contigs may fail to capture rare instances of structural heterogeneity in the 

genome. However, previous results suggest that focal amplifications conferring a fitness 

advantage to cancer cells are clonally amplified (5,49), allowing for accurate reconstruction of 

the dominant structure.  

 

 AR produced a high-confidence reconstruction of the K562 BCR-ABL1 focal 

amplification yet copy number variance in this amplicon not explained by AR may be due to 

structural heterogeneity across the many copies of the amplicon. Additional copy number 

changes in K562 near BCR and ABL1 which are not directly explained by the amplicon through 

edges identified by NGS reveal limitations to our current method, or possible inaccuracies. 

Such cases may indicate additional amplicon segments outside the regions reconstructed by 

AR, suggesting that the true amplicon structure may extend beyond the regions we have 

captured. Despite the presence of the AR-supported and FISH-validated HSR-like status of 

the BCR-ABL1 translocation in K562, there does not exist a completely validated model that 

explains the increased copy number of BCR-ABL1 in one single location. We cannot rule out 

the possibility that the BCR-ABL1 amplification in K562 is mediated through an ecDNA stage 

(50), given the transient nature of the emergence and retreat of ecDNA (15) and the highly 

rearranged genomic landscape surrounding BCR-ABL1. 

 

 We have not yet adapted AR to accept data generated by other long-range sequencing 

modalities, breakpoint graphs generated by other tools or to accept breakpoint graphs derived 

from non-amplified rearrangements. Recent advances in other long-range sequencing 

technologies (51) highlight the need to adapt the AR algorithm. With modified protocols, 

nanopore reads may routinely surpass 150 kbp in length - sufficient to frequently chain multiple 

breakpoints in fCNA. We plan to address this in future methods development. Other 
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sequencing modalities involving NGS with modified sample preparation, such techniques 

based on Hi-C and linked reads, have shown the ability to reveal additional genomic 

breakpoints without an additional sequencing instrument (21,24). While de novo breakpoint 

graph construction is not a part of the AR algorithm, we acknowledge that such techniques 

would be valuable to adapt for breakpoint graph generation. 

 

 Methods to accurately characterize fCNAs will enable better classifications of cancer 

subtypes and their associated prognoses. The accurate, multi-megabase scale, complex 

fCNAs reconstructed by AR not only describe fine structural features of fCNA architecture, but 

also reveal mechanistic signatures of fCNA formation, allowing for future interrogation of the 

relationship between fCNA architecture and the biological consequences of their structure. 

 

1.4 Methods 

1.4.1 Cell culture 

 NCI-H460, K562, and HCC827 cells were obtained from ATCC and cultured in RPMI-

1640 media supplemented with 10% FBS. HK301 cells were cultured as neural spheres in 

DMEM/F12 media supplemented with B27, EGF (20 ng/ml), FGF (20 ng/ml), and heparin (1 

ug/ml). All cells were incubated under standard conditions. 

 

1.4.2 Metaphase chromosome spreads 

 Metaphase cells were enriched by treating cells with Karyomax (Gibco) at a final 

concentration of 0.1µg ml-1. Cells were collected, washed in PBS, and resuspended in 75mM 

KCl for approximately 15 minutes at 37°C. Cells were fixed by addition of an equal volume of 

Carnoy’s fixative (3:1 methanol:glacial acetic acid). Cells were washed three additional times 

in Carnoy’s fixative and dropped onto humidified glass slides. 
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1.4.3 FISH 

 Metaphase spreads were equilibrated in 2x SSC (30mM sodium citrate, 300mM NaCl, 

pH 7) for approximately 5 minutes. They were dehydrated using successive washes of 75%, 

85%, and 100% ethanol for two minutes each and allowed to dry. FISH probes were diluted in 

hybridization buffer (Empire Genomics) and added to metaphase spreads on slides, along with 

22mm2 coverslips. Samples were denatured at 70-75°C for 30 seconds – 2 minutes. Probe 

hybridization was performed at 37°C for around 3 hours or overnight in a humid and dark 

chamber. Samples were washed successively in 0.4x SSC and 2x SSC with 0.1% Tween-20. 

Samples were incubated with DAPI (0.1µg ml-1 in 2x SSC) for 10 minutes, then washed with 

2x SSC and briefly rinsed with H2O. Samples were mounted with Prolong Gold, #1.5 coverslips, 

and sealed with nail polish. All FISH experiments involved the analysis of at least three 

independent images and representative results are shown in the figures present in the study. 

 

1.4.4 Microscopy 

 Confocal microscopy was performed on a Leica SP8 Confocal microscope with white 

light laser and Lightning deconvolution. Fluorescent microscope images were acquired using 

an Olympus BX43 microscope with a QiClick cooled camera. Images were subsequently 

analyzed in ImageJ (52) (using the Bio-Formats plugin (53)), to perform cropping, add scale 

bars and perform global adjustments to image brightness. 

 

1.4.5 Acquisition of WGS data 

 We previously published (5,6) WGS data on SRA for six of the seven cancer cell lines 

(GBM39, NCI-H460, HCC827, HK301, K562, T47D) analyzed here. For CAKI-2, we used WGS 

data published by the Cancer Cell Line Encyclopedia on SRA. 
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1.4.6 Breakpoint graph generation 

 WGS data was aligned to hg19 with BWA-MEM (54) (version 0.7.17-r1188, default 

parameters), sorted and PCR-duplicate filtered with SAMtools (version 0.1.19-96b5f2294a) 

(55), and the resulting alignments along with SNV calls produced by Freebayes (56) (version 

v1.3.1-17-gaa2ace8) were supplied as input to the Canvas (57) CNV caller (version 

1.39.0.1598). The alignments and CNV seeds were filtered using AmpliconArchitect's 

amplified_intervals.py module. Seeds exceeding 40 kbp with copy number 5 were 

subsequently analyzed with AmpliconArchitect. AmpliconArchitect outputs a breakpoint graph 

encoding segmented CN calls and the discordant reads connecting the segments. We note 

that in most cases identical amplicon regions are identified when CNV caller ReadDepth (58) 

is used for seeding instead. 

 

 We standardized the breakpoint graph generation process into a workflow called 

PrepareAA, available on GitHub: https://github.com/jluebeck/PrepareAA. We used the default 

parameters specified by PrepareAA in this analysis. To produce in silico digestions of 

breakpoint graph segments into reference optical maps, we used the generate_cmap.py utility 

in AmpliconReconstructor. This method for in silico digestion can produce labeling patterns for 

the Bionano Saphyr DLE-1 labeling pattern, while many previous methods for in silico digestion 

do not. 

 

1.4.7 OM data generation 

 High molecular weight (HMW) DNA was extracted from GBM39, HCC827, HK301, and 

K562 cells using the Bionano Prep Blood and Cell Culture DNA Isolation Kit (Bionano 

Genomics #80004), with minor modifications to recover good quality HMW gDNA. As detailed 
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below, the Nick, Label, Repair, and Stain (NLRS) and Direct Label and Stain (DLS) reactions 

were carried out for the Bionano Irys and Saphyr platforms, respectively. To generate the Irys 

data, DNA was nicked using Nt.BspQI nicking endonuclease (NEB), followed by labeling, 

repairing, and staining, using the Bionano Prep NLRS DNA Labeling Kit (Bionano Genomics 

#80001) along with recommended NEB reagents. To generate the Saphyr data, DNA was 

labeled with DLE-1 enzyme, followed by proteinase digestion and a membrane clean-up step, 

using the Bionano Prep DLS DNA Labeling Kit (#80005). BspQI-labeled DNA was loaded onto 

the Irys Chip (Bionano Genomics #20249) and the run conditions were manually optimized on 

the Irys system (Bionano Genomics #30047) to ensure efficient DNA loading into the 

nanochannels. DLS-labeled DNA was loaded onto a Saphyr Chip (Bionano Genomics 

#20319), and run conditions were automatically optimized on the Saphyr system (Bionano 

Genomics #60239) using the Saphyr Instrument Control Software to maximize DNA loading. 

Raw images generated by Irys were processed into BNX files using the Bionano software 

AutoDetect (26). Images from the Saphyr system were processed into digital BNX files via the 

Saphyr Instrument Control Software. For Irys data, molecules ≥150 kilobase pairs (kbp) were 

assembled into consensus genome maps using the Bionano Assembler (29,30) (version 

5122), using default parameters; for Saphyr data, molecules ≥150 kbp were assembled into 

maps using Bionano Access (version 1.2.1) (29). Bionano Genomics separately provided 

Saphyr OM data for cell lines K562, T47D, NCI-H460, and CAKI-2. The methods by which OM 

data was generated for those four cell lines were previously published (21). All Bionano 

software utilized alongside this study is available from the Bionano Genomics, Inc. website 

(https://bionanogenomics.com/support/software-downloads/) under the Bionano Genomics, 

Inc. software license (https://bionanogenomics.com/company/legal-notices/). 
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1.4.8 Identifying unaligned amplicon contig regions with AmpliconReconstructor 

 AmpliconReconstructor coordinates the alignment of in-silico digested breakpoint 

graph segments to optical map contigs using SegAligner. Alternately, AR can take as input 

XMAP-formatted alignments produced by other alignment tools. If OM contigs with alignments 

to graph segments contain unaligned regions with between 20 and 500 unmatched labels, and 

200 kbp to 5 Mbp in length, those regions are extracted and searched against the reference 

genome. The module ARAlignDetect calls SegAligner in the detection mode, which then aligns 

the extracted unaligned region of the contig(s) to the specified reference genome. If significant 

alignments are found between unaligned regions of the contig and chromosomal segments in 

the reference, those segments are extracted, and their identity is added to the collection 

breakpoint graph segments. Finally, a new breakpoint graph is output containing the newly 

detected segments. 

 

1.4.9 Reconstructing amplicon paths with AmpliconReconstructor 

 Optical map alignments of segments with contigs are converted into a scaffold, which 

we define as a collection of alignments where the genomic distance between each pair of 

alignment endpoints is known. AR represents the scaffolded alignments as a directed acyclic 

graph (DAG), where the nodes are an abstract representation of each OM alignment. Directed 

edges connect adjacent alignment endpoints. Overlapping alignments are connected by 

special directed edges referred to as forbidden edges (Fig. 1.2h). Two nodes are only 

connected by a non-forbidden edge if the right endpoint of the source node has one or fewer 

labels of overlap with the left endpoint of the destination node. Each contig with at least one 

alignment to a graph segment will comprise an individual scaffold. 
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1.4.10 Imputing paths in the scaffold with AmpliconReconstructor 

 Some segments in the breakpoint graph may be too short to be uniquely aligned to an 

OM contig. AR attempts to impute corrected paths in the scaffold using the structure of the 

breakpoint graph. For every non-forbidden edge in the scaffold graph with a gap size less than 

400 kbp, AR identifies breakpoint graph nodes corresponding to the source and destination 

endpoints, which we will denote as s, and t. AR then uses a constrained depth-first search 

(DFS) strategy to identify paths in the breakpoint graph between s and t. Finding all possible 

paths between two nodes may produce infinitely many solutions should a cycle exist between 

the two nodes, so the recursion is constrained to terminate if certain conditions are reached. 

The constraints used in the search procedure are: 

 

1) The multiplicity of the segments in the candidate path must always remain less than or 

equal to the copy number of the segment as specified in the breakpoint graph. 

2) If a candidate path reaches the destination vertex, its length in base-pair units must not 

be more than min�25000, 10000𝐿𝐿p� shorter than the distance between the source and 

destination vertices as expected given the scaffold backbone, where Lp is the length of 

the path in number of segments. 

3) During path construction, the length of a candidate path must not exceed 

min�25000, 10000𝐿𝐿p� beyond the of the expected distance given the scaffold 

backbone.  

4) The number of valid candidate paths connecting source to destination must not exceed 

210. 

5) The path may not form a trivial cycle from ultra-short breakpoint graph segments less 

than 100 bp long. Such cycles appearing in an NGS-derived breakpoint graph we 

assumed to be erroneous or artifactual. 
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 As constraint #4 may cause failure of the DFS whereby a tractable number of paths is 

not found, AR implements a constrained BFS search as a fallback option, which is used when 

the DFS fails for that reason. By parsimony, shorter paths between two nodes are more likely 

to be correct, thus AR applies the same set of criteria for the BFS search, with the threshold in 

constraint #4 increased to 216. 

 

 All valid candidate imputation paths discovered by AR are scored by a fitting alignment 

procedure using SegAligner. To score a candidate path, the ordered path segments, as well 

as the first and last labels on the source and destination endpoints, are converted to a 

compound CMAP composed of the concatenated CMAPs of the individual segments. A fitting 

alignment is performed between the compound CMAP and the region of the contig between 

the alignment endpoints, using SegAligner. The path with the alignment score which most 

improves the junction score is kept. If no valid candidate path improves the score of the 

junction, it remains unimputed. The scaffold is then updated to contain the imputed breakpoint 

graph path. 

 

1.4.11 Identifying linked scaffold paths with AR 

 Given the collection of scaffold DAGs, AR first searches for paths in the individual 

DAGs which represent heaviest paths in the scaffold DAG, where the weight of a path is the 

sum of the lengths of its segments in base pairs. AR stores the heaviest path(s) for each 

scaffold prior to performing scaffold linking. 

 

 AR leverages the two independent sources of information encoded in the breakpoint 

graph and OM contigs to link individual scaffolds. As the breakpoint graph segments are not 

detected to contain interior breakpoints, two endpoint alignments of the same breakpoint graph 
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segment may be linked across two contigs. AR searches for prefix paths and suffix paths in 

each DAG. From the collection of prefixes and suffixes, AR searches for overlap between 

scaffolds generated from different contigs. Given that a contig can be assembled in either 

direction, overlapping reverse oriented suffixes or prefixes can also be matched. AR 

exhaustively finds sub-paths hitting either end of a scaffold DAG, which have overlap with other 

endpoint sub-paths, where the endpoint sequence of the scaffold may be assembled in either 

direction. 

 

1.4.12 Finding reconstructions in the linked scaffold graph 

 Given the graph of linked scaffolds, AR searches for paths in the graph which conform 

to the ratio of estimated copy numbers between the graph’s amplified segments. AR starts by 

searching for all paths in the graph which begin at endpoint nodes in the individual scaffolds. 

AR then uses a greedy approach to identify the longest unique paths which conform to the 

copy number restrictions. From the candidate paths, AR checks each path segment’s 

multiplicity against the copy numbers encoded in the breakpoint graph in a ratio-dependent 

manner.  

 

 AR iterates over all the segment multiplicities in the reconstructed path, and at each 

multiplicity level determines the maximum estimated genomic copy number of path segments 

with that multiplicity. If a path segment has a multiplicity that is greater than the genomic copy 

number of that segment divided by the maximum copy number of all segments with 

multiplicities less than the given segment, then the path violates the copy number ratio check. 

AR allows each segment in the reconstructed path to exceed by 1 copy the copy number 

expected given the ratio between breakpoint graph copy numbers and segment multiplicity. If 
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np is the multiplicity of segment n in the candidate path, P, and ng is the copy number of graph 

segment n in the breakpoint graph, then np must satisfy 

𝑛𝑛p ≤ max �𝑐𝑐,
𝑛𝑛g
𝑚𝑚g 

�+ 1, ∀ 𝑛𝑛 ∈ 𝑃𝑃 

where      

𝑚𝑚g = max�𝑖𝑖g,∀ 𝑖𝑖 ∈ 𝑃𝑃, 𝑖𝑖p == 𝑐𝑐� 

 𝑐𝑐 ∈  ℤ 

𝑛𝑛p > 𝑐𝑐 > 0. 

 If a candidate path passes the copy number ratio check, it undergoes a pairwise 

comparison with other paths passing this criterion, to check for path uniqueness. A path is 

unique if it does not represent a subsequence of a previously identified unique path. 

Furthermore, no rotation of the path sequence may be a subsequence of a previously identified 

unique path. AR assess subsequence paths by computing a longest common substring 

between a candidate path and a previously identified unique path (Fig. 1.20). As the paths are 

first sorted by total alignment score prior to the iterative approach, this method is a greedy 

algorithm which prioritizes long, heavy paths as being more likely to be identified as unique 

non-subsequence paths. AR categorizes paths as being cyclic if the first and last scaffold graph 

node in the path are the same, and the path length is greater than two, as this distinguishes 

cyclic paths from paths which appear cyclic such as singleton paths or paths which represent 

segmental tandem duplications. Paths reported by AR are output in the AmpliconArchitect-

cycles file format. Default parameters for AR are reported in Table 1.2. 

     

1.4.13 Simulation of amplicons to measure AR performance 

 We used OMSim (63) (version 1.0) to simulate Bionano Irys OM data from the hg19 

reference as well as from 85 non-trivial paths (i.e. not directly consistent with the reference 
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genome) in AA-generated breakpoint graphs from 25 cancer samples and 20 de novo 

simulated ecDNA structures, including both cyclic and non-cyclic breakpoint graph paths (Fig. 

4). OM molecules were simulated at 40x baseline coverage for each chromosome arm in hg19. 

The combined hg19 maps from all arms were assembled into a set of OM contigs using 

Bionano Assembler (version 5122). A similar process was performed using high-confidence 

breakpoint graph paths, which were converted to FASTA format and used for map simulation. 

For each simulated path, molecules were simulated at a range of copy numbers, and simulated 

molecules from the chromosome arm(s) (downsampled to the appropriate CN) from which the 

path segments came were combined and de novo assembled into OM contigs with Bionano 

Assembler. The resulting contigs from each amplicon simulation were combined with the 

previously simulated reference contigs and used as input to AR. For combination sets of three 

amplicons from the same sample, a similar downsampling and combination strategy was used, 

where molecules from each of the three amplicon simulations was separately downsampled 

based on the copy number settings of the mixture then combined. As heterogeneous 

combinations of amplicons may occur at different ratios, we selected three sets of copy 

numbers for this combination simulation cases: 20-20-20, 20-15-10, and 20-2-2.   

 

 In the simulation of the 20 de novo circular amplicons, a simulated tumor reference was 

generated from hg19 using SCNVSim (version 1.3.1) and simulated amplicon structures were 

generated using ecSimulator (version 1.0, https://github.com/jluebeck/ecSimulator). OM 

molecules were generated at baseline 40x coverage and amplicon copy number of 20. The 

human papillomavirus-16 integration example was performed at the same coverage and copy 

numbers as the other simulated amplicons. 
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1.4.14 Measuring AR simulation performance 

 We computed the longest common substring (LCS) between the AR paths and the 

ground-truth path and considered only the path having the LCS between AR and AA paths 

when computing precision and recall. We define the LCS here using the identities of the 

breakpoint graph segments and their orientations. We pre-filtered some possible assembly 

error reflected in the paths by removing ends of reconstructed paths which were trivial 

reconstructions of the reference genome and which were not supported by the AA path. To 

measure the accuracy of AR-reconstructed paths against the ground truth simulated paths, we 

developed a set of three measurements which were used in calculating performance and 

recall.  

 

1) Length (bp): Reports the length of a breakpoint graph path in base pair units. 

2) Nsegs: Reports the length of a breakpoint graph path in terms of the number of graph 

segments (unbiased towards genomic length) 

3) Breakpoint: Reports the length of a breakpoint graph in terms of the number of 

breakpoint graph segment junctions in the path.  

 

 We define precision and recall as follows, where M is the path measurement function 

(Length (bp), Nsegs, or Breakpoint), LCS is the longest common substring function, PAA is the 

sequence of segments in the AA path, and PAR is the sequence of segments in the 

reconstructed AR path: 

Precision:  
𝑀𝑀�LCS(𝑃𝑃AA,𝑃𝑃AR)�

𝑀𝑀(𝑃𝑃AR)  

Recall:  
𝑀𝑀�LCS(𝑃𝑃AA,𝑃𝑃AR)�

𝑀𝑀(𝑃𝑃AA)
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 To summarize the precision and recall metrics in a single value, we computed a mean 

F1 score across all the simulated amplicons for a given set of simulation conditions as  

mean F1 =  
∑ �2 precision𝑖𝑖 ∗  recall𝑖𝑖

precision𝑖𝑖 + recall𝑖𝑖
�𝑖𝑖

𝑛𝑛
 

 

1.4.15 Reconstructed path visualizations 

 We developed a visualization utility, CycleViz (https://github.com/jluebeck/CycleViz), 

which produces circular and linear visualizations of AR or AA reconstructed amplicons (Fig. 

1.3a,b), to create topologically correct visualizations of AR reconstructions. CycleViz accepts 

inputs including the path files reported by AR (in the AA-cycles format) as well as the path OM 

alignment files (optional) and produces visualizations which show the reconstructed path, in 

silico digestion of the path segments and the alignments of the digested segments with 

assembled OM contigs. For circular and linear visualizations, CycleViz places path segments 

in the visualization based on the length of the segments and their position in the path. For 

circular visualization layouts, the relative positions are converted to polar coordinates and a 

circular layout is formed. We also developed a web-based visualization utility, 

ScaffoldGraphViewer, for visualizing JSON-encoded scaffold graphs generated by AR using 

CytoscapeJS (64) (Fig. 1.3c). The ScaffoldGraphViewer web utility can be accessed at 

https://jluebeck.github.io/ScaffoldGraphViewer/.  
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1.6 Appendix 

Table 1.1: Discovered integration points and OM supports. 

Sample 
Location1 
chromosome Location1 

Location2 
chromosome Location2 Support (# mols) 

H460 chr12 7660219.28 chr8 129414270.10 18 
K562 chr1 142891183.20 chr13 81123336.19 326 
K562 chr1 142888366.90 chr13 93260823.16 50 
CAKI2 chr12 88302814.50 chr6 168382883.20 25 

 

Table 1.2: AR default parameters. 

Minimum unaligned contig 
labels for reference 
detection 20 

Maximum unaligned contig 
labels for reference 
detection 500 

Minimum unaligned contig 
size for reference detection 200000 

Maximum unaligned contig 
size for reference detection 5000000 

Maximum path imputation 
gap size 400000 
DFS max search depth 64 
Maximum candidate paths 1024 

Maximum copies of BPG 
edge in candidate path 20 

maximum linked scaffold 
graph paths to keep 500 

Maximum distance of 
alignment to contig end to 
be classified as alignment 
end (base-pairs) 100000 

Maximum distance of 
alignment to contig end to 
be classified as alignment 
end (labels) 12 
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Figure 1.1: Motivation for AR and the SegAligner methods. a, Long-range sequencing enables 
accurate disambiguation of large duplications. A breakpoint graph is represented on the left, 
with colored arrows representing oriented genomic segments, and with edges connecting the 
segments between source (+) and destination (-) breakpoints. The reconstructions on the right 
demonstrate that a graph containing duplicated segments can produce multiple possible 
reconstructions. Short reads provide information about individual junctions in the graph, but 
long-range sequence information can span and disambiguate multiple junctions. b, The 
SegAligner method for computing statistically significant scoring alignments by estimating 
parameters in an E-value model from alignments of segments against all contigs present in a 
sample. An all vs. all representation of best alignment scores of genomic reference segments 
and OM contigs is shown on the left. The collection of scores of each reference segment are 
used to build a scoring distribution for the E-value model. In the diagram on the right, 
alignments are generated from the segment-contig pairings with significantly high-scoring 
alignment scores. c, Ratio of matching regions (MRs) to false-negative reference labels in 
Bionano NA12878 data indicates the distance-dependent rate of label collapse for consecutive 
labels in the hg19 reference genome. Two distinct patterns of label collapse exist between 
Bionano Irys (left) and Bionano Saphyr (right) platforms. Red boxes indicate the regions in the 
respective technologies that are considered by SegAligner to have non-zero probability of label 
collapse. 
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Figure 1.2: AmpliconReconstructor (AR) overview. a, Workflow to produce the necessary 
inputs for AR. AR accepts OM data in the consensus map (CMAP) format. b, High-level 
overview of the AR method, where the inputs and outputs are shown outside the grey box 
representing the AR wrapper. The green loop-back arrow on the SegAligner module 
represents the identification of reference segments not encoded in the breakpoint graph. c, A 
breakpoint graph with N segments. d, In silico digestion of breakpoint graph segments 
(orientation given by +/-) from c to produce graph OM segments. e, Alignment of graph OM 
segments to OM contigs produces a scaffold of segment-contig alignments. f, AR uses the 
structure of the breakpoint graph to identify paths between scaffold alignment endpoints which 
are also paths in the breakpoint graph. AR generates composite optical maps from combined 
path segments to score each candidate path against the gap in the scaffold. g, AR identifies a 
candidate path with maximum score out of the possible imputed paths between two 
alignments. h, AR links individual scaffolds sharing overlap between graph segments. The 
resulting graph has two types of edges, allowed (grey) and forbidden (red). i, Cumulative 
precision and recall curves based on simulated OM data for AR using SegAligner, calculated 
with the Length (bp) LCS metric. Line color indicates the copy number (CN) of the simulated 
amplicon. 
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Figure 1.3: Visualization of AR results. a, Diagram of features in CycleViz visualization and 
associated feature tracks. b, CycleViz can generate both cyclic (top) and linear (bottom) 
visualizations. c, ScaffoldGraphViewer visualization of AR scaffold graphs using CytoscapeJS. 
Grey edges indicate connections in the scaffold directed acyclic graph (DAG). Dotted edges 
indicate imputation. Blue edges indicate edges used in the scaffold’s heaviest path. Green 
edges indicate a link between two scaffolds. 
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Figure 1.4: Process diagram and control flow for the AR simulation study. The simulations 
used two primary choices of reference genome, hg19 or hg19 simulated tumor (using 
SCNVSim). Two choices of amplicon sources are provided; those generated by AA on cancer 
cell lines (85 cases) or circular ecDNA simulated by ecSimulator (20 cases). Molecules are 
simulated from background reference and amplicon separately using OMSim. The resulting 
BNX files are merged such that the amplicon molecules also get the simulated reference 
molecules from all overlapping chromosome arms. The merged BNX files for amplicon and 
background reference are assembled independently. This way the background reference 
assembly only needs to be generated once for all amplicons used. The contigs from the 
background reference and amplicon are then merged. AR is run on the merged contigs, the 
breakpoint graph that was either simulated or selected from AA as well as the in silico reference 
genome. Pink filling indicates “third-party” utilities, which are not part of AR or the simulation 
pipeline. Grey filling denotes tools and scripts developed specifically for the simulation process. 
Salmon-colored filling indicates tools released by Bionano Genomics, Inc. (San Diego, CA). 
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Figure 1.5: AR performance on simulated data using different OM alignment techniques. 
Cumulative precision and recall curves measuring performance of AR reconstructions on 
simulated amplicon OM data using different OM alignment methods and precision/recall 
measurement methods. OM assembly failures were not filtered from this figure. 
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Figure 1.6: AR performance on simulated data with false graph edges and amplicon mixtures. 
a, Cumulative precision and recall curves measuring the performance of AR, using SegAligner 
for OM alignment, on simulated OM data with added false positive edges into simulated 
amplicon breakpoint graphs. OM assembly failures were not filtered from this panel. b, 
Cumulative precision and recall curves measuring the performance of AR using SegAligner for 
simulated heterogeneous mixtures of similar amplicons. OM assembly failures were not filtered 
from this panel. 
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Figure 1.7: AR reconstructs a circular ecDNA in GBM39. a, AA detects a 1.29 Mbp amplified 
region of chr7 bearing EGFR and indicates three breakpoint edges. Both EGFR and EGFRvIII 
appear to be amplified. b, AR (with SegAligner) reconstructs a circular 1.26 Mbp ecDNA in 
GBM39 using a single Bionano Irys contig. A legend for reading CycleViz AR figures can be 
found in Figure 1.3a,b. Coordinate units on the labeled figure are scaled by 10 kbp. AR 
reconstructs a form of EGFR carrying the ~20 kbp vIII deletion, which is supported by the 
breakpoint graph.   
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Figure 1.8: Reconstruction of extrachromosomal DNA (ecDNA). a, FISH with DAPI (4′,6-
diamidino-2-phenylindole)-stained metaphase chromosomes in HK301 showing an HSR-like 
amplicon containing EGFR. Scale bar indicates 10 µm. b, Theoretical model for the integration 
of circular extrachromosomal DNA into HSR-like amplicons, preserving the structure of 
breakpoint graph. c, AA-generated breakpoint graph for HK301 containing EGFR and 
segments from chr6. The coloring of the graph edges represents the orientation of the junction 
between the two segments. Edge thickness indicates AA-estimated breakpoint copy number. 
Vertical dashed lines separate segments from different chromosomes while dotted lines 
indicate distinct genomic regions from the same chromosome. Numbering of breakpoint edges 
corresponds with AR reconstruction breakpoint numbering. d, Cyclic AR reconstruction of 
HK301 amplicon containing EGFRvIII. Breakpoint graph edges supported by the AA graph are 
numbered in a manner corresponding to the numbering in panel c. e, FISH with DAPI-stained 
metaphase chromosomes in NCI-H460 shows HSR-like MYC amplicon. Scale bar indicates 
7.3 µm. f, FISH with DAPI-stained metaphase chromosomes in NCI-H460 showing an 
extrachromosomal MYC amplicon. Scale bar indicates 7.3 µm. g, AA-generated breakpoint 
graph for NCI-H460 containing MYC and PVT1. h, AR reconstruction of the NCI-H460 
amplicon. Indicated in this figure is an amplicon inversion point (top right) where the 
reconstruction explaining the full amplicon ends, and then the structure begins to repeat in the 
opposite direction (solid line & opposing black arrows). Also indicated is an endpoint for the 
non-circular reconstruction (center right) where the AR reconstruction and full amplicon 
structure both stop (dotted line).  
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Figure 1.9: AR reconstructs a simulated human-viral amplicon. AR reconstruction of a 
simulated 1.0 Mbp circular ecDNA containing an integrated human papillomavirus-16 (HPV16). 
A legend for reading CycleViz AR figures can be found in Figure 1.3. Coordinate units on the 
labeled figure are scaled by 10 kbp. The grey arced arrow indicates identical overlap between 
segments assembled at the end of the structure which overlap to form the circular ecDNA 
structure. 
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Figure 1.10: Reconstruction of a complex Philadelphia chromosome. a, AA-generated 
breakpoint graph for K562. Estimated copy number (CN), coverage, discordant reads forming 
breakpoint graph edges, and a subset of the genes in these regions are shown. b, AR 
reconstruction of an 8.5 Mbp focal amplification which was supported by both Irys and Saphyr 
reconstructions. The tracks from top to bottom are: OM contigs (with contig ID and direction 
indicated above), graph segments (alignments shown with vertical grey lines), gene subset 
and color-coded reference genome bar with genomic coordinates (scaled as 10 kbp units). 
Grey half-height bars between individual segments on the reference genome bar indicate 
support from edges in the AA breakpoint graph. White arrows inside the chromosome color 
bar indicate direction of genomic segment(s). Colored numbers correspond to numbered 
breakpoint graph edges in panel a. c, Multi-FISH using probes against BCR, ABL1 and GPC5 
with DAPI-stained metaphase chromosomes. Scale bars indicate 2 µm in both “Full size” and 
“Zoom” rows.  
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Figure 1.11: AR reconstructions of K562 amplicon with Bionano Saphyr and Bionano Irys data. 
a, AR reconstruction of BCR-ABL1 amplicon in K562 using Bionano Saphyr data. A legend for 
reading CycleViz AR figures can be found in Figure 1.3a,b. Coordinate units on the labeled 
figure are scaled by 10 kbp. b, AR reconstruction of BCR-ABL1 amplicon in K562 using 
Bionano Irys data. Amplicon was reconstructed in the reverse direction from panel a and 
includes a graph segment (19) which was not included in the Saphyr reconstruction. c, 
Additional AR reconstruction (using Bionano Saphyr data) from AA-detected amplified 
segments outside the reconstructions in panels a and b. d, Additional AR reconstruction (using 
Bionano Irys data) from AA-detected amplified segments outside the reconstructions in a and 
b, with the exception of the leftmost segment, 20, which appears at the leftmost end of the Irys 
reconstruction in panel b. 
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Figure 1.12: Multi-FISH for K562. Multi-FISH using confocal microscopy on DAPI-stained 
metaphase chromosomes in K562 cells. Centromeric repeat probe for chr22 (CEP22) and 
ABL1 are stained in green and red, respectively. Two separate plate regions are shown. 
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Figure 1.13: Annotated AR reconstructions of K562 amplicon. a, Reproduction of Fig. 3a with 
SOX21 additionally labeled. b, Extended AR reconstruction of K562 BCR-ABL1 amplicon 
using Saphyr data. c, AR reconstruction with Saphyr data supporting an alternate orientation 
for the genomic segment containing CLTCL as opposed to panel b. d, AR reconstruction with 
Irys data containing BCR-ABL1 flanked by chr22 on both sides. e, AR reconstruction with Irys 
data containing BCR-ABL1 with an inverted repeat of the 3’ end of GPC5. f, AR reconstruction 
with Saphyr data shows inverted repeat of genomic segment containing SOX21. g, 
Hypothetical model for BCR-ABL1 amplification in K562, involving the reciprocal translocation 
of q arms of chromosomes 9 and 22 to form the BCR-ABL1 fusion (i-ii), then translocation of q 
arm of chromosome 13 with the BCR-ABL1 chromosome (iii-iv) with rearrangement of the 
translocated regions from chr13 on the BCR-ABL1 chromosome (v). Finally, inverted repeats 
observed in AR scaffolds can be explained by amplifications of BCR-ABL1 through a dicentric 
chromosome model of amplification (vi).  
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Figure 1.14: Reconstruction of Breakage-Fusion-Bridge. a, FISH confocal microscopy of 
DAPI-stained metaphase chromosomes in HCC827 showing multiple distinct bands of EGFR 
and CEP7 (chr7 centromeric repeat probe). Scale bar indicates 6µm. b, AA-generated 
breakpoint graph for amplified EGFR region in HCC827. Asterisk (‘*’) symbol indicates 
presence of 11 kbp inversion at 5’ end of segment B. c, Workflow for analysis of amplified 
EGFR region in HCC827 to reveal BFB repeat unit structure. Amplified intervals detected by 
AA are labeled A-E and are colored yellow, blue, green, red and brown, respectively. Segment 
F indicates a region identified by AR but not AA. d, Visualization of the AR-generated scaffolds 
(left column) and cartoon illustration of reconstructed region(s) of the BFB (right column), 
including segment sequence. Black arrows in the scaffold column indicate segment 
directionality. e, Multi-FISH for BFB segments using super-resolution confocal microscopy on 
DAPI-stained metaphase chromosomes in HCC827. FISH probes used for segments A, C, 
and D were RP11-64M3, RP11-117I14, and EGFR, respectively. Scale for full size image 
indicates 11 µm. Scale bar for zoomed images indicates 3 µm. Brightness was decreased 
using ImageJ between full size and zoomed images. f, Theoretical model of formation for 
HCC827 EGFR BFB. Each row indicates a prefix inversion and duplication characteristic of 
BFB, alongside other SVs. Black arrowheads beneath the intermediate step in each row 
indicates the breakpoint of the BFB chromosome. The bottom row shows multiple duplications 
of the BFB unit along with a pericentromeric region of chromosome 7. 
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Figure 1.15: BFB structure in HCC827. a, Listing of BFB amplicon segments showing size, 
raw copy number as estimated by AA, and normalized BFB count. b, A valid BFB string 
supported by both AA and AR, which contains interior structural variation (marked with an 
asterisk symbol, “*”) c, Multi-FISH using super-resolution confocal microscopy on DAPI-
stained metaphase chromosomes in HCC827. Brightness was decreased using ImageJ 
between full size and zoomed images. Probe RP11-64M3 corresponds to segment A, RP11-
117I14 corresponds to segment C, and EGFR corresponds to segment D. 
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Figure 1.16: Heterogeneous AR scaffolds identified in HCC827. a, Two of five additional AA-
generated breakpoint graphs for HCC827. The graph on the left (i) shows a complex structure 
of rearrangements, while the graph on the right (ii) shows distinct copy number changes 
without breakpoint graph edges. b, AR reconstruction of Bionano Saphyr scaffold joining 
segments from the graph labeled i in panel a, including NCOA2 and MYC, to a segment of 
chr21 from the graph labeled ii in panel a. The scaffold on top in panel b can be joined to the 
scaffold on the bottom as the segment labeled 98 overlaps, as indicated with the curved red 
arrow. c, An alternate scaffold reconstructed by AR showing NCOA2 joined to additional 
segments from chromosome 8. 
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Figure 1.17: AR reconstructions in T47D and CAKI-2. a, In T47D, an AA-generated breakpoint 
graph visualization showing a 430 kbp amplified region with a single breakpoint edge 
connecting the ends of the amplicon. b, In T47D, AR reconstruction of the amplicon shows a 
967 kbp region capturing the segmental tandem duplication involving GSE1. c, In CAKI-2, an 
AA-generated breakpoint graph visualization showing a complex amplified rearrangement 
joining segments (12.0 Mbp in total) from chr12 and chr3 in CAKI-2. d, In CAKI-2, AR-
reconstructed 13.1 Mbp amplicon containing segments from chr12 and 3, including interior 
deletions and multiple copies of PAWR.  
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Figure 1.18: Integration points of focal amplifications. a, (Left) An example of a supporting 
alignment between an amplified region of chr8 (top) and a non-amplicon region on chr12 
(bottom) in H460. (Right) The approximate integration point on the amplicon is indicated with 
a black arrow pointing at the approximate integration location. b, (Left) An example of a 
supporting alignment between an amplified region of chr13 (top) and a non-amplicon region 
on chr1 in K562 (bottom). An arrow pointing towards the centromere is also present due to the 
proximity of the integration point to the centromeric region (~ 80kbp). (Right) The approximate 
integration point on the amplicon is indicated with a black arrow pointing at the approximate 
integration location. c, (Left) An example of a supporting alignment between an amplified 
region of chr13 (top) and a non-amplicon region on chr1 in K562 (bottom). An arrow pointing 
towards the centromere is also present due to the proximity of the integration point to the 
centromeric region (~ 240kbp). (Right) The approximate integration point on the amplicon is 
indicated with a black arrow pointing at the approximate integration location. d, (Left) An 
example of a supporting alignment between an amplified region of chr12 (top) and a non-
amplicon region on chr6 (bottom) in CAKI-2. (Right) The approximate integration point on the 
amplicon is indicated with a black arrow pointing at the approximate integration location. 
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Figure 1.19: Comparing AR’s results with AA output and Dixon et al. results. a, Comparison 
between the heaviest path/cycle generated by AA (grey) and the heaviest path/cycle generated 
by AR showing the proportion of amplified content in the breakpoint graph which is explained 
in the path/cycle for all samples studied by AA and AR. b, The number of breakpoint graph 
edges suggested by AA (grey) and the total number of edges inferred by AA and AR (black 
and grey stripes) as measured by the union of the junctions inferred by AR and the edges in 
the AA graph. c, Venn diagrams of the overlap between breakpoints detected by the Dixon et 
al. study (high confidence integrated breakpoints) and the breakpoints detected by AR for the 
amplicon regions analyzed by AR for CAKI-2, H460, K562 and T47D. 
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Figure 1.20: Algorithm 1 - Greedy filtering of subsequence paths.  
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CHAPTER 2: FaNDOM: Fast nested distance-based seeding of optical maps 

2.1 Introduction 

 Optical Mapping (OM) is a rapidly maturing genome mapping technology whose 

historical antecedents are at least a few decades old (33). In the much older restriction 

mapping technique, the use of sequence-specific restriction sites in a genome enabled unique 

‘fingerprints’ of the DNA. The initial restriction site maps were used to compare and position 

clones (genetic linkage maps) prior to sequencing (3). Now, optical mapping provides single-

molecule readouts of the locations of fluorescently-labeled sequence motifs on long fragments 

of DNA, resolved to nucleotide-level coordinates (15). Despite the development of competing 

capillary sequencing and next generation sequencing methods, optical maps continue to play 

an important role in scaffolding and assembly. With the advent of microfluidic technologies for 

high-throughput of individual molecules and fluorescence-based visualization of covalently 

marked sites (labels), it is possible to generate high coverage (>100x of the human genome) 

with long OM molecules (>150 kbp) for $500-$1,000. For instance, the OM data-sets analyzed 

in this paper had a median length of 191 kbp. 

 

 As the optical mapping technology evolves, the error profiles found in OM data also 

change. Bionano optical mapping (Bionano Genomics, Inc., San Diego, CA) uses direct 

covalent labeling of fluorescent molecules onto DNA fragments, as opposed to previous 

generations of OM which used nickases. Its sources of error are orthogonal to DNA sequencing 

technologies (7), and currently include incomplete labeling of donor sequences, false-positive 

labels, and imprecise resolution about exact locations of imaged labels. Other technology-

specific phenomena such as possible molecular chimerism or molecular stretching also 

contribute to error. Computational methods which handle OM data must capture these various 

errors. 



 
69 

 

 

 Given its uses for scaffold construction in de novo assembly projects (46,37,30), optical 

mapping has matured to becoming a routine part of assembly pipelines for complex and/or 

large genomes. As a first step of this process, the OM fragments themselves are assembled 

into much larger (and error-corrected) OM contigs. The samples considered by our study had 

a median OM contig N50 of 38.4 Mbp. To achieve this, a computationally challenging problem 

of identifying overlapping OM fragments must be addressed. Much of the previous work about 

that problem uses dynamic programming algorithms to compare and align restriction maps 

(12), and now extends to optical maps (1,39). Newer methods such as Kohdista (27) and 

MalignerIX (25) tackle the overlapping fragment identification problems. Indexing and 

alignment-based methods have also been developed to map a sequence contig to a reference 

optical map genome, a requirement for scaffolding (26,16). 

 

 Here, we consider the slightly different problem of mapping optical maps to a reference 

human genome for the purposes of identifying structural variants (9,5). Such methods have 

been effective in identifying genomic abnormalities in Mendelian disease (2,8) as well as 

cancer (6,22,29). Due to similar algorithmics, general methods for pairwise alignment or 

scaffolding including Valouev (40), SOMA (28), TWIN (26), MalignerDP (25) could be used in 

principle for mapping optical maps to an in silico digested reference genomic sequence. 

However, most of these methods do not repurpose well in practice, especially on data from the 

latest Bionano platform. Moreover, they do not call structural variants. In contrast OMBlast 

(18), and RefAligner (35) have previously demonstrated superior performance on Bionano data 

(18,44). RefAligner specifically has been configured to call SVs. A new software, OMSV (19) 

now combines RefAligner and OMBlast output to call SVs. Notably, RefAligner is a closed-

source proprietary method, available only as pre-compiled binaries for specific hardware, and 

is very resource intensive, as described in the Results. 
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 We introduce FaNDOM (Fast Nested Distance seeding of Optical Maps) - an optical 

map alignment tool which introduces a novel method for seeding optical map alignments, 

greatly reducing the search space of the alignment process. FaNDOM is specifically optimized 

to handle data from the Bionano Saphyr optical mapping technology. The algorithmic and 

technology specific improvements allow us to be significantly (4-14X) faster than competing 

tools while maintaining sensitivity and specificity. We used FaNDOM to map variants in 3 

cancer cell-lines and identified many structural variations, including deletion of tumor-

suppressor genes, duplications, gene fusions and gene-disrupting rearrangements. FaNDOM 

is publicly available at https://github.com/jluebeck/FaNDOM. 

 

2.2 FaNDOM results 

 As OMBlast (18,17) and RefAligner (35) were the best performing pre-existing methods 

for mapping Bionano optical maps to a reference genome, we compared performance of 

FaNDOM against Bionano RefAligner (Solve 3.5.1) and OMBlast (OMTools Version 1.4a). We 

also attempted to benchmark TWIN and Kohdista, but they are not specifically designed for 

this problem and did not perform as well. TWIN and Kohdista did not support the Bionano 

Saphyr technology file formats, which is the dominant platform currently, and required for us 

to write custom file format converters to convert the modern .bnx, and .cmap files into older file 

formats accepted by TWIN and Kohdista. 

 

 We took 10,000 OM molecules from NA12878 and used them as queries to align to the 

in silico digested human reference genome. However, it did not return any mappings. We did 

test that by using an identical sub-molecule from the in silico digestion, we were able to match, 

suggesting that TWIN showed poor tolerance for missing/false OM labels. TWIN results were 

previously demonstrated on simulated optical maps and optical map data with error profiles 
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very different from Bionano Saphyr, so it is possible that a change of parameters could have 

changed the results. However, in personal communication, the authors did not recommend 

specific parameter settings appropriate for Bionano Saphyr. 

 

 We also attempted to use Kohdista for reference based-mapping. Its RAM usage was 

not optimized for the large human genome reference. Therefore, we tested a small group of 

243 optical map molecules derived from the genomic reference chr10:0-46,272K (46 Mbp). 

Kohdista used more than 130GB of RAM and did not return alignments after 12 hours. Also, 

when we tried to align this group of molecules to the entire chromosome 10, the RAM usage 

surpassed 200 Gb. Since optical map data sets frequently contain > 1 million molecules, we 

concluded that Kohdista was not an appropriate tool for our problem. 

 

 Saphyr optical map data is publicly available for samples NA12878, GM09888, 

GM08331, and GM24143. We collected 270,000 raw molecules from each sample, where 

more than 85% of each molecule aligned to reference, as reported by Bionano, using their own 

RefAligner tool. We then ran FaNDOM, OMBlast and RefAligner on this testing set.  

 

2.2.1 FaNDOM running time 

 We note that RefAligner is already highly optimized for the Saphyr technology and is 

only provided as precompiled binary code that runs on specific machine architectures. All 

experiments were conducted on an Intel(R) Core(TM) i9-9900 CPU @3.10GHz with 32 GB of 

main memory running Ubuntu 18.04.3 LTS (Bionic Beaver), using 10 threads. The results 

(Figure 2.1a) showed that FaNDOM was 4-6 X faster than OMBlast and 13-14 X faster than 

RefAligner on all data-sets, highlighting the speedups created by our filtering methods. 

FaNDOM required approximately 2-2.5 GB of RAM for each thread. While OMBlast required 



 
72 

 

 

less memory, the memory usage increased with increase in molecule size, and did not scale 

well for Saphyr assembled contigs. The OMBlast documentation suggests 200Gb RAM for 

mapping assembled contigs. 

 

2.2.2 Mapping accuracy 

 We compared the accuracy FaNDOM, RefAligner, and OMBlast reported mappings on 

simulated and real-data. Unlike DNA-sequencing read mapping, which has discrete character 

matches & mismatches, it is not trivial to designate an OM molecule alignment as correct or 

incorrect on real-data. Instead, we treated a mapping as correct if it was supported by at least 

two of the three methods. 

  

 We simulated data-sets with ‘high’ and ‘low’ error, where high (H) corresponded to a 

false positive label rate of 4 per 100 kbp, and stretch factor with standard deviation 0.02, which 

matched the Saphyr technology. Low (L) corresponded to a false positive label rate of 1 per 

100 kbp and stretch factor with standard deviation 0.01. All tools performed well on low-error. 

On high-error data, the 3 methods had very similar recall with FaNDOM marginally higher, 

while FaNDOM precision lay in between RefAligner and OMBlast (Figure 2.1b). On the cell-

lines, RefAligner had the highest precision and recall followed by FaNDOM and OMBlast. We 

note that RefAligner is better positioned to incorporate specifics of the Saphyr technology. The 

lower recall for FaNDOM relative to RefAligner, can be partially attributed to the occasional 

removal of true maps during the filtering step. The precision can be improved by post-alignment 

filtering and will be part of future release of FaNDOM after more data-sets have been analyzed. 
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 FaNDOM was 5X and 15X faster than OMBlast and RefAligner on cell-lines (Fig. 2.1a) 

as well as simulations. As expected, simulations show that the running time increases with 

higher error rate for all methods. 

 

2.2.3 SV detection  

 Structural variant analysis continues to be a challenging problem requiring consensus 

from different methods and technologies. We compared the three methods using a benchmark 

of SV deletion calls of length > 2000bp on the genome NA12878. The benchmark was created 

previously using a multitude of technologies (31). Figure 2.2a compares the performance of 

FaNDOM and RefAligner using assembled OM contigs. FaNDOM and RefAligner had 

comparable recall identifying 77% and 79% of the high-confidence calls, respectively, despite 

FaNDOM using filtering strategies to make the runtime faster by an order of magnitude. 

FaNDOM was much more aggressive in calling deletions compared to RefAligner. Spot-

checking, many of the FaNDOM specific deletion calls appeared to be accurate (e.g., see Fig. 

2.2f). 

 

 OMSV (19) is another recent method for detecting SVs with OM data. It is an integrative 

tool that combines the output of RefAligner and OMBlast together and is therefore even more 

compute-intensive. As we could not run OMBlast on Saphyr contig data, we compared 

FaNDOM calls against pre-computed OMSV calls on NA12878 mapped to the hg38 reference 

and compared the calls to a benchmark deletion call-set (9) on the hg38 reference (Fig. 2.2b). 

The FaNDOM recall was 84% compared to the 70% recall of OMSV. 

 

 Detecting genomic insertions is one of the advantages of long-read technologies. 

FaNDOM predicted 719 insertions (Fig. 2.2c). While there is no established call-set of 
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insertions for NA12878, 73% of the FaNDOM calls were previously reported as insertion 

polymorphisms in the Database of (human) Genomic Variants (DGV) (23). FaNDOM 

additionally identified a few ultra-long insertions in OM contigs (Fig. 2.2d) that would be 

challenging with any competing technology due to the insertion size. 

 

 We investigated the FaNDOM specific SV calls for possible error. The high-confidence 

data set (31) has been collected by integrating a number of technologies and is likely to be 

accurate. Nevertheless, many of its calls were discovered using short-reads, while many of the 

FaNDOM specific calls were > 15 kbp (e.g., see Fig. 2.2e). Additionally, some of the FaNDOM 

specific calls are in regions of low mappability (typically low complexity or repetitive sequence). 

Those breakpoints typically cannot be captured by short reads, but can be captured by long 

OM contigs (e.g. chr19:37,760K-37,795K; Fig 2.2f), demonstrating the complementarity of OM 

data to sequencing technologies. Moreover, assembled optical map contigs enable the 

detection of multiple breakpoints in one contig. As an example, Fig. 2.2g represents an 

assembled OM contig from K562 cell line that cover translocation from chr9 to chr13 and 

multiple breakpoints in chr13 spanning 500 kbp. 

 

2.2.4 SVs in cancer cell-lines 

  We ran FaNDOM on assembled OM contigs as well as OM molecules for cancer cell-

lines K562, CAKI-2 and H460 - all which are known to carry extensive rearrangements. Table 

2.1 summarizes some of the rearrangements identified by FaNDOM on assembled OM 

contigs. The rearrangements identified by FaNDOM which included 1,800 large (> 2 kbp) 

indels, 133 inter-chromosomal translocations, 28 foldback reads, and 223 breakpoints that 

disrupted an existing gene, among other rearrangements. In this study, we focused specifically 

on genes that were deleted, and on translocations that disrupted or fused two genes.  
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 The lung cancer cell line NCI-H460 has previously been documented to bear a focal 

amplification of the MYC/PVT1 region due to extrachromosomal DNA (ecDNA) and also it has 

been found to have evidence for intrachromosomal amplification in a homogeneously staining 

region (HSR) (38). Previous reconstruction of the MYC amplified region revealed a complex 

duplicated structure which suggested that the ecDNA element containing MYC/PVT1 had 

reintegrated as an HSR in a non-native location (22). The FaNDOM analysis identified a 

translocation from within the amplified ecDNA structure (chr8:128,745 kbp) to a non-native 

location (chr12:7,665K; Fig. 2.3a) revealing chr12 to be the site of the HSR. Figure 2.3a also 

supports an inverted duplication at Chromosome 8 as part of the amplified structure. In addition 

to recapitulating the breakpoints of the ecDNA, the FaNDOM analysis identified many partial 

or complete deletions of tumor suppressor genes, including LRP1B (21) (chr2:141,735K-

142,155K), TUSC7A (20) (non-coding; chr3:116,295K-116,775K), FHIT (41) (chr3:60,405K-

60,735K), LSAMP (14) (chr3:115,545K-116,145K). Notably, many of these deletions were on 

chr3. Many other rearrangements were identified providing a scenario of complex 

rearrangements in the cell-line. 

  

 In the renal cancer cell-line CAKI-2, we observed deletions or disruptions involving 

tumor suppressor genes including CFHR1 (42) (chr1:196,665K-197,295K), RNF217 

(chr6:125,265K-125,505K) (10), RBFOX1 (chr16:6,585K-7,155K) (34), FBXL7 (chr5:15,825K-

15,945K) (11). We also observed two fusions: TECRL1/GRIP1 (chr4:65,205K, −, 

chr12:66,975K, −) and RACGAP1/AKAP6 (Fig. 2.3b, chr12:50,385K, −, chr14:33,255K, +). 

RACGAP1 displays tumor malignancy potential (13) and is known to fuse with other genes 

such as CERS5 and RAB34 (43).  
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 K562 is a chronic myelogenous leukemia cell-line with the Philadelphia Chromosome. 

It was comprehensively analyzed recently using a multitude of technologies including whole 

genome sequencing and Hi-C (45). FaNDOM confirmed some of the rearrangements of the 

previous study such as the BCR-ABL1 fusion (Fig. 2.3c), between chr22 and chr9. Among 

other rearrangements, we also observed an atypical microdeletion in 22q11, almost identical 

to a deletion previously associated with a congenital syndrome (36), and a subset of a larger 

deletion reported for DiGeorge syndrome. The deletion encompasses the genes GSTT1, 

GSTT2 and GSTT2B and deletions in these genes have previously been associated with 

esophageal cancer (24). 

 

 While our results often matched the previously reported SVs (45), there were a few 

notable differences. For example, in contrast with the previous finding of an inversion involving 

ORC6, MYLK3 on chr16, we observed a deletion (16:46,725K-46,845K, Fig. 2.3d) that partially 

removed ORC6 as well as a microinversion involving MYLK3. In a second example, the Zhou 

et al. study also identified a fusion of CDC25A/GRID1 (45). While we observe the same 

translocation, the directionality provided by the long reads suggests the disruption of the two 

genes, but not a fusion product (Fig. 2.3e). We could confirm other chromosome 16 

rearrangements, including an inverted duplication (88,605K-88,785K), and another inverted 

duplication at chr13:92,475K (Fig. 2.3f). 

 

2.3 Discussion 

 Improvements to the optical mapping technology in terms of accuracy and cost has 

made it competitive for structural variant detection. At the same time, the raw data is harder to 

interpret and motivates the development of public domain tools for interpretation. In this paper, 

we focus on speeding up the mapping by relying on a novel filtering strategy that greatly 
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improved speed without a significant loss of accuracy. The filtering relies on two ideas: (a) for 

most high-quality optical maps, it is relatively easy to find seeds that locate the reference target 

region for a query, and (b) by merging distances, thousands of queries can identify their target 

seeds in a single search-and-merge strategy. The results demonstrate the viability of this trade-

off, leading to high speedups over other tools with only a small loss of sensitivity. 

 

 We recognize that our proposed method uses many parameters and for the most part, 

the parameters are empirically determined to work for Saphyr. The optimal parameter values 

will be determined only after a large number of data-sets have been analyzed and will need to 

be retrained for newer technologies. Additionally, non-human genomes such as plants may 

also require some significant recalibration of parameters and low-complexity annotations, 

which we have not yet explored. Nevertheless, because we have used FaNDOM to analyze 

many tens of thousands of molecules, the current choice of parameters appears to be robust 

for the current technology. Taken together, our results point to the value of using optical 

mapping as a complementary technology for structural variation identification. 

 

 The detection of structural variants is a key benefit of the OM technology, but it is harder 

to benchmark given the lack of large-scale, robust truth data sets. Our results suggest that 

FaNDOM can identify discordant alignments and breakpoints with high sensitivity. As many of 

the calls are based on cut-offs that can be adjusted, the results do not reveal any fundamental 

limitation of the filtering but indicate a lack of additional calibration against a true gold-standard. 

Additional analysis will be needed to identify systemic sources of false positive calls. 

  

 We note that calling the structural variation mechanism itself is a secondary process 

that will require integration with other information including copy number changes, and this will 
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be a topic of ongoing research. For example, one possible improvement includes pruning 

deletion calls by limiting results to the regions with a decrease in copy number consistent with 

heterozygous or homozygous deletion. With further improvements and methods development, 

OM technologies could be used to replace cytogenetics as a method of choice for revealing 

large-scale genetic abnormalities in Mendelian diseases and cancer (2,29,22). 

 

2.4 Method details 

 Conceptually, we define an optical map as a sorted list of numeric values, representing 

the relative positions of labels on a fragment of DNA (Figure 2.4a). These numeric lists can be 

generated for any collection of individual OM molecules, assembled OM molecules, or from in 

silico predicted label positions on the reference genome. FaNDOM utilizes standard optical 

map data formats (.bnx or .cmap) where each imaged DNA fragment has been pre-converted 

to label position lists specified in base pair coordinates. An overview of the structure of the 

FaNDOM software is available in Figure 2.4b. 

 

2.4.1 Preprocessing 

 Query fragments with length < 25 kbp or containing less than 10 labels were filtered 

out from mapping. Similarly, queries containing consecutive labels with distance > 250 kbp 

were removed. Scaling refers to a systematic translation of physical inter-label distances into 

nucleotide distances. We define ‘scaling’ and ‘stretch’ as two independent error modalities 

which we examined when benchmarking FaNDOM. Scaling refers to the calibration of 

measured base pairs per pixel in the imaging of optical map molecules by the instrument. If 

this calibration is not completely accurate, we observed that this error can lead to global 

lengthening or shortening of all molecules derived from the instrument. To ensure that optical 

map data has been properly scaled following the image processing performed by the Bionano 
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instrument, we apply a grid-search method to try a range of re-scaling factors. Stretch on the 

other hand refers to the physical lengthening or shortening of individual DNA fragments 

traveling through the nanochannel array. It is accounted for after ’scaling’ has been resolved. 

The Bionano Saphyr instrument performs a calibration to scale distances, estimating the 

number of base pairs present per image pixel. The process can on occasion be erroneous 

(32). To recalibrate, FaNDOM randomly selects 250 molecules and estimates a corrected 

scaling factor using a grid search in a range of values between 0.96 to 1.2. The range was 

determined by experimenting from a set of 38 human samples. The rescaled molecules in each 

iteration are aligned to the reference. The scaling factor that achieves the highest total 

alignment score is selected for rescaling molecules prior to alignment. 

 

 Assembled OM contigs can be very large often exceeding thousands of labels. As the 

alignment time grows quadratically with length, FaNDOM pre-processes assembled OM 

contigs by splitting them into smaller fragments, each containing 75 labels, with an overlap of 

50 labels between endpoints of consecutive fragments. When alignment is completed, 

FaNDOM merges the alignments from overlapping fragments from assembled OM contigs to 

produce a complete alignment for the OM contig. In the case of conflicting alignments between 

overlapping contig fragments, FaNDOM maintains both partial alignments. 

 

 We converted the reference genome into a collection of expected label locations based 

on in silico the presence of the labeling motif throughout the reference. If the distance between 

two consecutive reference labels is less than 800bp, they are replaced with the average of the 

two locations to account for the potential inability of resolving nearby OM labels. We also 

adapted a Bionano method (35) to identify and mask low-complexity regions in the human 

genome. Formally, denote a low-complexity region as containing at least 5 consecutive labels 
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where the distance between adjacent labels is identical within 10% tolerance. Those could 

result in spurious alignments and are masked out. Specifically, in reference genome build 

hg19, 1.5 Mbp which (0.04% of total reference genome) was masked out, while in hg38, 2.8 

Mbp (0.09% of the total reference genome) was masked out. 

 

2.4.2 Optical map alignment with FaNDOM 

 The crux of a mapping procedure is an alignment of an optical map query to an in silico 

optical map of a reference sequence interval. The alignment maps query labels to the 

reference labels so that the inter-label distances between the query and reference are 

preserved (Figure 2.4a). The alignment of optical maps is a well-studied problem (33,40). 

FaNDOM’s scoring function follows previous methodologies but diverges slightly. Consider 

reference R of length m and reference Q of length n labels. For 𝑗𝑗 ≤  𝑚𝑚 and 𝑞𝑞 ≤  𝑛𝑛, define 

𝑆𝑆[𝑗𝑗][𝑞𝑞] as the optimum score of aligning a subsequence (local alignment) ending at label j on 

R with a subsequence ending at label q on query Q. S can be computed using the following 

banded dynamic programming recurrence, where the band size is d: 

𝑆𝑆[𝑗𝑗][𝑞𝑞] = max 𝑆𝑆[𝑖𝑖][𝑝𝑝] + Score-region(𝑅𝑅, 𝑖𝑖, 𝑗𝑗𝑗𝑗,𝑝𝑝, 𝑞𝑞) 

max{0, 𝑗𝑗 − 𝑑𝑑} ≤ 𝑖𝑖 < 𝑗𝑗, 

max{0, 𝑞𝑞 − 𝑑𝑑} ≤ 𝑝𝑝 < 𝑞𝑞. 

 Score-region scores a match after penalizing for discrepancies in the match. 

Specifically, for 𝑖𝑖 <  𝑗𝑗,𝑝𝑝 <  𝑞𝑞, let 𝑓𝑓𝑓𝑓 =  (𝑞𝑞 −  𝑝𝑝 −  1),𝑓𝑓𝑓𝑓 =  (𝑗𝑗 −  𝑖𝑖 −  1) denote the number 

of unmatched labels in the query and reference, respectively. Then,  

Score-region(𝑅𝑅, 𝑖𝑖, 𝑗𝑗,𝑄𝑄,𝑝𝑝, 𝑞𝑞)  =  𝐿𝐿 −  𝑐𝑐(𝑓𝑓𝑓𝑓 +  𝑓𝑓𝑓𝑓)  −  |(𝑅𝑅[𝑗𝑗] −  𝑅𝑅[𝑖𝑖]) −  (𝑄𝑄[𝑞𝑞] −  𝑄𝑄[𝑝𝑝])|𝑘𝑘 

We set L = 10,000 to represent a perfect match score. Empirical tests indicated that a wide 

range of k, c showed identical performance. Increasing k, c resulted in the same alignments 

but with tighter boundaries. We chose the distance scale parameter k = 1.15 and false-label 
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parameter c = 3000. After computing initial alignments for molecules, FaNDOM then identifies 

molecules which are candidates for local/partial alignment discovery, as a prelude to structural 

variant analysis. In this partial alignment mode (See “Computing partial alignments for SV 

detection” below), where split-molecule alignments are allowed, FaNDOM computes more 

stringent partial alignments (c = 7500, k = 1.4). 

 

2.4.3 Alignment running time suggests the necessity of filtering 

 The ungapped alignment algorithm has complexity 𝑂𝑂(𝑚𝑚𝑚𝑚𝑑𝑑2). Despite algorithmic 

improvements and optimizations, our empirical results suggested that aligning a collection of 

two million OM fragments representing (100X) whole genome coverage against every position 

on the human genome would take ~700,000 CPU-hours. While assembly of OM fragments 

into contigs reduces the number of query sequences, the OM contigs are longer and the 

estimated time remains ~15,000 CPU-hours. Therefore, similarly to the Bionano RefAligner 

(35), and OMBlast (18,17), we deploy a filtering strategy, where for each query molecule. The 

goal is to identify a small collection of reference intervals to align the query with. The filter must 

be fast, sensitive (defined by the probability of the true reference location being included in the 

filtered reference intervals), and efficient (defined by the number of filtered regions per query–

smaller being better). The filtered regions, or seeds are used to compute alignments and return 

the full or partial mappings of each query OM fragment or contig. 

 

2.4.4 Search-and-Merge filtering for optical maps 

 The key idea of filtering is that in a correct alignment there are some parts of query and 

reference which are highly similar to each other, or that all inter-label distances in those regions 

are practically equivalent. Let 𝑅𝑅[𝑖𝑖, 𝑗𝑗] (respectively 𝑄𝑄[𝑖𝑖, 𝑗𝑗]) denote the genomic distance between 

labels i, j in R (respectively, Q). Denote a window Wa in the reference as a collection of 
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distances 𝑅𝑅[𝑖𝑖, 𝑗𝑗] for all 𝑎𝑎 ≤  𝑖𝑖 <  𝑗𝑗 <  𝑎𝑎 +  3. Windows Wb, in the query OMs are defined 

similarly. Let 

𝑊𝑊𝑏𝑏 match
�⎯⎯�  𝑊𝑊𝑎𝑎  ⟺ ∀𝑥𝑥 ∈ 𝑊𝑊𝑏𝑏 ,∃𝑦𝑦 ∈ 𝑊𝑊𝑎𝑎 ∶ |𝑥𝑥 − 𝑦𝑦| ≤ 𝑇𝑇   

A default value of T = 350 was chosen empirically. In the Search-and-Merge procedure, we 

sort all genomic distances from every window of the reference (typically a chromosome) to a 

list 𝐿𝐿𝑚𝑚 (Fig. 2.5a). Similarly, for a collection of query OMs, we merge all sorted distances from 

all windows of each query in the collection into list 𝐿𝐿𝑛𝑛. Each distance 𝑥𝑥 ∈  𝐿𝐿𝑚𝑚 (respectively, 

𝑦𝑦 ∈  𝐿𝐿𝑛𝑛) is associated with all reference windows (respectively, query windows) containing 

distance x (respectively, y). 

  

 Next, the sorted lists 𝐿𝐿𝑚𝑚, 𝐿𝐿𝑛𝑛 are ‘search-merged’ (Fig. 2.5a). For each element 𝑥𝑥 ∈  𝐿𝐿𝑛𝑛 

we perform two binary searches to identify the smallest and largest distances 𝑦𝑦1,𝑦𝑦2  ∈

 𝐿𝐿𝑚𝑚  ∃ 𝑥𝑥 − 𝑦𝑦1 ≤ 𝑇𝑇,𝑦𝑦2 − 𝑥𝑥 ≤ 𝑇𝑇. For all ‘matches’ (x, y) where 𝑦𝑦1 ≤ 𝑦𝑦 ≤ 𝑦𝑦2, we increment the 

match score of all window pairs associated with x and y. Finally, for all reference labels a, 

query labels b such that 𝑊𝑊𝑏𝑏 match
�⎯⎯�  𝑊𝑊𝑎𝑎, a seed (a, b, o) is generated with 𝑜𝑜 ∈  {+,−} representing 

direction of match. 

 

2.4.5 Packing seeds into bands 

 For each reference label a, and each query OM, FaNDOM explores a diagonal band 

𝐵𝐵𝑎𝑎 around a of width 𝐵𝐵𝑤𝑤 (default value 𝐵𝐵𝑤𝑤  =  12,000). Label a is filtered out if 𝐵𝐵𝑎𝑎 contains fewer 

than 𝑇𝑇ℎ  =  4 seeds. For retained bands, an edge weighted directed acyclic graph (DAG) G is 

constructed as follows: Each node u in G corresponds to a pair of (query, reference) labels 

(𝑢𝑢𝑞𝑞 ,𝑢𝑢𝑟𝑟), where 𝑢𝑢𝑞𝑞 (respectively, 𝑢𝑢𝑟𝑟) represents the nucleotide distance of the query label 

(respectively, reference label) from the first query (reference) label. Also, add nodes 𝑠𝑠 =  (0, 0) 
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and 𝑡𝑡 =  (𝑙𝑙, 𝑙𝑙) corresponding to the start and end of band 𝐵𝐵𝑎𝑎. For each seed u in the band, 

designate nodes 𝑢𝑢1 ,𝑢𝑢2,𝑢𝑢3 corresponding to start, middle, and end of the seed. With few 

exceptions, we use Euclidean distances for edge weights so that  

𝑤𝑤(𝑢𝑢, 𝑣𝑣) =  ‖𝑣𝑣 − 𝑢𝑢‖ = �(𝑣𝑣𝑟𝑟 − 𝑢𝑢𝑟𝑟)2 + �𝑣𝑣𝑞𝑞 − 𝑢𝑢𝑞𝑞�
2 

Specifically, 

1. For each seed u, add edges (𝑢𝑢1,𝑢𝑢2) and (𝑢𝑢2 ,𝑢𝑢3) with weights 0 each; edge (𝑠𝑠,𝑢𝑢1) with 

weight √2(𝑙𝑙 − 𝑢𝑢3𝑞𝑞). 

2. For each pair of seeds 𝑢𝑢, 𝑣𝑣 such that 𝑢𝑢3𝑞𝑞 ≤ 𝑣𝑣1𝑞𝑞 and 𝑢𝑢3𝑟𝑟 ≤ 𝑣𝑣1𝑟𝑟, add edge (𝑢𝑢3 , 𝑣𝑣1) with 

weight  ‖𝑣𝑣1 − 𝑢𝑢3‖.  

3. For each pair of seeds 𝑢𝑢, 𝑣𝑣 such that 𝑢𝑢2𝑞𝑞 = 𝑣𝑣1𝑞𝑞 and 𝑢𝑢2𝑟𝑟 ≤ 𝑣𝑣1𝑟𝑟, add edge (𝑢𝑢2 , 𝑣𝑣1) with 

weight  ‖𝑣𝑣1 − 𝑢𝑢2‖. 

We use dynamic programming to compute the weight 𝑤𝑤𝑠𝑠𝑠𝑠 of the shortest (least-weight) paths 

from s to t in G. The score of 𝐵𝐵𝑎𝑎 is given by 

Score(𝐵𝐵𝑎𝑎) = 1−
𝑤𝑤𝑠𝑠𝑠𝑠

 ‖𝑡𝑡 − 𝑠𝑠‖
 

A similar process is used for seeds in the reverse direction, with 𝑠𝑠 = (0, 𝑙𝑙), 𝑡𝑡 = (𝑙𝑙, 0). For each 

query OM, we save the highest scoring 150 bands. 

 

 As a first idea, we could align the query map with the reference region for each of the 

150 bands, and still achieve high speed and sensitivity. However, we observed that in some 

cases, the top scoring bands were significantly more likely to yield true alignments than other 

high-scoring bands, and the correct region was near the tail of the band score distribution could 

be identified without aligning every candidate. We empirically fit the band-scores to an 

exponential distribution with parameter λ and used the following empirical guidelines for 

scoring. For each query 
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max score(𝐵𝐵𝑎𝑎) = �

> 2.2𝜆𝜆,  Align top 10 bands
> 1.7𝜆𝜆, Align top 50 bands
> 1.5𝜆𝜆, Align top 100 bands

else,  Align top 150 bands

 

A band that is selected for alignment is converted to reference alignment boundaries by using 

the reference coordinate 𝑠𝑠𝑟𝑟 of the source node s, and the query molecule Q of length |Q|. 

Specifically, for a padding factor p (default 𝑝𝑝 =  1000), the region 𝑠𝑠𝑟𝑟  −  𝑝𝑝 to 𝑠𝑠𝑠𝑠 + |𝑄𝑄|  +  𝑝𝑝 on 

the reference is used to align to the query molecule. 

 

2.4.6 Computing partial alignments for SV detection 

 We identify structural variants in two steps. First, queries that are either a) unaligned, 

b) have a mean alignment score less than 5000/label, c) the alignment does not cover 80% of 

the query length, or d) has a total alignment length 25 kbp, are targeted for partial alignments. 

The banding procedure is identical. For partial alignments, we compute local shortest paths 

between all pairs of seeds 𝑢𝑢, 𝑣𝑣 as long as ‖𝑣𝑣3 − 𝑢𝑢1‖ ≥ 20 kbp and the path contains at least 4 

labels. If the corresponding band-score 

�1−  
𝑤𝑤(𝑢𝑢1,𝑣𝑣3)

‖𝑣𝑣3 − 𝑢𝑢1‖
� ≥ 0.4 

Then the region gets a score of 𝑣𝑣3𝑞𝑞 − 𝑢𝑢1𝑞𝑞) �1−  
𝑤𝑤(𝑢𝑢1,𝑣𝑣3)
‖𝑣𝑣3−𝑢𝑢1‖

�, and the top 300 candidate regions, 

each designated by a pair of nodes, are selected for alignment and re-ranking. A gapped-

alignment module is used and if the score exceeds a threshold, the partial or gapped alignment 

is reported. 

 

 FaNDOM identifies discordant alignments (defined below) and breakpoints, which form 

the core of any SV discovery strategy, and defers the calling of actual SVs to a subsequent 

script that can be customized by the user. Recall that an alignment is a chain of matches 

(𝑞𝑞0, 𝑟𝑟0), (𝑞𝑞1, 𝑟𝑟1), … , (𝑞𝑞𝑡𝑡 , 𝑟𝑟𝑡𝑡). For alignments below a threshold score, if there exists 0 ≤ 𝑖𝑖 < 𝑡𝑡 
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such that (a) |(𝑞𝑞𝑖𝑖+1 − 𝑞𝑞𝑖𝑖)− (𝑟𝑟𝑖𝑖+1 − 𝑟𝑟𝑖𝑖)| > 2000, (b) |𝑞𝑞𝑖𝑖+1 − 𝑞𝑞0| ≥ max {10000, 0.25 × |𝑄𝑄|}, and 

(c) 𝑞𝑞𝑡𝑡 − 𝑞𝑞𝑖𝑖+1| ≥ max {10000, 0.25 × |𝑄𝑄|}, then a discordant alignment is called. Discordant 

alignments typically represent insertions/deletions but may also represent small inversions 

flanked by high quality alignments on both sides, or other structural variants. 

 

 Breakpoints refer to a pair of coordinates that are non-adjacent on the reference but 

are together on the query. Consider two partial alignments that involve the same query 

molecule, described by 𝐴𝐴1: (𝑞𝑞0, 𝑟𝑟0), … , (𝑞𝑞𝑖𝑖 , 𝑟𝑟𝑖𝑖) and 𝐴𝐴2: �𝑞𝑞𝑗𝑗, 𝑟𝑟𝑗𝑗�, … , (𝑞𝑞𝑡𝑡 , 𝑟𝑟𝑡𝑡). Note that 𝑟𝑟0, … , 𝑟𝑟𝑖𝑖 could 

potentially be on a different chromosome than 𝑟𝑟𝑗𝑗, … , 𝑟𝑟𝑡𝑡. Define 𝑜𝑜𝑖𝑖 ,𝑜𝑜𝑗𝑗 ∈ {+,−} using 𝑜𝑜𝑖𝑖 = sgn(𝑟𝑟𝑖𝑖 −

𝑟𝑟𝑜𝑜) and 𝑜𝑜𝑗𝑗 = sgn(𝑟𝑟𝑡𝑡 − 𝑟𝑟𝑗𝑗). FaNDOM calls a breakpoint (𝑟𝑟𝑖𝑖 , 𝑜𝑜𝑖𝑖, 𝑟𝑟𝑗𝑗 , 𝑜𝑜𝑗𝑗) if there is no partial alignment 

involving the labels between 𝑞𝑞𝑖𝑖 and 𝑞𝑞𝑗𝑗. Breakpoints are clustered if their endpoints are within 

30 kbp, and each breakpoint is listed along with its “support”, or the number of alignments 

consistent with the breakpoint. Subsequent scripts are used to describe the rearrangement 

that creates the breakpoint. For example, (𝑟𝑟𝑖𝑖 , +, 𝑟𝑟𝑗𝑗 , +) describes a homozygous (respectively 

heterozygous) deletion if 𝑟𝑟𝑖𝑖 and 𝑟𝑟𝑗𝑗 are on the same chromosome and the fragment coverage 

in the interval [𝑟𝑟𝑖𝑖 , 𝑟𝑟𝑗𝑗] is 0 (respectively, half of normal coverage).  
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2.6 Appendix 

Table 2.1: Rearrangements in cancer cell lines. 

Cell line Indels Interchromosomal 
translocations 

Foldback maps Gene-disrupting 
breakpoints 

CAKI-2 626 56 7 95 
H460 571 26 4 62 
K562 603 21 17 66 

 

 

Figure 2.1: FaNDOM performance. (left) Running time, (right) Accuracy. The set of true-
positives (TP) were all mappings identified by at least 2 of the 3 methods. Recall=TP/(TP+FN), 
Precision=TP/(TP+FP). 
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Figure 2.2: SV calling performance. a, Comparison of FaNDOM and RefAligner deletion calls 
on NA12878 against a benchmark data set from Parikh et al., using the hg19 reference. b, 
comparison of FaNDOM and OMSV deletion calls on NA12878 against a benchmark created 
using multiple sequencing technologies published in Dixon et al. using the hg38 reference. c, 
Insertions identified by FaNDOM for NA12878. The blue region signifies insertion 
polymorphisms identified by FaNDOM also in the Database of Genomic Variants. d, Length 
distribution of FaNDOM insertion calls for NA12878. e, Length distribution of FaNDOM and 
benchmark deletion calls (Parikh et al.). f, A FaNDOM deletion not in the Parikh et al. 
benchmark data-set likely due to its presence in a low mappability region. g, A FaNDOM 
alignment using assembled OM contigs that chains multiple breakpoints across 400 kbp on 
the K562 cell-line. OM alignment visualizations were generated with MapOptics. 
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Figure 2.3: Examples of detected structural variants in cancer cell-lines. a, A chr8-chr12 
translocation shows the integration of a MYC-carrying ecDNA molecule onto chr12 in H460. b, 
A RACGAP1-AKAP6 fusion on CAKI-2. c, the BCR-ABL1 fusion on K562. d, Deletion of the 
genes ORC6 and MYLK3 with a partial inversion. e, A translocation that disrupts CDC25A and 
GRID1 but the direction is inconsistent with a fusion event. f, A foldback inversion that 
duplicates and inverts GPC5 in K562. 
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Figure 2.4: Overview of OM alignments and FaNDOM software. (top) Cartoon diagram of 
optical map queries aligned to in silico reference map. 𝑟𝑟1, 𝑟𝑟2, … and 𝑞𝑞1, 𝑞𝑞2, … all represent 
numeric values in base-pair units of the expected or measured locations of labels in the 
reference and query, respectively. (b) Overview of FaNDOM software. The seeding and 
alignment modules are called by each parallel thread to produce and store alignments of query 
to reference. 
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Figure 2.5: The FaNDOM workflow. a, Search-and-merge filtering step in which genomic 
distances extracted from windows (𝑊𝑊𝑎𝑎 , 𝑊𝑊𝑏𝑏) and added to lists 𝐿𝐿𝑀𝑀 and 𝐿𝐿𝑁𝑁. The lists 𝐿𝐿𝑀𝑀  and 𝐿𝐿𝑁𝑁 
are merged and seeds are identified. b, Packing of seeds into bands, in which for each band 
B seeds inside it are formed into a DAG, G and the band is scored by finding the shortest path 
from s to t. c, Different score threshold possibilities for the band score distribution of bands for 
a single query. The best score is denoted as “BS”. d, Dynamic programming for the alignment 
module in FaNDOM. e, Seed selection for partial alignment, which scores bands based on the 
shortest path between each pair of seeds inside the band B. f, SV detection module which 
finds breakpoints based on multiple partial alignments. The alignment on top shows a 
breakpoint from A to B, the lower alignment visualizes an inversion, or “foldback”. 
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CHAPTER 3: Extrachromosomal DNA in HPV mediated oropharyngeal cancer drives 

diverse oncogene transcription 

3.1 Introduction 

 Oropharynx cancer has become the second-fastest growing cause of cancer death and 

the third-fastest growing in frequency among solid organ cancers in the U.S (1,2). The main 

histology is oropharynx squamous cell carcinoma (OPSCC) which is driven by high-risk human 

papillomavirus (HPV) type 16 (3,4). The annual number of HPV-related oropharynx carcinoma 

(HPVOPC) cases has already surpassed the number of cervical cancer cases in the US in 

2009, and by 2030 approximately half of all head and neck cancers in the US are predicted to 

be HPV-related (3). Although HPVOPC exhibits an improved clinical prognosis compared to 

HPV-negative OPSCC, 20-35% of tumors exhibit an aggressive course despite multimodality 

therapy (5). A major hurdle to understanding HPV-mediated oncogenesis is an incomplete 

understanding of the role of viral and viral-human hybrid transcripts and viral-human DNA 

integration. 

 

 Extrachromosomal DNA (ecDNA) has recently been shown to play a critical role in 

human cancer (6-9). Because of its non-chromosomal mechanism of inheritance, ecDNA can 

drive high copy number while promoting intratumoral heterogeneity, promoting accelerated 

tumor evolution and drug resistance (6,10). Moreover, chromatin rewiring on ecDNA allows for 

higher accessibility and increased expression of oncogenes (6,7,11). More recent reports have 

conjectured that hybrid human-virus ecDNA formation could be a possible mechanism for 

increased copy number of the HPV oncogenes E6, E7 (12-16). Our previous studies have 

demonstrated that the HPVOPC cell line UPCI:SCC090 features hybrid human-viral circular 

ecDNA containing FOXE1 and HPV-16 through conventional and long-read whole genome 

sequencing, and which we verified in vitro using fluorescent in situ hybridization (FISH) (11). 
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 Given these data, we hypothesized that the genetic structure and viral gene expression 

in primary HPVOPC as well as the expression of human viral hybrid transcripts may be related 

to ecDNA. We combined whole genome sequencing, conventional RNA-seq and long-read 

RNA-seq to analyze HPV and human viral hybrid genomic and transcriptomic structure in the 

context of HPVOPC (17). Analysis of ecDNA and associated transcript structure clarified HPV 

transcript structure and the role of viral, human, and hybrid ecDNA in enhancing expression of 

diverse and oncogenic viral, human, and hybrid transcripts with functional validation. 

 

3.2 Methods 

3.2.1 Patient samples  

 Forty-four primary tumor tissue samples were obtained from a cohort of HPV-positive 

OPSCC patients from the Johns Hopkins Tissue Core (institutional review board protocol 

#NA_00-36235) and Moores Cancer Center Biorepository and Tissue technology shared at 

University of California, San Diego Human Research Protections Program (institutional review 

board approved protocol HRPP# 181755). Pathology of the primary tumors confirmed by two 

independent pathologists and tumor tissue was microdissected to yield at least 80% tumor 

purity. HPV tumor status was determined by in situ hybridization or p16 immunohistochemistry. 

In equivocal cases, HPV-16 E6 and E7 viral oncoproteins were detected via PCR for 

confirmation. Whole genome sequencing using paired-end Illumina sequencing along with 

conventional RNA-seq was acquired for 37 samples. 

 

3.2.2 Whole genome sequencing 

 DNA was extracted using the DNeasy Blood and Tissue kit (Qiagen) for high-quality 

extraction per the manufacturer instructions. DNA samples from tumor were quantified using 

a Qubit (ThermoFisher Scientific). Greater than 1ug of each sample was prepared using a 
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sonication-based library construction and enrichment method per the Beijing Genomics 

Institute (BGI) as previously described (18). 

 

 DNA was isolated from 0.35 mm thick frozen tissue cuts digested in 1% SDS (Sigma-

Aldrich, St. Louis, MO) and 50 μg/ml proteinase K (Invitrogen, Carlsbad, CA) solution at 48°C 

for 48 hours. The DNA was purified by phenol-chloroform extraction and ethanol precipitation. 

DNA was resuspended in LoTE buffer, and the DNA concentration was quantified using the 

NanoDrop spectrophotometer. Sequencing was performed with the Illumina Hiseq Xten 151PE 

strategy with 350bp insert library. The pipeline steps included preparation of HPV reference 

genome file, performance of quality control on BAM files, extraction of unmapped read pairs, 

conversion of unmapped read pairs to FASTQ format, alignment of unmapped read pairs to 

the HPV reference genomes (accession number: AY686584.1). 

 

3.2.3 RNA preparation 

 Frozen tissue specimens were cut into 0.35-mm thick sections and RNA was extracted 

according to the Qiagen RNeasy Plus Mini Kit (Qiagen, Hilden, Germany). RNA concentration 

was verified using a NanoDrop spectrophotometer (Thermo Fisher Scientific, Waltham, MA). 

The absorbance ratio of 260 nm to 280 nm was used to verify adequate quality, defined as > 

1.8. An RNA Integrity Number (RIN) of 7.0 or greater was required for quality assessment. 

RNA from all eleven tumors passed quality assessment.  

 

3.2.4 cDNA library preparation, long read RNAseq, and alignment to HPV16 genome 

 Briefly, the RNA was extracted from 0.35 mm thick frozen tissue sections and a 

stranded RNA library was prepared using the Illumina TruSeq stranded total RNA seq poly A+ 

Gold kit (San Diego, CA) following the manufacturer’s recommendations. Long-read RNAseq 
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of full-length transcripts was performed on 2 non-integrated and 3 integrated tumors according 

to the PacBio Iso-Seq pipeline (Menlo Park, CA). Briefly, 500 ng of purified RNA was used to 

prepare cDNA was using the Clontech SMARTer PCR cDNA synthesis kit (Mountain View, 

CA) and cDNA was then repaired. Large-scale PCR was performed using the Blue-Pippin size 

selection system for three sized cDNA libraries (<1.5kb, 1.5 – 2.5 kb, >2.5 kb). SMRTbell 

templates were then purified and sequenced on the PacBio SMRT Sequencing platform. The 

general SMARTer IIA oligonucleotide was used to anneal to the polyA tail of transcripts during 

cDNA sample preparation. Junction-spanning reads covered by fewer than 5 reads were 

dropped from analysis.  

 

 The Spliced Transcripts Alignment to a Reference (STAR) software was used to align 

long-read RNA seq reads to the HPV16 reference genome (GenBank: AY686584.1) (19). Full 

length transcripts were visualized with IGV for confirmation, and erroneously mapping 

transcripts were removed from analysis. 

 

3.2.5 Short read RNA-seq alignment and analysis 

 Standard (short read) RNA-seq was performed as previously described.(20) A 

ribosomal RNA reduction was performed and the purified RNA was fragmented, then 

converted to double stranded cDNA, and the cDNA was 3′ adenylated and ligated with barcode 

adapters. The library was then enriched using PCR and AMPure XP bead purification. 

Sequencing was then performed using the HiSeq 2500 platform sequencer (Illumina), and the 

TruSeq Cluster Kit for 2×100 bp sequencing. The reads were trimmed to remove adapter 

sequences and low-quality reads using Trim Galore 

(http://www.bioinformatics.babraham.ac.uk/projects/trim_galore/).  
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 The RNA sequences were aligned to the HPV16 genome (GenBank: AY686584.1) and 

hg19 assembly using MapSplice2 version 2.0.1.9. Integration and expression of HPV genes 

were identified by taking reads in RNA-seq data aligned to a combined database of human 

reference genome and high-risk HPV16, HPV33, HPV35 reference genomes using MapSplice 

(https://github.com/favorov/viruses-in-sequencing) (21). MapSplice was run with the default 

command line arguments. RNA-seq reads were aligned to the HPV16 genome and reads 

spanning canonical HPV16 splice junctions were extracted. For splicing analysis, RNA-seq 

reads were normalized by dividing by the total number of junction-spanning reads in the 

sample. Junction-spanning reads were discarded if the junction constituted < 1% of all 

junctions in the sample. 

 

 Quantification of RNA-seq expression was performed following the HISAT, StringTie, 

and Ballgown pipeline (22). Briefly, HISAT2 was used to align the RNA-seq reads to the 

hg19+HPV reference genomes. StringTie was run on each individual alignment to identify the 

assembled transcripts within the sample. All identified transcripts across all samples were 

merged using StringTie to create a consistent set of reference transcripts across the entire 

dataset. Abundances for each transcript for each sample was re-estimated using StringTie, 

and Ballgown was run on the resulting output to obtain read counts, coverage, and expression 

data across all samples. 

 

3.2.6 Detection of focal amplifications with AmpliconArchitect (AA) 

 WGS reads were aligned to hg19 and 337 viral genomes using BWA-MEM (23). AA 

seed detection was performed with CNVKit (24). Copy number amplification regions matching 

low complexity, repetitive or poorly mappable genomic regions were filtered using the AA 

database. Some unfiltered regions corresponding to repetitive genomic regions still existed 
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after this step and were shared across multiple samples. We removed any such regions 

existing in 10% or more of samples. Remaining copy number seed intervals larger than 10 kbp 

and with estimated CN > 4.3 were used as input to AA. Resulting amplicons generated by AA 

were examined for the presence of breakpoint graph cycles containing solely amplified human 

DNA (human ecDNA) and viral breakpoint edges linking HPV to an amplified cyclic human 

DNA structure (human-viral, ‘hybrid’, ecDNA). 

 

3.2.7 Integrative Genome Viewer confirmation 

 Putative full-length transcripts and splice junctions were visualized using Integrative 

Genome Viewer (IGV/ Broad Institute, version 2.4.5) (25). From long-read and short-read RNA 

sequencing data, BAM files were loaded into IGV and visualized at the start and end of each 

junction. Long-read isoforms from IGV were individually verified and isoforms with mapping 

error were removed from analysis. 

 

3.2.8 Integration, fusion, and splicing analysis 

 WGS and RNA-seq reads were aligned to hg19 and viral genomes using BWA-MEM. 

ViFi was run on each aligned BAM file to detect viral integration and transcription fusion 

location. Several transcription fusion events did not have a proximal viral integration event. 

Closer inspection of these fusion transcripts revealed that they had much lower support (mean 

74 RNA-seq reads supporting the fusion event) compared to fusion transcripts that were 

proximal to a viral integration event (mean 955 RNA-seq reads supporting the fusion event). 

As such, we removed all fusion transcripts without supporting genomic integration. 
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 Samples were classified according to the presence of viral integration and transcript 

fusion events. Samples containing a viral integration were classified as Hybrid-DNA. Samples 

that also contained a fusion transcript were classified as Hybrid-RNA.  

 

 In-depth splicing analysis was performed by taking the reads aligned to the HPV16 

reference genome and counting the number of splice events detected by the alignment 

denoted by HPV16 donor and acceptor site pair (i.e., SDx-SAy).  For the cases in which the 

splice junction started with an HPV16 donor site and ended in the human genome, it was 

denoted by the HPV16 donor site to human splice event (i.e., SDx-Human). From this data, we 

generated a splicing matrix where each row is a sample and each column is a splicing event, 

and the entries in the matrix are the total number of times that splicing event was observed 

within the sample. We performed principal component analysis on the splicing matrix in order 

to examine how the samples clustered. 

 

3.2.9 Unsupervised hierarchical clustering and splicing analysis 

 Conventional RNA-seq reads spanning canonical HPV16 splice donor and acceptor 

sites (SD226, SA409, SA526, SA742, SD880, SD1302, SA2582, SA2709, SA3358, SD3632, 

SA5639) from the Institutional and TCGA cohorts were extracted and normalized to the number 

of reads specific to that tumor. Tumors with fewer than 500 mapped RNA-seq reads were 

excluded from inclusion in the heatmap (T14 – 241, T12 – 4, T30 – 2). RNAseq reads spanning 

HPV16 splice donor to human acceptor sites were also extracted and normalized to the 

number of reads specific to that tumor. To calculate the proportion of E6 protein reads with 

truncation to E6*I in each tumor, the following formula was applied to each tumor: 

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝐸𝐸6 ∗ 𝐼𝐼 =
𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑆𝑆𝑆𝑆226_𝑆𝑆𝑆𝑆409 

𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑆𝑆𝑆𝑆226_𝑆𝑆𝑆𝑆409 + 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑆𝑆𝑆𝑆226_𝑛𝑛𝑛𝑛227 
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We also quantified the relative frequency of HPV16 SD880 to human splicing events with the 

following: 

𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑆𝑆𝑆𝑆880ℎ𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 =
𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑆𝑆𝑆𝑆880_ℎ𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 
𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 𝑖𝑖𝑖𝑖 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 

 

 

3.2.10 Insertion of HPV16 into Human Genome Analysis 

 Integration breakpoints and intragenomic viral breakpoints were identified with ViFi and 

AA. For DNA-based breakpoints both ViFi and AA were used to identify integration sites. To 

detect intragenomic viral breakpoints, AA alone was used. For RNA-seq data ViFi and 

MapSplice2 were used to identify splicing and human-viral chimeric sequences.  

 

3.2.11 Analysis of non-canonical HPV16 structures 

 Canonical and non-canonical circular viral genome structure status was determined by 

AmpliconArchitect analysis. Tumor samples which did not have hybrid ecDNA were classified 

as non-canonical if they contained a cyclic AA graph decomposition and > 100 bp of rearranged 

genomic content (including indels), while canonical circular status was assigned if no such 

large rearrangements were present and cyclic AA graph decomposition of virus was present. 

 

3.2.12 Quantification of splice acceptor cluster ranges for hybrid splicing events 

 For measurement of splice cluster ranges, splice clusters were defined via k-means 

clustering. Any group of donor, sample, and chromosome with fewer than 10 samples was 

excluded from consideration. Clustering was repeated 30 times at a given threshold to account 

for random seeding, with the optimal clustering at a given k threshold determined via silhouette 

score. The number of clusters was increased until a loss in performance was observed, and 
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the number of clusters was confirmed by visual inspection. Clusters containing fewer than five 

observations were then filtered out, and the range of splicing sites was then computed on each 

remaining cluster. 

 

Hybrid RNAseq reads from both Institutional and TCGA cohorts were extracted and mapped 

to specific viral splice donor and human acceptor sites for each tumor. The location of the 

human acceptor (chromosome and nucleotide) for each read was then determined using split 

reads, which were identified as having a primary alignment to HPV and a secondary alignment 

to the human genome. Histograms were created to map the distribution of splice acceptor sites 

for a given HPV16 donor (i.e. SD226, SD880, etc.) across the human genome for each tumor. 

Samples with viral read counts < 10 were removed from analysis. 

 

3.2.13 Functional Studies 

 Proliferation of HCT116 and NOKSI cells was investigated in the presence of empty 

vector (negative control), as well as E6E7 (positive controls), and parent/daughter constructs. 

Cells were seeded in 96 well plates at a density of 3,000 cells/well for NOKSI and 4,000 

cells/well for HCT116. Individual vectors composed of daughter constructs were then 

transfected by X-tremeGENE9 (Roche). Proliferation was measured as a ratio of relative 

absorbance two days after transfection vs. day of transfection. 

 

 The effect of FOXE1 siRNA was investigated on cell line SCC090. Cells were seeded 

at a density of 2,000 cells/well. SiFOXE1 (Santa Cruz Biotechnology) was added at a 

concentration of 10nM. Percent viability was measured using % viability = (absorbance of 

siRNA)/(absorbance of vehicle) x 100. For proliferation experiments each datapoint is the 
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average of five replicates with standard error represented by error bars, and all experiments 

were repeated at least three times demonstrating consistent results. 

 

 HCT116 and SCC090 cells were obtained from ATCC, NOKSI was provided as a gift 

by the Silvio Gutkind Lab (University of California, San Diego, Department of Pharmacology. 

Cell lines were used for between 4 to 20 passages after thawing from frozen stock. 

Mycoplasma testing was conducted monthly using the MycoAlert-Plus Mycoplasma Detection 

Kit (Lonza). 

 

3.3 Results 

 Forty-four primary tumors were acquired from a cohort of HPV-positive OPSCC 

patients. HPV tumor status was determined by in situ hybridization or p16 

immunohistochemistry. In equivocal cases, HPV-16 E6 and E7 viral DNA were detected via 

PCR for confirmation. Forty of 44 samples were HPV16-positive, three were HPV33-positive, 

and one was HPV35-positive. Whole genome sequencing (WGS) using paired-end Illumina 

reads at mean coverage of 30x along with RNA-seq was acquired for 38 HPV16 samples (20), 

and long-read RNA-seq of full-length transcripts was generated for 5 samples using PacBio 

Iso-Seq technology (26). Twenty-eight additional HPVOPC tumors from the Cancer Genome 

Atlas (TCGA) project were analyzed as a separate validation cohort. WGS and RNA-seq data 

were mapped to the hg19 reference and analyzed using ViFi (27). 

 
3.3.1 EcDNA that carry oncogenes are common in HPVOPC  
 
 As we had previously demonstrated the presence of ecDNA in an HPVOPC cell line 

(11), we hypothesized that ecDNA may be present in primary HPVOPC. A recently developed 

method, Amplicon Architect (AA) analyzes whole genome sequences to predict ecDNA with 
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85% precision and 83% sensitivity, as well as reconstruct the fine structure of the amplicons 

(8). We applied AA to the 28 samples from the HPVOPC cohort (Figure 3.1) (11). Remarkably, 

we found six hybrid viral-human ecDNA, and another six with human-only ecDNA, (one tumor 

exhibited both hybrid and human ecDNA; T14 - Figure 3.2a) in our institutional cohort. 

Additionally, eighteen tumors contained only HPV viral circular DNA (vcDNA). One tumor was 

not classified due to low viral copy number (T26). HPV vcDNA was present in an intact form 

including a complete, non-rearranged (canonical) form in 16 tumors. Interestingly, another 15 

tumors contained a non-canonical truncated vcDNA with deletions mostly in the L1 and L2 

region (Figure 3.3) suggesting that a significant fraction of HPVOPC tumors contain HPV 

genomes which have undergone substantial genomic rearrangement prior to enrichment in 

copy number.  

  

 To test that the prediction of ecDNA in HNSC samples was not specific to the 

institutional cohort, we analyzed WGS samples from the HNSC data in the Cancer Genome 

Atlas (TCGA). Ten samples contained viral-human hybrid ecDNA and 8 contained human-only 

ecDNA (four tumors exhibited both; Figure 3.2b). VcDNA was also prevalent, with two tumors 

containing canonical vcDNA while 13 other tumors contained non-canonical truncated HPV 

vcDNA. One tumor was not classified due to low viral copy number (CV-7406). 

 

 EcDNA do not carry centromeres and therefore segregate independently, allowing 

tumors to rapidly modulate copy numbers of genes on ecDNA, specifically when the genes 

provide a growth or proliferative advantage (28). Consistent with this hypothesis, seven of the 

ecDNA+ tumors (both hybrid and human-only) in the institutional cohort carried oncogenic 

protein-coding genes or ncRNA, including many known oncogenes: EGFR, SEC61G, VOPP1, 

VSTM2A on chr7 in T1; DUSP4 and KIF138 on chr8 as also CD93 in T29; and, CST1 and 



 
108 

 

 

THBD on chr20 in T14. The TCGA cohort revealed similar findings, with protein-coding genes 

found in five hybrid ecDNA-carrying samples, and three human only ecDNA samples. The 

structures were largely sample specific. However, we did observe two samples with ecDNA 

segments on chromosome 11 carrying six oncogenes (ANO1, CTTN, FADD, MIR548K, 

PPFIA1, SHANK2). Tumor TCGA-CQ-5323 contained an ecDNA with 13 cancer-associated 

genes, including ANO1, CCND1, CPT1A, CTTN, TRPC4AP, FADD, IGHMP2, MIR548K, 

MRPL21, ORAOV1, PPFIA1, and SHANK2. In TCGA-CV-5443, a hybrid ecDNA amplicon 

containing and amplifying the immune regulating ligand PDL1 was identified (Figure 3.2d). 

PDL1 amplification occurs in a subset of lung, kidney, bladder, and head and neck cancers. 

The PD1 checkpoint is the most common immunotherapeutic target in solid tumors currently 

and PD1/PDL1 directed immunotherapy has gained FDA approval for first-line treatment of 

unresectable or metastatic head and neck cancer (29). 

 

 Overlaying RNA -seq data on to the hybrid ecDNA structure in the institutional cohort 

showed hybrid RNA combining HPV-16 E6, E7, E1, E4, L1, and L2 with a multitude of human 

sequences containing genes EGFL7, TBCD (chr17; T1), SOX2-OT (chr3; T19), TTC33 (chr5; 

T41 see Figure 3.2c, PVT1 chr8; T14), LINC01363 (chr1; T47), and TBC1D16 (chr17; T49), 

As one interesting example, we identified an ecDNA in T41 amplicon that connected viral 

promoter to multiple exons in TTC33 (Figure 3.2c).  Hybrid splicing was additionally confirmed 

using long-read Iso-Seq data (Figure 3.2c) consistent with the circular hybrid ecDNA structure. 

The TTC33 gene (tetraticopeptide repeat domain 33) has been implicated as an mRNA 

chimera in breast, ovarian, stomach, colon, kidney, and uterine cancer (30). These interesting 

patterns suggested a possible rewiring of the regulatory circuitry in hybrid ecDNA. 
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3.3.2 Hybrid ecDNA is associated with increased human gene expression.  

 Prior data have shown that ecDNA mediate increased expression of oncogenic human 

transcripts contained within ecDNA structure. To examine the effect of viral DNA genomic 

integration and viral integration in ecDNA, we examined expression of both viral and human 

transcripts in these contexts. For each gene on an ecDNA, we computed the ratio of its 

expression (in FPKM units) in the target sample to its mean expression value in all samples 

where the gene was not on an ecDNA (Methods) and called it the ‘FPKM-ratio’. Genes 

associated with the 38 ecDNA amplicons in the institutional cohort and the TCGA cohort were 

upregulated nearly 150X, with a mean FPKM-ratio of 149.8 (SD 1,015); median 4.26 (IQR 

1.67– 8.92) (Figure 3.4a-b. Thirty-three of 38 (86.8%) of these genes were oncogenes or 

associated with oncogenic phenotypes. For example, oncogene TNFSF4 on chromosome 1 in 

TCGA-CR-6473 was upregulated to FPKM-ratio of 116.58. TNFSF4 has been reported to be 

upregulated in brain metastases (31). EGFR on chromosome 7 in T48 was also upregulated 

with FPKM-ratio 30.7. PVT1 transcripts are found at a high level in lung cancer and contribute 

to VEGFC expression (32). CD274/PDL1, associated with immune checkpoint activation, was 

one of the most upregulated genes by tumor TCGA-CV-5443 in the TCGA cohort with FPKM-

ratio 24.4.  

 

 Importantly, human genes associated with hybrid transcriptomes showed increased 

expression for both the institutional and TCGA cohorts (Figure 3.4c). The increased expression 

was most pronounced in tumors with hybrid transcripts, but also increased expression was 

noted for all genes located on hybrid ecDNA. To further explore this relationship, we assembled 

and annotated human reads overlapping with human viral splice junctions, and spatially 

defined expression along genomic fusions. We noted that strand-specific expression of human 

genes downstream of viral sequences in fusion DNA structures could exceed 30-fold 
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compared to surrounding genes. For example, T41 shows dramatic increase in TTC33 

expression downstream of HPV-human hybrid sequence (Figure 3.4d). A similar phenomenon 

was noted in the context of other hybrid ecDNA structures (Figure 3.5).  

 

3.3.3 Viral transcripts show diverse isoforms in hybrid ecDNA and hybrid transcript 

expression  

 Unsupervised hierarchical clustering based on frequency of HPV16 splicing junctions 

in mapped RNA reads showed a number of distinct patterns. First, we observed that SD226-

SA409 represent a significant portion of junction-spanning reads in the HPV16 cohort, 

occurring in every sample with high frequency 36.3%, range 18.3% to 63.5%, SD 9.7% of 

junction-spanning reads. The use of this junction creates a shortened form of E6, called E6*I, 

which results in a premature stop codon (33). The mean fraction of reads demonstrating 

truncation of E6 to E6*I was 81.1% (SD 12.0%; min 44%.5 max 94.7%) across the cohort of 

HPV16-positive tumors (see Methods), demonstrating that E6*I is more commonly expressed 

than full-length E6 across all HPVOPC. Our results are consistent with previous results 

identifying E6*I in cervical dysplasia, cervical cancer, and HPVOPC (33-37). We calculated the 

proportion of E6 transcripts that were E6*I in the institutional cohort and found that tumors with 

either form of ecDNA had reduced E6*I production compared to the non-ecDNA tumors [0.72 

(0.15) vs. 0.82 (0.09); p=0.0197 by T-test; mean (SD)]. Human ecDNA tumors had reduced 

E6*I production compared to the non-human ecDNA tumors [0.69 (0.13) vs. 0.81 (0.11); 

p=0.0288 by T-test; mean (SD)]. Hybrid ecDNA tumors did not have reduced E6*I production 

compared to the non-human ecDNA tumors [0.75 (0.18) vs. 0.80 (0.11); p=0.42 by T-test; 

mean (SD)]. To validate these findings, we examined the TCGA cohort of 28 HPVOPSCC 

tumors. Similar to the institutional cohort, the majority of E6 was truncated to E6*I (mean 0.89, 

SD 0.05, median 0.89 IQR 0.87-0.92), although we did not detect a difference in proportion of 
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E6*I based on ecDNA status. This does confirm that, contrary to the classic model of HPV 

carcinogenesis, E6*I, rather than E6, is the most common viral transcript in HPVOPC. 

 

 Second, although splicing of the 5’ SD880 splice donor site to the 3’ SA3358 site had 

been described as the most frequent splicing event in HPV-16 cervical cancers and in cell lines 

(38-40), we found that 10 of 37 tumors (27%) preferentially spliced from SD880 to a human 

splice acceptor site instead of the canonical SA3358 (Figure 3.2a). In these 10 tumors, 47% 

(mean; SD=11%) of reads spanning the SD880 splice site spliced to a human locus, and only 

3% (mean; SD=3%) of SD880 reads spliced to the canonical SA3358 receptor (p<0.001 by T-

test). This questions previous findings that efficient usage of SA3358 is necessary for 

production of E6, E7, E4, E5, L1, and possibly L2 proteins (38). However, we did not detect 

preferential splicing of SD880 to a human acceptor to be associated with ecDNA status (40% 

of any ecDNA tumors preferentially spliced SD880 to human vs. 22% non-ecDNA; p=0.28; 

40% of hybrid ecDNA tumors preferentially spliced SD880 to human vs. 25% non-hybrid 

ecDNA; p=0.482; 40% of human ecDNA tumors preferentially spliced SD880 to human vs. 

25% non-ecDNA; p=0.482). We also analyzed splicing patterns of SD880 in TCGA and found 

that 10/28 (35%) preferentially spliced to a human splice acceptor rather than canonical 

SA3358. Tumors with either form of ecDNA were significantly more likely to splice to a human 

acceptor from SD880 (8/14; 57% vs. 2/14; 14%, p=0.018). 

 

 We also noted a strong association of splicing patterns depending on hybrid DNA or 

RNA status in the institutional cohort, irrespective of ecDNA (Figure 3.2a-b). Hybrid-DNA 

tumors (n=18) exhibited a greater fraction of RNA reads covering SD880-human junctions than 

non-hybrid-DNA tumors [n=19; 0.26 (0.25) vs. 0.02 (0.01); p<0.001; and fewer RNA reads 

covering the SD880-SA3358 junction [0.21 (0.21) vs. 0.42 (0.12); p<0.001 by T-test]. Similarly, 
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hybrid-RNA tumors (n=12) exhibited a greater fraction of RNA reads covering SD880-human 

junctions than non-hybrid-RNA tumors [n=25; 0.38 (0.21) vs. 0.01 (0.05); p<0.001 by T-test] 

and fewer RNA reads covering the SD880-SA3358 junction [0.09 (0.12) vs. 0.43 (0.12); 

p<0.001 by T-test]. Principal component analysis of splicing patterns in hybrid RNA tumors 

also demonstrated a distinct subset based on splicing signature, in which HPV splicing pattern 

most closely relates to the presence of viral-human hybrid transcripts (Figure 3.6a and Figure 

3.7). We observed selective enrichment of E6/E7 regions in both WGS and RNA data, which 

is pronounced in hybrid RNA tumors compared to non-hybrid RNA tumors (Figure 3.6b), as 

well as depletion of L2 in hybrid samples. 

 

 We defined aggregate splice donors in HPV and hybrid transcripts, and noted that 

SD226, SD880, and other known splice sites in the early region of HPV16 genome were 

strongly preserved and limited to a single donor canonical nucleotide. However, splice 

acceptors in hybrid transcripts showed broad variation. In the institutional cohort, the mean 

variation of the SD880 splice acceptor was 11,060 nucleotides (SD 37,217), but tighter for 

SD226 (mean 885, SD 2,290) and SD1302 (mean 48, SD 58). In TCGA, the degree of variation 

was similar (Figure 3.6c). We also noted that splicing patterns varied depending on hybrid DNA 

or RNA status in TCGA, irrespective of ecDNA. Sixty-four percent (18/28) exhibited a hybrid 

genome and 53% (15/28) exhibited hybrid transcriptomes, and hybrid DNA was a prerequisite 

for hybrid RNA (p<0.001). Similarly, SD226-SA409 represented a significant portion 40.0% 

(range 19.1 – 73.2%, SD 17.1%) of junction-spanning reads, TCGA tumors also preferentially 

expressed E6*I compared to full length E6 (89.2% E6*I reads (SD 5.3%)), and hybrid genome 

tumors (n=18) exhibited significantly higher percentage of splicing events from SD880 to a 

human locus [11.0 (10.0%) vs. 2.9 (9.0%); mean (SD); p=0.0508] and fewer reads covering 

the SD880-SA3358 junction [22.2 (23.9%) vs. 50.0 (19.2%); p=0.005]. Hybrid transcriptome 
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tumors (n=15) also exhibited significantly higher fraction of splicing events from SD880 to a 

human locus [13.2 (10.0%) vs. 2.2 (8.0%); mean (SD); p=0.0041] and fewer reads covering 

the SD880-SA3358 junction [16.5 (21%) vs. 50.0 (17.4%); p=0.001]. 

  

3.3.4 Novel HPV transcript structures related to ecDNA are found in HPVOPC 

 Long read polyA RNA sequencing provides direct sequencing of full-length transcripts 

and can avoid artifacts introduced by short read transcript assembly. To provide a more precise 

understanding of HPV transcripts in HPVOPC, we performed long-read RNA whole genome 

polyA transcript sequencing on a subset of two tumors without hybrid transcripts (T2 and T38), 

one human ecDNA tumor with hybrid transcript expression (T19), and one hybrid ecDNA tumor 

with hybrid transcripts (T45) (Figure 3.8A). 

 

 Long read sequencing confirmed a divergent transcript structure of hybrid ecDNA and 

vcDNA HPV transcripts. For example, T2 and T38 vcDNA (non-hybrid DNA/transcriptome 

tumors) exhibited 0% of conventional RNA-seq reads covering SD880 spliced to a human 

junction. By contrast, T19 (human ecDNA / hybrid transcripts) exhibited 19.5% and T45 (hybrid 

ecDNA/hybrid-RNA tumors) 100% of conventional RNA-seq reads of SD880 to be spliced to a 

human splice acceptor. Of interest, even though long-read RNA-seq is not quantitative in 

nature, we observed that both T19, a non-hybrid ecDNA tumor that expressed hybrid 

transcripts, and T45, a hybrid ecDNA/hybrid transcript tumor, essentially displayed no full-

length transcripts that mapped to HPV alone; rather the transcripts were all hybrid. In T19, 

36/40,474 (0.1%) long-reads mapped to HPV16 and in hybrid ecDNA tumor T45 17/55,814 

(0.03%) long-reads mapped to HPV16. Conversely, the two non-hybrid vcDNA tumors T2 and 

T38 carried more full-length HPV-only transcripts. In T2, 515/19,220 (2.6%) long reads 
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mapped to HPV and in T38 405/38,026 (1.1%) long reads mapped to HPV; (p<0.001 between 

non-hybrid and hybrid tumors). 

 

 Long-read data confirmed the presence of canonical splicing events seen in 

conventional RNA sequencing. The most common full-length transcript in non-hybrid tumors 

was 1,476 nt long, beginning at the p97 promoter with splicing at SD226-SA409 and SD880-

SA3358 extending to the early polyA tail, with coding potential for the E6 oncoprotein variant 

E6*I defined by SD226-SA409, full-length E7, full-length E4, and full-length E5 (Fig 3.8b-c). 

This transcript was observed in 55% of full length reads mapped to HPV16 in T2 and 65% of 

full length reads mapped to HPV16 in T38, and included splice-junctions commonly observed 

in RNA-seq data, including SD226-SA409.  

 

 The long-read results and the RNA-seq data from the institutional and TCGA cohorts 

suggested that the predominant form of E6 in full-length transcripts found in HPVOPC was not 

the full-length E6 isoform, but truncated version E6*I defined by SD226-SA409. Additional 

isoforms E6*II, and E6*III(41,42), were also noted in long read transcripts. Full-length E7 was 

also common and present in the majority of HPV coding transcripts (91%). Finally, E1^E4, 

which is the result of SD880-SA3358 splicing was observed in 11/23 (48%) of distinct full-

length isoforms.  

 

3.3.5 EcDNA Hybrid HPV transcripts are functionally active 

 We selected a tumor (T41) for functional characterization of transcripts due to presence 

of fusion RNA reads, in addition to the fusion WGS reads and observation of up to 512x 

increased expression of segments associated on this ecDNA structure. After confirming the 

presence of AmpliconArchitect-predicted hybrid junctions using RT-PCR and sequencing 
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(Figure 3.9), we cloned the entire transcript (E6-E7-E1-TTC33*-E5*) as well as daughter 

constructs into a pcDNA 3.1(+)-myc-His A vector (Genscript, Inc.) (Figure 3.10a-b), as well as 

the most common full-length HPV16 in the form of component HPV gene transcripts, into the 

same backbone. To explore the functional effects of these transcripts, we transfected these 

constructs into HPV null diploid HCT116 (p53 and Rb wt MMR deficient colorectal carcinoma) 

cells as well as an HPV null normal oral keratinocyte NOKSI (spontaneously immortalized oral 

keratinocyte) cell lines that respond to HPV E6/E7 gene expression with enhanced 

proliferation, to provide an assessment of the effects of transcripts from this primary tumor 

(43,44). In HCT116 cells, E6*I, E6E7, E6*I/E7, E6*I/E7/E4/E5, E7, TTC33, E6E7E1 and the 

entire hybrid transcript from T41 induced significant growth compared to the empty vector 

(p=0.02, 0.02, 6x10-3, 0.03, 3x10-4, 2x10-4, 7x10-3, 0.01, respectively, Student’s t-test) (Figure 

3.10c). Similarly, in NOKSI cells, E6*I, E6E7, E6E7E1 and the entire intact hybrid transcript 

from T41 increased proliferation (p=0.02, 0.01, 0.03, and 0.04, respectively, Student’s t-test) 

(Figure 3.10d).  

 

 We have previously reported on the presence of ecDNA in an HPOPC cell line 

UPCI;SCC090, demonstrating reconstruction of a complex hybrid structure (>100 kbp) 

containing the oncogene FOXE1 as well as highly expressing HPV16 sequence, and shown 

the presence of FOXE1 in both chromosomal HSRs as well as in ecDNA using FISH probes 

in metaphase imaging (11). To examine the functional contribution of FOXE1 in an ecDNA 

context, we treated SCC090 cells with siRNA for FOXE1 demonstrating significant inhibition 

of growth, indicating that overexpression of FOXE1 via ecDNA mediated mechanisms is a 

major driver of growth in SCC090 cells (Figure 3.10e). 
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 To define the potential for hybrid ecDNA in HPVOPC to drive protein expression related 

to immune evasion, data derived via reverse phase protein arrays (RPPA) corresponding to 

head and neck squamous cell carcinoma samples included in TCGA were extracted from The 

Cancer Proteome Atlas (TCPA) (45). Nine tumor samples identified as being HPV+ in the 

TCGA cohort had RPPA-derived expression data available in TCPA. Mean PDL1 protein 

expression in the tumor with PDL1 present in a hybrid ecDNA structure (TCGA-CV-5443) was 

increased 7.6x relative to the mean of the other eight TCGA tumors (one sample T-test 

p<0.001; Figure 3.10f). 

 

 We analyzed the presence of hybrid DNA, hybrid RNA, hybrid ecDNA, and human 

circular ecDNA as compared to clinical features in the institutional cohort and in TCGA. In the 

institutional cohort there was no significant correlation with aggressive pathologic features 

(perineural invasion, lymphovascular invasion, or extranodal extension), poorly differentiated 

tumors, smoking status. Hybrid RNA status was more likely in patients with a drinking history 

(11/11 vs. 18/26; p = 0.038), and in patients who had a drinking history and had more than 10 

pack years of smoking (6/11 vs. 3/23, p = 0.010). There was no association with the above 

groups and AJCC v7 staging. We then compared overall and recurrence-free survival based 

on presence of hybrid DNA, hybrid RNA, hybrid circular ecDNA, and human circular ecDNA. 

There were ten deaths, with the median time to death being 121 months. There were eleven 

recurrences and/or deaths, with the median time to event being 104 months. We found no 

significant difference in overall or recurrence free survival. In a multivariable proportional 

hazards model adjusting for age, stage, and treatment modality (surgery, radiation, and/or 

chemotherapy), we found no significant relationship between recurrence-free survival and 

hybrid DNA (p = 0.105), hybrid RNA (p = 0.540), hybrid ecDNA (p = 0.486), or human circular 

ecDNA (p = 0.282). Nor did we find a significant relationship between overall survival and 
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hybrid DNA presence (p = 0.150), hybrid RNA presence (p = 0.525), hybrid ecDNA presence 

(p = 0.667), or human circular ecDNA presence (p=0.195). 

 

 In TCGA, there were 7 deaths in the 28 patients for whom survival data was available. 

Multivariable survival analysis was not possible due to the size of the study population, 

however univariable analysis showed that neither patients with hybrid DNA (p=0.172) or 

human circular ecDNA (p = 0.649) were more likely to die. Patients with hybrid ecDNA had 

decreased likelihood of death (0/7 deaths vs. 7/21 deaths in non-hybrid ecDNA; p = 0.078), as 

did patients with hybrid RNA (1/15 deaths vs. 6/13 in non-hybrid RNA; p = 0.016). 

 

 It is critical to note that neither our cohort nor TCGA was not powered to detect an 

expected difference in survival. We were unable to perform multivariable analyses to adjust for 

additional clinical factors due to the small cohort and infrequency of failure events. 

 

3.4 Discussion  

 Intrachromosomal oncogene transcription and amplification have been the dominant 

paradigm for oncogene mediated transformation for decades. Similarly, HPV viral integration 

into human chromosomes and expression of oncoproteins E6 and E7 have been the classic 

mechanism for HPV-mediated oncogenesis (4). The recent definition of ecDNA as a driver of 

oncogene amplification and overexpression that is found in nearly of half of all human cancers 

has altered the paradigm of the role of extrachromosomal circular DNA in carcinogenesis 

(6,11). Recently non-integrated HPV has been reported in HPVOPC, indicating that HPV may 

exert oncogenic effects while maintaining status as vcDNA (46). The data we present 

describes an unexpected interaction of the HPV genome with cancer associated ecDNA. 

Specifically, our results suggest that HPVOPC frequently employ ecDNA in human as well as 
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human-viral hybrid forms that leverage ecDNA mediated viral gene transcription to drive high 

expression of hybrid viral-human oncogene transcripts. Furthermore, HPVOPC ecDNA 

structures express a broad variety of human and hybrid cancer related transcripts including 

functional oncogenic noncoding RNA and immune evasion checkpoint proteins, in addition to 

traditional oncogenes. HPVOPC hybrid transcripts drive high expression of E6*I as well as 

other noncanonical HPV transcripts. This confirms and expands the spectrum of oncogenic 

HPV gene expression beyond the traditional expression of E6 and E7. In addition, HPV vcDNA 

is found in HPVOPC in deletion structures that lack coding for viral capsid proteins without 

evidence of integration into host DNA, as well as in the traditional full length episomal state. 

Most strikingly, nearly all HPVOPC contain transcriptionally active, circular, oncogenic DNA 

outside of host chromosomes, including vcDNA, human ecDNA, or viral-human hybrid ecDNA. 

 

 As noted, HPVOPC tumors express hybrid human viral sequences with increased 

human and viral gene expression driven by HPV promoters from integrated and ecDNA 

structures. These hybrid transcripts often include human genes implicated in carcinogenesis, 

and ecDNA hybrid transcripts are often expressed at a higher level than hybrid transcripts 

expressed from genomic HPV integration. Our data show that E6 and E7 expression is slightly 

enhanced in tumors in the context of HPV integration into chromosomal loci, and E1, E2, E4, 

and E5 expression is only slightly decreased. However, hybrid genomes incorporated into 

circular ecDNA show with significant upregulation of E6 and E7 as well as dramatic 

upregulation of human genes within 10kb up and down-stream of the recombined region, with 

loss of E2, E4, and E5 expression. Taken together, these data indicate that the mechanism for 

the classic model of HPV carcinogenesis characterized by E6 and E7 overexpression is often 

driven by the formation of viral-human hybrid ecDNA structures, facilitating amplification of E6 

and E7 and associated human genes. 
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 The near universal presence of oncogenic, circular DNA that expresses oncogenic 

transcripts, whether viral, human, or hybrid, indicates that HPVOPC create a genomic context 

that is generally permissive for the stable maintenance of non-chromosomal, transcriptionally 

active, circular DNA. Traditionally, the E2 protein has been shown to be the regulator of 

episomal maintenance for high-risk HPV (47,48). However, we describe hybrid ecDNA 

structures that exclude E2 in tumors that have dominant or exclusive expression of E6 and E7. 

It is possible that high risk HPV gene products other than E2 may have effects on genomic 

maintenance and chromosomal structure, allowing for perturbations in DNA homeostasis that 

facilitate stability, replication, and heritability of circular, non-chromosomal DNA structures. The 

evolution and progression of benign HPV infection to HPVOPC, therefore, requires ongoing 

maintenance of stable ecDNA or vcDNA as part of carcinogenesis. In this context, these data 

show three main viral genomic/transcriptomic HPVOPC pathways: 1) nonintegrated HPV 

vcDNA in a canonical or non-canonical form with broad expression of HPV gene products, 2) 

chromosomal integration of HPV with retained expression of HPV gene products and 

overexpression of human hybrid transcripts, and 3) formation of viral-human hybrid ecDNA as 

well as integrated viral DNA with dramatic amplification and overexpression of E6 and E7 as 

part of human viral fusion transcripts, with dramatic reduction in early E2, E4, and E5 HPV 

gene product expression. These pathways are independently supported by recent data 

showing HPV integration does not necessarily result in high levels of E6 and E7 transcripts, 

and that tumors with non-integrated HPV16 actually overexpress E6 compared to tumors with 

integrated or mixed genomes (49,50). 

 

 We identified the most common viral HPVOPC mRNAs as polycistronic transcripts 

typically > 1,000 nt in length, and that the most common full-length transcript in viral ecDNA 

HPVOPC is 1,476 nt long, beginning at the p97 promoter with splicing at SD226-SA409 and 
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SD880-SA3358 extending to the early polyA tail, with coding potential for E6*I, full-length E7, 

E1^E4, and full-length E5. The function of the E6*I protein (a truncated protein with 43 

residues) remains incomplete, although E6*I is found predominantly in high risk HPV strains 

and not in low risk strains (51). Studies suggest it may have opposing functions to full-length 

E6 with respect to p53 and, through procaspase 8, the cellular response to the TNF-family of 

cytokines (52,53). Meanwhile, the E6*I RNA (which contains the E7 ORF) functions as a 

source of E7 mRNA and increases the efficiency of E7 protein translation.(36,54) E6*I has 

been observed in E6-expressing keratinocytes to upregulate IL6, a key cytokine in 

tumorigenesis and inflammation which functions via the JAK-STAT pathway (55). In addition, 

E6*I expressing cells demonstrated increased p53 levels as well as increased reactive oxygen 

species levels which has the effect of increasing DNA damage in cells (56). E6*I RNA levels 

were significantly higher in cervical samples from patients who had higher grades of dysplasia 

(57). In our cell line systems, we were able to demonstrate that the most common transcript 

expressing E6*I, full-length E7, E1^E4, and full-length E5 was able to induce proliferation, 

indicating that the net biologic effect of coordinated expression of these genes can support a 

malignant phenotype. Conventional and long-read RNA-seq of HPVOPC also suggest that 

mechanisms of oncogenesis independent of E6 exist, as we found the truncated form E6*I to 

be more common than full length E6 in mRNAs. This finding is of interest because the crystal 

structure of the ternary complex that inactivates p53 is comprised of full length E6, not E6*I 

(58). We found E5 protein was commonly expressed, and E5 is increasingly being recognized 

as a driver of HPV-mediated tumorigenesis (59) and mediates resistance to checkpoint 

inhibitor blockade in head and neck SCC and can be targeted (60). Finally, we have recently 

published data demonstrating a similar proliferative cellular phenotype in systems where 

E2/E4/E5 are expressed in comparison to E6/E7 expression, indicating that E6/E7 gene 

products may not be as critical for HPV mediated carcinogenesis (61). 
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 We have noted a striking propensity for canonical splicing junctions to be preserved in 

HPV viral transcripts, and that these canonical junctions serve as donors for acceptors to 

diverse human hybrid transcripts, resulting in consistent expression of specific HPV transcripts. 

Previous studies have identified hybrid viral-human transcripts in HPV anogenital lesions with 

the HPV splice donor being in the E1 ORF, but these findings have not yet been described in 

HPVOPC (62). We found that a unifying feature of tumors with hybrid genomes was 

preferential use of a human splice acceptor site for SD880, rather than the SA3358 HPV site. 

This is of interest because SA3358 has been documented as the primary splice acceptor 

involved in transcripts coding for E4, E5, E6, and E7 (38). Together, these data show that 

alternatively spliced forms of HPV genes, including E6*I, are in fact more highly expressed 

than conventional transcripts. These transcripts may be key to HPV carcinogenesis with 

potential value as therapeutic targets. In addition, the proliferation data we provide as well as 

prior reports of E2, E4, and E5 cooperative ability to support carcinogenesis indicate that 

coordinated expression of multiple transcripts may be necessary to reproduce phenotypic 

characteristics of malignancy (61). Similarly, we have found that the overexpressed human 

transcripts that are associated with human and hybrid ecDNA are quite diverse, comprising 

traditional oncogenes, e.g. CCND1, EGFR, oncogenic long non-coding RNAs like PVT1, as 

well as immune modulatory genes, including PDL1. In addition, circular HPV DNA molecules 

have often been assumed to represent traditional intact, full-length forms found in intact virus. 

However, we found that non-canonical HPV genome, including deletion in the L1/L2 region, 

were noted in the majority of tumors that contained HPV vcDNA, and that full-length intact HPV 

genome was not found in these tumors with non-canonical HPV vcDNA.  

 

 These data do have limitations and present opportunities for further investigation. The 

effect of viral promoters and genes that facilitate high expression of hybrid transcripts and 
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human oncogene expression in hybrid ecDNA structures is presumably facilitated by chromatin 

modification that is found in human ecDNA (7). However, the additional effect of viral promoters 

in an ecDNA context may facilitate chromatin structural effects. Although we have previously 

noted that human ecDNA is associated with poorer prognosis for human cancers in general, 

we have not seen worse prognosis associated with human ecDNA in HPVOPC, perhaps due 

to the small sample sizes available for ecDNA characterization, as well as the general 

favorable prognosis of HPVOPC.  

 

 The understanding of the role of ecDNA in HPVOPC has direct implications for 

development of HPVOPC therapy as ecDNA-mediated amplification has been recognized as 

a potential mechanism of therapeutic resistance and specific, overexpressed oncogenes on 

ecDNA may be targeted with precision medicine approaches (6). EcDNA may also have 

interactions with chromosomes, affecting stability and integration that may also provide 

therapeutic opportunities for HPVOPC (63), including the presence of ecDNA as a marker for 

susceptibility to DNA repair inhibition. Indeed, HPVOPC has been shown to be sensitive to 

Wee-1 and CHK1/2 inhibition, and SCC090 cells that we have identified as ecDNA driven in 

this manuscript have shown dramatic apoptotic response to ionizing radiation in combination 

with the Chk1/2 inhibitor prexasertib (64-66). Non-chromosomal circular oncogenic DNA is 

present and transcriptionally active in nearly all HPVOPC in the form of ecDNA and vcDNA, 

and the mechanisms of circular DNA formation and maintenance themselves may be potential 

therapeutic targets. It is possible that the HPV gene products that facilitate general 

mechanisms of non-chromosomal circular DNA formation may be targeted in all HPVOPC, to 

target vcDNA as well as human and hybrid ecDNA that transcribe a variety of oncogenic 

products. Finally, human genes overexpressed via ecDNA in individual tumors have key driver 
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oncogenic roles as well as roles in immune evasion that may serve as targets for personalized 

therapy.  
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3.6 Appendix 

 

Figure 3.1: Output from Amplicon Architect of the institutional and TCGA cohorts. Output from 
Amplicon Architect of the institutional and TCGA cohorts, including Amplicon figures and text 
files detailing breakpoints. 
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Figure 3.2: HPV oropharynx cancers display distinct patterns of hybrid status including 
extrachromosomal DNA structures. a, Unsupervised hierarchical clustering of splicing patterns 
for HPV16+ tumors (n=37). Hybrid genome (DNA) and transcriptome (RNA) status were 
assigned based on ViFi. Human ecDNA (extrachromosomal DNA) and hybrid ecDNA status 
were assigned based on AmpliconArchitect analysis. The accompanying heatmap displays 
splice junction coverage normalized as a percent of RNA-seq reads per tumor. Clustering of 
hybrid genome and hybrid transcriptome depended on splice junction coverage. Tumor T14 
had evidence of hybrid ecDNA but had too few reads (241 RNA-seq reads mapping to HPV16) 
to integrate into the heatmap. Canonical and non-canonical circular viral genome structure 
status was determined from AmpliconArchitect analysis. Tumor samples which did not have 
hybrid ecDNA were classified as non-canonical if they contained a cyclic decomposition and > 
100 bp of rearranged genomic content (including indels), while canonical circular status was 
assigned if no such large rearrangements were present. b, Unsupervised hierarchical 
clustering of splicing patterns of HPV16+ tumors in the TCGA cohort (n=28) validates the 
presence of hybrid, human, or viral ecDNA in the HPV16 cohort tumors using aforementioned 
ViFi and AmpliconArchitect. Tumor CV-7406 had HPV16 genomic copy number < 1. c, Circular 
genome structure of a 28 kbp human-viral hybrid ecDNA in T41. The circular genome CycleViz 
plot shows the following properties from outside to inside. Outer: putative genomic structure of 
the ecDNA, with genes and gene directions. In light blue a long-read transcript mapping to the 
circular ecDNA is shown, connecting viral regions to TTC33, then back to viral regions again. 
Middle track: black primary data indicates the RNA-seq positional coverage. Orange 
secondary data indicates the log2 ratio of T41’s exon-level FPKM values to the median FPKM 
values for those locations in study samples without ecDNA or viral integration. The purple line 
indicates a log2 positional FPKM ratio of 0. Inner track: black primary data indicates the WGS 
positional coverage. Light green secondary data indicates the mean WGS coverage for the 
chromosome from which the ecDNA was derived. Numeric values for the light grey tick lines 
are shown in the legend. The orange log2 positional FPKM ratio values in the middle track 
demonstrate increased expression of the regions compared to the median FPKM of study 
samples without ecDNA at those locations. d, Circular genome structure of a 67 kbp human-
viral hybrid ecDNA in TCGA-CV-5443. The circular genome CycleViz plot shows the following 
properties from outside to inside. Outer: putative genomic structure of the ecDNA, with genes 
and gene directions. Middle track: black primary data indicates the RNA-seq positional 
coverage. Orange secondary data indicates the log2 value of the ratio of TCGA-CV-5443’s 
exon-level FPKM values to the median FPKM values for those locations in study samples 
without ecDNA or viral integration. The purple line indicates a log2 positional FPKM ratio of 0. 
Inner track: black primary data indicates the WGS positional coverage. Light green secondary 
data indicates the mean WGS coverage for the chromosome from which the ecDNA was 
derived. Numeric values for the light grey tick lines are shown in the legend. The orange log2 
positional FPKM ratio values in the middle track demonstrate increased expression of the 
regions compared to the median FPKM of study samples without ecDNA at those locations. 
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Figure 3.3: Non-canonical virus structures. a, Amplicon of T39 non-canonical HPV16 viral 
ecDNA, demonstrating deletion (red line) of 678bp segment overlapping L1 gene. b, 
Circularized depiction of T39 non-canonical HPV16 viral ecDNA, inner grey arced lines 
demonstrate deletion of 678bp segment of L1 gene and closure of circular genome. c, Top: 
genome map of HPV16, indicating viral intra-genomic breakpoints and RNA breakpoints. 
Middle (DNA): Mean proportion of the CN at each position over the maximum HPV16 CN for 
each sample with non-canonical viral structures (yellow) and those with canonical viral 
structures (blue), based on AA copy number estimates. Bottom (RNA): RNA-seq coverage for 
non-canonical viral structures (yellow) and those with canonical viral structures (blue). 
Coverage is rescaled by the median coverage across the virus, and the log2 value is shown. 
The lower plot shows the log2 ratio of scaled coverage between orange and grey from the 
upper plot, representing a log2 foldchange in mean scaled coverage. Non-canonical viral 
structures demonstrated loss of copy number across the L2 and L1 viral genomes, with 
decreased transcription of the E6, E7, L1, and L2 genomic regions. 
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Figure 3.4: Oncogene expression is upregulated in extrachromosomal DNA structures. For a 
and b, x-axis groups ecDNA structures for individual tumor samples and orders by 
chromosomal location of the gene. The left axis corresponds to the bars, which are colored by 
the gene’s status as hybrid ecDNA oncogene (red), human ecDNA oncogene (blue), or not an 
established oncogene (grey) and indicates the fold-change in expression (FPKM) of the 
ecDNA+ tumor’s gene (g) against the expression of g in other tumors where the gene is not 
found on ecDNA (FPKM of g in the ecDNA+ tumor )/(mean FPKM of g in tumors where g is 
not on ecDNA). The right axis uses overlaid bubbles defining FPKM of each gene of interest 
in ecDNA in individual tumors colored by ecDNA type (blue for human or red for hybrid) and 
also for mean FPKM in tumors that do not contain the gene of interest on ecDNA (black dots). 
FPKM is corrected for depth and fragment length to provide a representative coverage of the 
gene, normalized against the read depth of the sequenced sample, and corrected for 
overrepresentation of shorter reads. a, EcDNA associated with human genes from the 
Institutional cohort exhibited upregulation of associated genes, with a mean FPKM-ratio of 9.59 
(SD 12.06); median 2.59 (IQR 1.58– 10.60). b, EcDNA associated with human genes from 
TCGA exhibited upregulation of associated genes, with a mean FPKM sample:control ratio of 
212.54 (SD 1,221.3); median 4.32 (IQR 2.14– 7.57). Genes (parentheses) refers to TCGA 
tumor affiliated with ecDNA gene. c, Human genes proximal to the viral human junction showed 
increased expression in association with both hybrid genomes and hybrid transcriptomes for 
both the institutional and TCGA cohorts. Human-viral hybrid ecDNA was associated with 
increased expression of associated genes in the Institutional cohort. Hybrid RNA tumors 
showed higher upregulation of associated genes than hybrid DNA tumors in both Institutional 
and TCGA cohorts. d, T41 shows dramatic increase in TTC33 expression downstream of the 
HPV-human hybrid sequence junction. 
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Figure 3.5: Downstream expression at site of integration of human/viral hybrid RNA sequence. 
Tumors T19 and T45 shows dramatic increase in TTC33 expression downstream of HPV-
human hybrid sequence. 
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Figure 3.6: Hybrid genome and transcriptome status results in distinct splicing patterns and 
HPV oncogene expression levels. a, Principal component analysis of splice junction 
expression in individual tumors with annotation of tumors by presence or absence of human-
viral hybrid transcripts. PCA of the tumor cohort supports the finding that hybrid transcriptome 
tumors (orange dots) exhibit distinct splicing patterns compared to non-hybrid transcriptome 
tumors (black dots). b, Top: genome map of HPV16, indicating human-viral DNA breakpoints 
and RNA breakpoints. Middle (DNA): Mean proportion of the CN at each position over the 
maximum HPV16 CN for each sample with hybrid RNA transcripts (orange) and those without 
(grey), based on AA copy number estimates. We observed selective enrichment of viral 
genomic copy number in the E6/E7 region, and 5’ end of E1 in hybrid RNA tumors, while those 
without hybrid RNA showed much more uniform enrichment of viral copy number throughout 
the genome. Bottom (RNA): RNA-seq coverage for hybrid RNA tumors (orange) and those 
without hybrid RNA (grey). Coverage is rescaled by the median coverage across the virus, and 
the log2 value is shown. The lower plot shows the log2 ratio of scaled coverage between 
orange and grey from the upper plot, representing a log2 fold-change in mean scaled 
coverage. The highest peak overlaps SD880, indicating selectively increased transcription of 
that location in tumors with hybrid RNA. We also observed that the E4/E5 region, including the 
5’ end of L2 were far less likely to have selective enrichment for genomic copy number in hybrid 
RNA tumors, and that there was decreased expression of those regions as compared to tumors 
without hybrid RNA. c, Splice acceptor cluster quantification of hybrid transcripts for 
Institutional and TCGA cohorts stratified based on splice donor location. We found that the 
median splice acceptor range varied from 29 to 20,399 nucleotides wide across the TCGA and 
institutional cohort, and were narrowest for SD1302 (median 28.8 in TCGA; 406 in institutional) 
and widest for SD226 (20,399 in institutional cohort). 
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Figure 3.7: Principal component analyses of utilization of canonical HPV splice sites in 
institutional and TCGA cohorts. Principal component analysis of splicing patterns based on 
hybrid DNA, hybrid RNA, human ecDNA, and hybrid ecDNA status.   
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Figure 3.8: HPV16 full length transcript structure in primary HPVOPC tumors. a, Integrated 
Genome Viewer graphics are displayed of long-read RNA whole genome poly A transcript 
sequencing on a subset of two tumors without hybrid transcripts (T2 and T38), one human 
ecDNA tumor with hybrid transcript expression (T19), and one hybrid ecDNA tumor with hybrid 
transcripts (T45). b, The most common long read Iso-Seq transcripts mapping to HPV 
exclusively are depicted with their coding potential. The single most common full-length 
transcript in non-hybrid tumors was 1,476 nt long, beginning at the p97 promoter with splicing 
at SD226-SA409 and SD880-SA3358 extending to the early polyA tail, with coding potential 
for the E6 oncoprotein variant E6*I defined by SD226-SA409, full-length E7, full-length E4, and 
full-length E5. c, Poly-A tail-based long-read RNA sequencing of non-integrated and integrated 
tumors with mapping of full-length transcripts to HPV-16 genome demonstrates the 
transcriptome patterns in primary tumors. Identical isoforms have been color-coded. Read 
counts fewer than 5 were discarded. Full length coverage counts per Iso-Seq protocol are not 
proportionate to transcript quantity. Tumors without hybrid transcripts (T2 and T38) have 
distinct transcriptomes from those with hybrid transcripts and with ecDNA (T19, T45).  
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Figure 3.9: Verification of full-length transcript identified by Amplicon Architect. Three putative 
splice reads are displayed with viral sequence in blue and human sequence in red. RT-PCR 
demonstrates the expected size amplicon in agarose gel, followed by excision of gel and 
Sanger sequencing confirmation of expected sequence.  
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Figure 3.10: Functional activity of hybrid ecDNA structures and full-length HPV transcripts. a, 
T41 entire transcript (E6-E7-E1-TTC33*-E5*) as well as daughter constructs were cloned into 
a pcDNA 3.1(+)-myc-His A vector (Genscript, Inc.). b, Most common full length HPV16 RNA 
(E6*I-E7-E4-E5) as well as daughter constructs were cloned into a pcDNA 3.1(+)-myc-His A 
vector (Genscript, Inc.). c, Transfection of pcDNA cloned with T41 fusion transcript and HPV 
transcript promoted the proliferation in HCT116. The proliferation assays after transient 
transfection of pcDNA3.1 cloned with empty, E6*I, E7, E6*IE7, E6E7, E6*IE7E4E5, TTC33, 
E6E7E1, E5truncated, E4E5 and T41 vector (E6-E7-E1-TTC33*-E5*) were performed on 
HCT116. Proliferation was normalized to day0, and relative absorbance of day2/day0 data was 
shown. E6*I, E7, E6*IE7, E6E7, E6*IE7E4E5, TTC33, E6E7E1 and T41 vector promoted the 
proliferation significantly compared to the empty vector (p =0.02, 3x10-4, 6x10-3, 0.02, 0.03, 
2x10-4, 7x10-3, and 0.01, respectively, *p<0.05, Student’s t-test. Error bars represent standard 
error. d, Transfection of pcDNA cloned with T41 fusion transcript and HPV transcript promoted 
the proliferation in NOKSI cells. The proliferation assays after transient transfection of 
pcDNA3.1 cloned with empty, E6*I, E7, E6*IE7, E6E7, E6*IE7E4E5, TTC33, E6E7E1, 
E5truncated, E4E5 and T41 vector (E6-E7-E1-TTC33*-E5*) were performed on NOKSI cells. 
Proliferation was normalized to day0, and relative absorbance of day2/day0 data was shown. 
E6*I, E6E7, E6E7E1 and the entire intact hybrid transcript from T41 increased proliferation 
(p=0.02, 0.01, 0.03, and 0.04, respectively, *p<0.05, Student’s t-test. Error bars represent 
standard error. e, Proliferation assay after knockdown of FOXE1 was performed on SCC090. 
Knockdown of FOXE1 using siRNA of FOXE1 (Santa Cruz biotech) significantly suppressed 
the proliferation compared to the scramble control (Santa Cruz biotech). Percent viability was 
normalized to day0. *p<0.05, Student’s t-test. Error bars represent standard error. f, Data 
derived via reverse phase protein arrays (RPPA) corresponding to head and neck squamous 
cell carcinoma samples included in TCGA were extracted from The Cancer Proteome Atlas 
(TCPA). Nine tumor samples identified as being HPV+ in the TCGA cohort had RPPA-derived 
expression data available in TCPA. Mean PDL1 protein expression in TCGA-CV-5443 (red 
data point outlier) was increased 7.6 X relative to the mean of the other eight TCGA tumors 
represented by standard box and whisker plot including median horizontal line inside box, box 
spanning interquartile range, and whiskers extending to highest and lowest value of these eight 
tumors (one sample T-test p<0.001). 
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CHAPTER 4: Extrachromosomal DNA is a driver of the malignant transformation from 

Barrett’s esophagus to adenocarcinoma 

4.1 Introduction 

 Esophageal adenocarcinoma (EAC) arises from a precursor lesion, Barrett’s 

esophagus (BE) (1,2). BE may carry many genomic abnormalities, however somatic genomic 

copy number changes frequently precede and predict malignancy in BE, often by multiple 

years (3). Somatic copy number changes come in many forms. Prior work has established one 

particular form of copy number change, the presence of focal somatic copy number 

amplifications (fsCNAs) of up to 10 Mbp, to be associated with malignancy, particularly when 

oncogenes are involved (4,5). Oncogene-bearing fsCNA represent a hallmark of the cancer 

genome (4,6–10).  

 

 FsCNA may arise by many related mechanisms including, but not limited to, 

extrachromosomal circular DNA (ecDNA) (11–13), breakage-fusion-bridge (BFB) cycles 

(14,15), chromothripsis (16,17), tandem short template jumps (18), and other forms of genomic 

instability which enable the formation of double-stranded DNA breaks (19). 

 

 Circular extrachromosomal DNA (ecDNA) is a frequent cause of oncogene 

amplification (5), epigenetic and transcriptional dysregulation (20,21), resulting in more 

aggressive tumors with poorer patient survival, regardless of cancer type (5). While previous 

studies have characterized the frequency of ecDNA in extant tumors, cell lines, and even have 

induced the formation and evolution of ecDNA in cancer cell lines by drug application (22), less 

is known about its natural origins in tumors or its presence in pre-cancerous tissue. Whether 

ecDNA represents an event occurring early or later in tumorigenesis is incompletely 

understood, as is ecDNA’s role as a passenger or a driver during malignant transformation.  
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 Barrett’s esophagus presents a unique opportunity to study the origins of ecDNA, as 

BE tissue can exist in patients for decades prior to malignant transformation into EAC (3). 

However, the progression of BE to EAC is relatively uncommon in patients (0.3% per annum), 

and current standards of care involve the use of histopathology to inform intervention (typically 

endoscopic resection or radiofrequency ablation). Barrett’s lesions are both clonal and typically 

very diverse in their genomic landscape. As a result, the molecular phenotypes associated 

with worsened histological states are incompletely understood in BE.  

 

 To begin to better understand the origins of ecDNA, we analyzed 572 Barrett’s 

esophagus and esophageal adenocarcinoma samples derived from 306 cancer outcome and 

non-cancer outcome patients, from multiple independent cohorts. We utilized data from the 

Fred Hutchinson Cancer Research Center (FHCRC, Seattle, USA), the Medical Research 

Council Cancer Unit (MRCCU, Cambridge, UK), as well as EAC tumors in the International 

Cancer Genome Consortium (ICGC) and The Cancer Genome Atlas (TCGA) databases and 

examined the role of ecDNA in malignant transformation of BE. 

 

4.2 Results 

4.2.1 FHCRC cohort 

 To understand the role of ecDNA in malignant transformation, we investigated a BE 

cohort from the Fred Hutchinson Research Center (FHCRC). The FHCRC cohort was derived 

from a BE surveillance study. Biopsies were primarily taken from two retrospectively assigned 

time-points, referred to as T1 and T2, and WGS data was generated for two levels of biopsies 

in the esophagus at each time-point (Figure 4.1a). Forty patients who developed esophageal 

adenocarcinoma were assigned a “cancer outcome” (CO) label. Among the CO patients, T2 

was the endoscopic sampling time-point where cancer was discovered. Forty patients who did 
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not develop esophageal adenocarcinoma were assigned a “non-cancer outcome” (NCO) label. 

The distribution of time intervals between T1 and T2 were designed to be similar between NCO 

and CO patients (median 2.8 years versus 2.1 years, respectively, Mann-Whitney U test, p-

value=0.057, test statistic=635.5, Ha=less, Figure 4.2). 

 

 In total, the FHCRC dataset included 320 esophageal WGS samples collected at time-

points T1 and T2 from CO and NCO patients (Figure 4.1b). In addition, 20 long-term follow-up 

samples from 10 NCO patients (median 9.6 years after T2) were collected, and at least one 

matched normal sample was collected for each patient, including 62 normal blood and 25 

normal gastric samples - resulting in 427 sequencing samples with an average sequencing 

depth of 74x for esophageal samples and 38x for normals. 

 

 The FHCRC BE samples were prepared and analyzed by the following steps (Figure 

4.1c); crypt isolation to separate BE tissue from the basement membrane, WGS of the isolated 

crypts, CNV calling on aligned WGS data (Methods – “FHCRC cohort data generation”), 

identification of seed regions for focal amplification analysis. AmpliconArchitect has recently 

been used to identify extrachromosomal DNA from mapped WGS reads with high precision 

and recall (5, 23). Therefore, focal amplifications were characterized using AmpliconArchitect 

(Methods – “FHCRC cohort focal amplification detection”). 

 

 Histology and sequencing biopsies were collected separately in the FHCRC study 

(Figure 4.1d). To match the two types of biopsies we defined both an on-level histology and a 

windowed (+/-1cm) histology based on matching the distance (or “height”) of the biopsies from 

the gastroesophageal junction (GEJ). In cases where multiple histology biopsies existed on 

the same level or in the same window, the highest disease-state was considered. 
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 In total, we identified ecDNA in 13/40 (33%) of FHCRC CO patients, and 1/40 (3%) of 

FHCRC NCO patients, identifying ecDNA at multiple time-points in 7/14 (50%) of ecDNA+ 

patients (Figure 4.1e), including in 8 patients with pre-cancerous tissue but no detectable 

cancer. The single NCO patient with ecDNA (patient 303), passed away 2.5 years after the 

last endoscopy (T2). While the patient is characterized as NCO, it is unknown whether the 

patient developed EAC in the two years prior to death, and the patient is denoted by a gold 

star in the study. Across all four biopsies from either time-point, we found 8/14 (57%) ecDNA-

positive patients who had ecDNA in multiple biopsies. EcDNA-positive patients showed a 

statistically significant increase in maximum histology between T1 to T2 (Figure 4.1f, Wilcoxon 

signed-rank test, p-value=4.7x10-4, test statistic=1.5, Ha=less). In contrast, we identified no 

ecDNA in matched normal blood or gastric samples from NCO and CO (Figure 4.3a-b), nor did 

we identify any ecDNA in the 20 NCO long-term follow-up samples (Figure 4.3c). 

 

 We examined associated histology data in the FHCRC cohort to understand its 

relationship with ecDNA status in both time-points. At time-point T1, where none of the CO 

patients had been diagnosed with cancer, we found that 100% (6/6) of ecDNA-positive biopsies 

showed high grade dysplasia (HGD) in their on-level histology. By contrast, in 54% (25/46) of 

the ecDNA-negative biopsies, HGD was not detected (Figure 4.1g, odds ratio (OR)=15.4, 

Fisher’s exact test, p-value=0.015, Ha=greater). Examining the CO patients again at T2, where 

cancer was first identified in the patients, 82% (9/11) of ecDNA-positive biopsies had EAC in 

the on-level histology, and the remaining biopsies associated with HGD. Among ecDNA-

negative biopsies, however, only 47% (20/43) were associated with EAC, and 21% (9/43) 

remained associated with BE only (Figure 4.1h, OR=5.2, Fisher’s exact test, p-value=0.037, 

Ha=greater).  
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 Genomic amplifications are a known driver of EAC progression from BE (3, 24). 

Grouping FHCRC NCO and CO samples at time-point T2 and using histology assigned from 

a windowed approach, we found that non-ecDNA fsCNA were associated with a higher 

incidence of HGD or EAC (Figure 1i, OR=4.7, Fisher’s exact test, p-value=1.1x10-4, 

Ha=greater). However, all ecDNA-positive samples at that time-point associated even more 

strongly with HGD or EAC (OR=29.4, Fisher’s exact test, p-value=2.0x10-4, Ha=greater), 

illustrating that focal amplification type has a profound effect on worsened disease state. 

 

4.2.2 MRCCU cohort 

 We also sought to characterize ecDNA in an independent, curated cross-sectional 

group of BE & early EAC patients. The MRCCU study involved manual curation of samples 

from 117 patients in the United Kingdom (UK). Based on highest disease stage per patient as 

assessed by histology (Figure 4.4a, Methods – “MRCCU sample selection”), we stratified 

patients into three groups: 1) 42 patients whose worst disease state never progressed past 

non-dysplastic Barrett’s esophagus (mean follow-up length 6.2 years). 2) 25 patients who 

developed HGD and never progressed past that point due to interventional therapy. 3) 50 

patients who developed BE-adjacent EAC. The BE-only category of the MRCCU cohort is 

similar to FHCRC NCO patients with BE as the maximum histology, while the HGD category 

of the MRCCU cohort is similar to a combination of FHCRC CO (time-point T1) and NCO (time-

point T2) patients who have HGD as the maximum histology. The MRCCU EAC category is 

most similar to FHCRC CO patients at T2. The biopsies or resection samples characterized at 

the patient’s most severe histological state were the same samples used to generate WGS 

data with 50X average depth (Methods – “MRCCU cohort sequencing data”). The PrepareAA 

pipeline was used to identify seed regions, with AA to characterize the architecture of the focal 

amplifications (Figure 4.4b, Methods – “MRCCU and ICGC focal amplification detection”). 
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 In the MRCCU BE-only (without progression) category, we found no ecDNA in 42 

samples (Figure 4.4c), while in the MRCCU HGD category, where the patients subsequently 

underwent therapeutic intervention shortly after the first identification of HGD, we identified 1 

ecDNA+ patient out of 25 total (4%) (Figure 2c). In the BE-adjacent EAC category we identified 

12 ecDNA+ patients out of 50 (24%), further reinforcing that ecDNA is not a characteristic of 

non-progressing Barrett’s esophagus, but instead is found commonly in pre-cancers 

undergoing malignant transformation and is also found in early EAC tumors.  

 

 We associated ecDNA status and other (non-ecDNA) fsCNA status with the matched 

histological findings (Figure 4.4d) to determine whether ecDNA presence was associated with 

worsened histology in the matched WGS/histology samples in the MRCCU cohort. When 

compared to samples without any fsCNA, samples with non-ecDNA fsCNA associated with 

higher-grade (HGD or EAC) histological status (OR=11.8, Fisher’s exact test, p-value=7.5x10-

5, Ha=greater). However, ecDNA-positive samples, when compared to ecDNA-negative 

samples with both being agnostic to other fsCNAs, showed an even stronger association with 

higher-grade histological state (OR=18.4, Fisher’s exact test, p-value=2.0x10-3, Ha=greater).  

 

4.2.3 Association of ecDNA and other genomic lesions with histology and cancer 

outcome 

 To understand the relationship between genome instability and the origin of focal 

amplifications in the pre-cancer samples and early EACs, we examined related genomic 

features, including breakage-fusion bridge (BFB) presence, non-ecDNA & non-BFB fsCNA, 

TP53 gene disruption, whole-genome duplication (WGD) status, and chromothripsis presence 

in both CO patients (Figure 4.5) and NCO patients (Figure 4.6). We performed a similar 
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analysis in the MRCCU patients as well, characterizing BFB status, other fsCNA (non-ecDNA 

& non-BFB), and TP53 gene disruption (Figure 4.7). 

 

 Profiling the focal amplification types in both FHCRC and MRCCU cohorts revealed 

multiple types of focal amplifications had strong associations with worsened histological status 

(Figure 4.8). In the FHCRC cohort time-point T2 samples, when ecDNA was present in the 

windowed histology it was always associated with HGD or worse (OR=29.4) and in MRCCU 

samples when ecDNA was present was also always associated with HGD or worse (OR=18.4). 

 

 Prior loss of TP53, even partially, enables the development of genomic instability (25, 

26), and we found in both FHCRC and MRCCU cohorts a strong association between TP53 

disruption and ecDNA-positive status (Fisher’s exact test, p-values 1.1x10-4 and 0.023, 

respectively for FHCRC and MRCCU, Ha=greater), as well as between TP53 disruption and 

BFB-positive status (Figure 4.9a-d, Fisher’s exact test, p-values=4.8x10-6 and 1.8x10-4 

respectively, Ha=greater) – despite different methodologies being used to analyze the status 

of TP53 in the two cohorts (Methods – “TP53 disruption analysis”). 

 

 In the FHCRC data we found that TP53 disruption had a statistically significant 

association with increased frequency of WGD (Figure 4.10a, Fisher’s exact test, p-

value=1.4x10-21, Ha=greater) as well as a statistically significant association with increased 

frequency of chromothripsis (Figure 4.10b, Fisher’s exact test, p-value=8.2x10-7, Ha=greater). 

EcDNA, non-ecDNA fsCNA, WGD, chromothripsis all preferentially occurred in TP53 disrupted 

samples, suggesting that TP53 disruption frequently precedes those events. We subsequently 

conditioned on TP53 disruption and examined the association of ecDNA with WGD, and also 

examined the association of ecDNA with chromothripsis in FHCRC patients. We found that 
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while ecDNA was more frequent in WGD samples (17% in WGD-negative, 28% in WGD-

positive) and more frequent in chromothriptic samples (19% chromothripsis-negative vs 33% 

chromothripsis-positive), there was not a statistically significant relationship between increased 

frequency of ecDNA and WGD or chromothripsis (Figure 4.10c-d, Fisher’s exact test, p-

values=0.14 and 0.12, respectively, Ha=greater). It is also important to note that TP53 

disruption was not found to be an exclusive phenomenon in cancer-outcome patients (9/40, 

23% in FHCRC NCO - Figure 4.6, 8/42 19% in MRCCU BE, Figure 4.7). Together these results 

indicate that ecDNA may by a number of different mechanisms and the destabilizing effect of 

prior TP53 disruption on the genome is tightly linked to ecDNA formation. 

 

 We compared ecDNA occurrence to the presence of other genomic lesions in the 

FHCRC data to assess the specificity with which they associated with cancer outcome status. 

We assessed FHCRC pre-cancer samples from NCO patients at time-points T1 & T2 (patient 

303 censored due to poor survival) and pre-cancer CO patients at time-point T1 (Supplemental 

Figure 9a). Compared to ecDNA status (OR = 17.7), we found that WGD, TP53 disruption, 

non-ecDNA fsCNA, and chromothripsis, showed less-specific association with cancer outcome 

(ORs=8.1, 4.6, 4.5, 2.1, respectively). When restricting the analysis solely to FHCRC CO 

patients at pre-cancer time-point T1 (Figure 4.11b), we found ecDNA and chromothripsis had 

the strongest association with high-grade dysplasia (OR = 15.4 in both), as compared to WGD, 

TP53 disruption, and non-ecDNA fsCNA presence (ORs = 14.1, 4.2, 2.4, respectively).  

 

4.2.4 Tracking clonal ecDNA 

 The longitudinal, multiregional biopsy collection in the FHCRC cohort allowed us to 

track ecDNA across multiple time-points in the same individual. To quantify the similarities 

between two genomically overlapping focal amplifications (Figure 4.12a), we developed an 
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amplicon similarity score ranging from 0 to 1, where 0 = no similarity and 1 = identical, to 

quantify overlaps between amplified genomics coordinates as well as overlaps between 

breakpoint junctions (Figure 4.12b, Methods - “Amplicon similarity score”, Figure 4.13a-d). The 

amplicon similarity score can be computed in two ways – a directional similarity, and a 

symmetric similarity (Figure 4.12c). Importantly, the directional similarity quantifies one 

amplicon’s similarity as a subset of regions and breakpoints identified in the other, while the 

symmetric similarity score represents the mean of both directional similarities. A key benefit of 

the directional similarity is that it enables quantification of the similarity of genomic regions and 

breakpoints from a more diverged amplicon to parent amplicon. This enabled a quantitative 

analysis to determine if two amplicons arose from a common origin, where the parental 

amplicon’s genomic segments and breakpoints formed a subset of those found in the other 

amplicon.  

 

 In the symmetric similarity scoring, the statistical significance of the overlap between 

two amplicons is computed against a background panel of genomically overlapping amplicons 

from unrelated, independent origins. We fit the empirical distribution of overlapping unrelated 

amplicon similarity scores with a beta distribution using a maximum likelihood estimation 

approach to create a robust model from which to assess statistical significance of overlaps. 

 

 Applying the amplicon similarity scoring to multiple focal amplifications from the same 

patient, we found that overlapping focal amplification had significantly higher similarity scores 

than overlapping focal amplifications from different patients (Figure 4.12d, Mann-Whitney U 

test, p-value=1.2x10-24, test statistic=771.5, Ha=greater). We next identified clonal ecDNA and 

other focal amplifications present at multiple time-points in pre-cancer and EAC samples. 

Importantly, when genomically overlapping ecDNA amplicons were detected in multiple 
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samples from the same patient, the ecDNA amplicons shared high similarity, evaluated against 

the null distribution of overlapping focal amplifications from independent origins in three 

different studies (Methods – “Amplicon similarity score”, Figure 4.12e). Of 11 genomically 

overlapping ecDNA pairs from the same patients, 10 fell in the 95th percentile or higher of the 

null distribution model. This suggests that ecDNA detected in pre-cancer are frequently 

maintained through the transition to cancer. Furthermore, when overlapping ecDNA are 

identified in multi-region sampling of BE tissue or EAC tumors, they are frequently resulting 

from a common origin. 

 

 To track the emergence of ecDNA even more comprehensively, in FHCRC CO patient 

391 (Figure 4.12f), we leveraged 6 additional biopsies, beyond the four collected at T1 and T2, 

and identified two distinct ecDNA species which appeared in multiple samples within and 

across time-points (Figure 4.12g). While the patient had high-grade dysplasia in multiple 

regions in the first endoscopy, we did not detect ecDNA in nearby WGS samples. However, 

from the second surveillance endoscopy, performed 5.6 years later, we identified ecDNA 

(ecDNA-1) in the one sample submitted for WGS with high-grade dysplasia in the windowed 

histology. From the third surveillance endoscopy performed 6.5 months later, we identified two 

distinct species of ecDNA (ecDNA-1 and ecDNA-2). While ecDNA-1 appeared at multiple 

levels of the esophagus (Figure 4.12h), including on levels associated with both HGD and 

EAC, it did not carry canonical oncogenes. On the other hand, ecDNA-2 carried three canonical 

oncogenes, RIM2, SOCS1, and CIITA (Figure 4.12i), and was associated with EAC histology.  

 

 EcDNA-1 appeared in six biopsies/resections, and the mean similarity score of the 

ecDNA across all fifteen possible pairings was 0.935 (null beta distribution p-value=1.3x10-9). 

EcDNA-2 appeared in three biopsies/resections and the mean similarity score of the ecDNA 
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across all three possible pairings was 0.865 (null beta distribution p-value=3.7x10-7), 

demonstrating the clonality of both species. 

 

 We additionally highlighted two patients with recurrently detected oncogene-carrying 

ecDNA. In these cases, ecDNA was first detected at an earlier disease state than the EAC-

state associated with the two ecDNA in patient 391. In FHCRC CO patient 169, we identified 

a candidate focal amplification on chr18 in a time-point T1 WGS sample with HGD in the 

histology window (Figure 4.14a). Analysis of the focal amplification region identified an ecDNA 

carrying GATA6 (Figure 4.14b). A second WGS sample at time-point T2, taken at the same 

distance from the GEJ (3cm) 2.74 years later revealed a focal amplification in the same region 

with EAC in the sample’s histology window (Figure 4.14c). Analysis of the region also revealed 

an identical 2.23 Mbp ecDNA (Figure 4.14d-e). This ecDNA appeared in three of four biopsies 

from patient 169 and the mean similarity score of the ecDNA between all three pairings was 

1.000 (null beta distribution p-value=1.1x10-16). In a second example from FHCRC CO patient 

740, we identified a candidate focal amplification on chr6 in a time-point T1 WGS sample with 

HGD in the histology window (Figure 4.14f). Analysis of the focal amplification region identified 

a low CN ecDNA carrying POU5F1, HMGA1 and PIM1 (Figure 4.14g). A second WGS sample 

at time-point T2, taken at the same distance from the GEJ (2cm) 1.08 years later revealed a 

focal amplification in the same region with EAC in the sample’s histology window (Figure 

4.14h). Analysis of the region revealed the same oncogenes with increased copy number as 

compared to the first time-point (Figure 4.14i), and we recovered a conserved core ecDNA 

cycle from the focal amplification carrying HMGA1 and having length 1.22 Mbp seen in both 

samples from time-point T1 and time-point T2 (Figure 4.14j, ecDNA region similarity score = 

0.729, null beta distribution p-value=7.9x10-5). Taken together, the tracking of ecDNA during 

malignant transformation demonstrates ecDNA formation is a truncal event. 
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4.2.5 The characteristics of ecDNA in BE and BE-derived EAC 

 Barrett’s esophagus is thought to be the precursor of all esophageal adenocarcinomas 

(27), and thus we sought to also understand the relationship between ecDNA appearing in BE 

and EAC. To improve power, we additionally analyzed 109 esophageal carcinoma samples 

from ICGC (89 samples) and TCGA (20 samples). 

 

 We identified increasing rates of ecDNA in patients from the MRCCU EAC cohort 

(24%), FHCRC CO cohort (33%), and the combined ICGC & TCGA cohorts (43%) (Figure 

4.15a), despite the different cohorts representing different levels of surveillance and sampling 

density. We found that 26/84 (31%) of combined BE & EAC ecDNA-positive samples in our 

study contained more than one distinct species of ecDNA (Figure 4.15b), suggesting that 

ecDNA heterogeneity and competition between multiple distinct ecDNA may play a role in EAC 

evolution.  

 

 We found that the copy number of ecDNA in EAC is significantly higher than in pre-

cancer (Mann-Whitney U test, p-value=0.035, test statistic=503.0, Ha=greater), indicating 

positive selection of ecDNA during the malignant transformation (Figure 4.15c). Furthermore, 

we found that while the length of ecDNA were not significantly different between BE and EAC 

states (Figure 4.16) (Mann-Whitney U test, p-value=0.12, test statistic=585.0, Ha=less), the 

complexity of structural rearrangements in ecDNA-derived regions of the genome increased 

between pre-cancer and EAC (Figure 4.15d, Mann-Whitney U test, p-value=0.024, test 

statistic=429.0, Ha=less). The results highlighted the impact of positive selection in mediating 

continued evolution and increasing heterogeneity of ecDNA during the malignant 

transformation. 
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 We also characterized the gene contents of the ecDNAs, and their copy number 

changes during disease progression. EcDNA tended to have a significantly larger number of 

oncogenes than non-ecDNA focal amplifications (1.18 oncogenes per ecDNA versus, 0.96 

oncogenes per non-ecDNA fsCNA, Mann-Whitney U test, p-value=0.024, test 

statistic=28258.5, Ha=greater). We examined the changing copy number of ecDNA-borne 

genes in the clonal, recurrently detected ecDNA from the FHCRC study, across time-points T1 

and T2. We found that five of the six recurrently detected FHCRC ecDNA, had at least one 

gene which increased in copy number between the two time-points (Wilcoxon signed-rank test, 

p-value=0.023, test statistic=1.0, Ha=less) (Figure 4.15e). In all samples analyzed in our study, 

when compared to non-ecDNA focal amplifications, we found that ecDNA permitted a greater 

maximum oncogene copy number than non-ecDNA focal amplifications (Figure 4.15f, Mann-

Whitney U test, p-value=1.1x10-4, test statistic=3922.5, Ha=greater), with some genes 

surpassing a CN > 100. When considering the highest CN oncogene per ecDNA, ecDNA also 

permitted greater diversity in maximum copy number (non-ecDNA fsCNA oncogene CN 

variance = 130.4, ecDNA oncogene CN variance = 739.3, Levene’s test, p-value=1.6x10-4, test 

statistic=14.7). Interestingly, across all samples, the highest CN oncogene in ecDNA tended 

to be ERBB2 – one of the most frequently amplified oncogenes in BE and EAC (24, 28, 29).  

 

 While ecDNA-borne oncogenes were frequently amplified in a recurrent fashion, we 

noted that in ecDNA-positive tumors, a significant fraction of the ecDNA-borne oncogenes 

were not detected on non-ecDNA fsCNA (Figure 4.15g), suggesting that ecDNA may permit a 

wider variety of oncogene amplifications than other mechanisms such as BFB. We found that 

ecDNA carried 70 unique oncogenes across 122 distinct ecDNA (0.57 unique genes per 

ecDNA), while non-ecDNA fsCNA carried 149 unique oncogenes across 419 distinct 

amplicons (0.36 unique genes per non-ecDNA fsCNA). We also found that despite the high 
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diversity of oncogenes, the genomic intervals amplified on ecDNA were non-random. We 

compared ecDNA-derived regions to oncogene intervals known to associate with BE and EAC, 

and found a significant overlap, once again suggesting that oncogene-containing ecDNAs are 

positively selected (ISTAT interval overlap test, p=1.7x10-4, Figure 4.15h, Figure 4.17). Among 

oncogenes identified in all cohorts, we observed a number of canonical BE- and EAC-

associated oncogenes amplified on ecDNA (Figure 4.15i). 

 

 We asked whether ecDNA was more common in early- or late-stage EAC tumors. 

Using the AJCC cancer stage criteria we found that ecDNA was not significantly more enriched 

in the 28 stage I-II EACs from ICGC & TCGA (15/28 ecDNA+, 54%) than in the 28 stage III-IV 

EACs (11/38 ecDNA+, 39%) in that group (Fisher’s exact test, p-value=0.21, Ha=greater). 

However, we did find that there was a significantly greater fraction of ecDNA-positive EACs in 

ICGC & TCGA than in BE pre-cancers fated to become cancer (FHCRC CO T1, 7/40, 18% vs. 

MRCCU, ICGC & TCGA EACs, 59/159, 37%, respectively, Fisher’s exact test, p-value=0.013, 

Ha=greater), indicating that ecDNA formation may occur continually though tumorigenesis. 

Additionally, we found ecDNA-positive status had a significant association with tumor invasion, 

as scored by AJCC T-status criteria (Fisher’s exact test, p-value=0.019, Ha=greater) and 

ecDNA was found more frequently in moderately- to severely-invasive tumors (Figure 4.15j). 

 

 

4.3 Discussion 

 While genomic amplifications are known to predict cancer outcome (3), we found 

that not all focal amplifications are equally associated with worsened disease state. Our 

study identified extrachromosomal DNA as an early driver of malignant transformation in 

esophageal adenocarcinoma, detectable not only in mid- to late-stage tumors but also in 
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microscopic early-stage tumors, and frequently in pre-cancerous tissue. We demonstrated 

these findings through an analysis of patients from multiple independent cohorts, utilizing data 

from the Fred Hutchinson Cancer Research Center (USA), the Medical Research Council 

Cancer Unit (UK), as well as EAC tumors in the International Cancer Genome Consortium 

(ICGC) and The Cancer Genome Atlas (TCGA) databases. Analysis of the contents of ecDNA 

in Barrett’s and Barrett’s-derived cancers demonstrates ecDNA as a potent medium for the 

focal amplification of a wide variety of oncogenes.  

 

 In all samples, we considered associated histology data, linking ecDNA to more severe 

histological states. We included data derived from longitudinal surveillance of Barrett’s patients 

and included cross-sectional data representing patients with multiple distinct histological states 

to provide a comprehensive survey of the genomic and histological associations of ecDNA 

formation. Whenever ecDNA appeared in the FHCRC cohort, it was associated with worsened 

histological state than non-ecDNA samples, demonstrating that ecDNA in pre-cancer is not a 

genomic curiosity, but rather an important genomic lesion which drives malignant changes in 

pre-malignant tissue phenotypes. 

 

 Through longitudinal, multiregional sampling of individual patients, we identified 

oncogene carrying ecDNA which were conserved between pre-cancer and cancer states, 

demonstrating the truncal nature of ecDNA in tumor development. Our finding that ecDNA 

copy numbers were increased in cancer versus pre-cancer suggests continued positive 

selection of ecDNA in tumors.  

 

 The strong association of ecDNA to more severe histology, the preferential 

amplification of oncogenes on ecDNA, and the rapid evolution of ecDNA copy number and 
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structure all point to ecDNA as a critical indicator for intervention in Barrett’s derived 

esophageal adenocarcinoma and BE-associated HGD. We propose that these same principles 

of ecDNA as a frequent early driver of malignancy apply broadly to other cancer types. Many 

BE-associated ecDNA contain highly similar sets of oncogenes as found in the ecDNA of other 

cancers, likely conferring highly similar benefits to tumor-cell fitness. We believe it is highly 

likely that ecDNA similarly exists in other pre-cancers, ultimately acting as a key driver of the 

malignant transformation regardless of tissue type. 

 

4.4 Methods 

4.4.1 FHCRC study data 

 The full methodology for the study design and data generation from the FHRCR cohort 

is presented in Paulson et al. 2021. In brief, surveillance followed the Seattle protocol. Two 

groups of 40 patients with cancer and non-cancer outcomes during the study period were 

identified, where inclusion criteria required 2 or more endoscopies where BE segments of 2 

cm or more were present, and no prior ablative, photodynamic, or surgical intervention for the 

disease had been performed. At each of the two primary study timepoints (T1, T2), biopsies 

and one-third and two-thirds of the height of the BE segment (measured from the GEJ) were 

collected for subsequent WGS. If EAC was present, it was preferentially chosen as one of the 

two T2 biopsies. Ten NCO patients, two additional biopsies were collected at a long-term follow 

up timepoint. For each biopsy, the epithelial layer was isolated from stroma. Matched normal 

were derived from blood, and additional normal gastric fundus tissue was sequenced in seven 

patients. 

 

 WGS was performed using an Illumina HiSeqX sequencer, following the WGS library 

preparation protocol outlined in Paulson et al. 2021. Reads were then aligned with BWA-MEM 
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(30) (version 0.6.2-r126) to GRCh37 (1000 Genomes Project human_g1k_v37 with decoy 

sequence hs37d5). BAM files went subsequent indel realignment with GATK IndelRealigner 

(31) (version 3.4-0-g7e26428). 

 

 Whole genome duplication calls were specified by examining WGS from samples to 

determine if >1000 Mbp of the genome showed evidence of somatic copy number 

amplification. Chromothripsis status was called using JaBbA (32), as presented in Paulson et 

al. 2021.  

 

4.4.2 FHCRC cohort focal amplification detection 

 We utilized the PrepareAA wrapper (https://github.com/jluebeck/PrepareAA) to detect 

focal amplifications in the FHCRC cohort. The wrapper pipeline for seed detection incorporated 

CNVKit (33) (version 0.96) run in tumor-normal mode to call somatic CNVs against the 

matched normal WGS samples for each patient (when multiple normal samples were available, 

one was selected arbitrarily). Normal samples also underwent the same pipeline in unpaired 

mode for standalone CNV detection. The CNV calls were then provided the 

amplified_intervals.py script and filtered based on regions having CN > 4.3 (4.0 for normals) 

and size > 50kbp (10kbp for normals) to produce sets of seed regions. For each patient, seed 

regions from all that patient’s samples were combined into a set of patient-specific regions, 

such that AA would be run on the same regions for every sample. The wrapper then invoked 

AmpliconArchitect (23) (version 1.2) in default mode on the WGS BAM files to examine seed 

regions and profile the architecture of the focal amplifications. The resulting graph and cycles 

output files were provided to AmpliconClassifier (AC) (version 0.4.5) to produce classifications 

of the AA amplicons for ecDNA, BFB, complex non-cyclic and linear focal amplifications 

(Methods - “Amplicon classification and ecDNA detection”). AC also specified bed files 
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corresponding to the classified regions and annotated the identity of genes on the focal 

amplifications. 

 

4.4.3 MRCCU cohort ethics approval 

 The MRCCU cohort consists of Barrett’s Esophagus (BE) cases with 42 patients having 

low grade disease, 25 with high grade disease, and 50 early-stage (T1) esophageal 

adenocarcinoma (EAC). Patients with low grade BE and high grade BE underwent surveillance 

at Cambridge University Hospitals NHS Trust and consented prospectively to a biomarker and 

genomic characterization study (Cell Determinants Biomarker, REC no. 01/149, BEST2 REC 

no. 10/H0308/71). Early-stage EAC patients were recruited for the EAC International Cancer 

Genome Consortium (ICGC) study, for which samples were collected through the UK-wide 

Oesophageal Cancer Classification and Molecular Stratification (OCCAMS, Rec. no. 10-

H0305-1) consortium. Ethical approval for these trials were from the East of England-

Cambridge Central Research Ethics Committee. 

 

4.4.4 MRCCU sample selection and sequencing data. 

 For all MRCCU samples, strict pathology consensus review was carried out, with 30% 

of pathological cellularity required for Barrett’s samples and 70% percent for early-stage 

cancers. BE research samples were collected every 2cm of the BE segment at endoscopy and 

snap-frozen. A snap frozen section was taken from each BE sample to determine the grade of 

dysplasia. If more than one grade was present in a sample, it was classified according to the 

highest grade. In cases which progressed to multiple different disease stages, the highest 

grade of dysplasia in the case’s follow-up was used for sequencing. Patients who received 

prior ablative treatment or had BE adjacent to cancer were excluded. Samples with squamous 

contamination were excluded. 
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 Early-stage EAC samples were prospectively collected as endoscopic biopsies or 

resection specimens. All tissue samples were snap frozen and blood or normal squamous 

epithelium (at least 5cm from the tumor) were used as germline reference as previously 

described (29). 

 

 We utilized sequencing data generated in Katz-Summercorn et al. 2021. Reads were 

aligned with BWA-MEM to GRCh37 (1000 Genomes Project human_g1k_v37 with decoy 

sequences hs37d5). 

 

4.4.5 MRCCU and ICGC focal amplification detection 

 Both MRCCU BAM files and ICGC BAM files were aligned to (1000 Genomes Project 

human_g1k_v37 with decoy sequences hs37d5). Absolute copy number (CN) profiles were 

generated using ASCAT (34) (v2.3). Genomic regions with a total CN > 4.5 and interval size > 

10kbp were identified, merged, and refined with the amplified_intervals.py script. Each seed 

region was given to AA separately to improve runtime on each sample. AA was run in the 

default explore mode to reconstruct amplicon structures and amplicons formed by the same 

regions were deduplicated based on genomic overlap such that the highest-level classification 

amplicon was kept (ranked by ecDNA, BFB, complex non-cyclic, and then linear), ties being 

broken by largest amplicon size. 

 

4.4.6 TCGA data processing 

 We utilized the Dockerized PrepareAA wrapper to detect focal amplifications in the 

TCGA cohort. The wrapper pipeline for seed detection incorporated CNVKit (version 0.9.7) run 

in unpaired mode to detect CNVs. The CNV calls were then provided the amplified_intervals.py 
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script and filtered based on regions having CN > 4.5 and size > 50kbp to produce a set of seed 

regions. We used AmpliconArchitect (version 1.2) to infer the architecture of amplicons, The 

pipeline was run on 20 TCGA-ESCA EAC tumor whole genome sequencing BAMs, aligned to 

GRCh37, through the Institute for Systems Biology Cancer Genomics Cloud (https://isb-

cgc.appspot.com/) which  provides a cloud-based platform for TCGA data analysis. 

 

4.4.7 Amplicon classification and ecDNA detection 

 We utilized AmpliconClassifier (AC) (https://github.com/jluebeck/AmpliconClassifier) 

(version 0.4.5) to perform classification of AA outputs into different types of focal amplifications 

and to extract coordinates of the genomic regions corresponding to those classifications. AC 

takes two inputs - the AA breakpoint graph file encoding genomic segment copy numbers and 

SV breakpoint junctions, as well as the AA cycles file encoding decompositions of the AA graph 

file into overlapping cyclic and/or non-cyclic paths weighted by the portion of the genomic CN 

they represent. AmpliconClassifier uses multiple heuristics to perform the classifications. First 

AC filters the paths < 10kbp, paths which significantly overlap low-complexity or repetitive 

regions, paths which overlap regions of the genome never exceeding CN 4.5 (not focally 

amplified), or which have a decomposed CN < δ (too low-frequency relative to other 

decompositions for reliable classification as focal amplifications). The decomposed CN (cp) 

threshold, δ, for a path p, having a maximum genomic CN of mp is defined as 

𝛿𝛿 =

⎩
⎪
⎨

⎪
⎧  |𝑝𝑝| = 1:       min (1,

𝑚𝑚𝑝𝑝

10
)

 𝑚𝑚𝑝𝑝 > 7:       min (3,
 𝑚𝑚𝑝𝑝

8
)

𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒:       2.5

 

For each remaining path, AC computes a length-weighted CN, called W, which is the product 

of the length of the path (in kbp) and the decomposed path’s assigned copy number. 
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 AC first assess non-filtered paths for the presence of BFB cycles using heuristics 

determined from manual examination of BFB-like focal amplifications in the FHCRC cohort and 

focal amplifications in previous studies (5, 23). AC computes the fraction of breakpoint graph 

discordant edges which are foldback, f, – i.e., inverted orientation having a genomic distance 

< 25kbp. AC then identifies decomposed paths containing foldback junctions between 

segments, and using all paths computes the set of consecutive segment pairs in the paths 

where the two boundaries of the segments together form a foldback junction. Each segment 

pair is assigned its own weight equal to the decomposed copy count of the path. If the 

proportion of BFB-like segment pairs over all segment pairs in all paths is less than 0.295, then 

the amplicon is not considered to contain a BFB. Furthermore, if the total weights of pairs which 

are “distal” (not foldback and > 5kbp jump between endpoints) divided by the total weight of all 

pairs is greater than 0.5, the amplicon is not considered to contain BFB. Lastly, if the total 

decomposed CN of all pairs is < 1.5, or if the total number of foldback segment pairs is < 3, or 

f < 0.25, or the decomposed CN weight of all BFB-like paths divided by the CN weight of all 

paths < 0.6, or the maximum genomic copy number of any region in the candidate BFB region 

is < 4, the amplicon is not considered to contain a BFB. If the amplicon has not failed any of 

these criteria, a BFB-positive status is assigned, and the BFB-like cycles (decomposed paths 

with a BFB foldback) are put into a set and kept separate from additional fsCNA detection 

inside the amplicon region. 

 

 Next, AC assess non-filtered, non-BFB paths for the presence of ecDNA cycles. If there 

is any cyclic path with decomposed CN > 5 and length > 100kbp, an ecDNA-positive status is 

assigned. If the total fraction of length-weighted CN, W, assigned to cycles exceeds 12% of 

the total length-weighted CN in the cycles file and more than 10kbp are inside the filtered cyclic 

paths, an ecDNA-positive status is assigned. Lastly, if the total length of complex cycles (cyclic 
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paths with interior rearrangements > 5kbp) exceeds 50kbp and the region has CN > 4.5 an 

ecDNA-positive status is assigned. The ecDNA-like cyclic paths are then stored for subsequent 

analysis, including reporting of the genomic coordinates as a bed file and annotation of genes. 

 

 If the amplicon is not classified as BFB-positive and/or ecDNA-positive, and has paths 

consistent with focal amplification, then two other classifications are checked. If the fraction of 

W assigned to non-cyclic paths with rearrangements > 5kbp plus W assigned to cyclic paths 

is greater than 0.3 of total W in all paths, a complex non-cyclic label is assigned. If the ratio of 

W assigned to non-cyclic paths without rearrangements to W assigned to non-amplified paths 

is greater than 0.25, then the path is labeled complex non-cyclic if the breakpoint graph has > 

4 discordant edges in amplified regions, otherwise a linear amplification label is assigned. If 

not resolved by these heuristics, the path type with the highest fraction of W is assigned. 

 

4.4.8 Statistical testing and odds ratios 

 We used SciPy(35) (version 0.19.1) to conduct all statistical tests in the study, with the 

exception of the ecDNA/oncogene overlap significance test which utilized ISTAT (36) (version 

1.0.0). When computing odds ratios, if any cell in the two-by-two table was zero, the Haldane 

correction was applied to every cell in the table. 

 

 

4.4.9 Oncogene selection 

 We assembled a curated set of oncogenes by combining oncogene lists from multiple 

sources, to include standard and BE-specific oncogenes. The oncogene list from the ONGene 

database (37) was combined with two additional disease-specific sets. First, the EAC driver 

oncogene list reported in Frankell et al. (29), and second the list of EAC driver oncogenes 
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reported in Paulson et al. 2021. We defined the EAC-specific oncogenes as the combined set 

of oncogenes reported by Frankell et al. and Paulson et al. 2021. 

 

4.4.10 TP53 disruption analysis 

 For the FHCRC cohort, TP53 disruption status was determined in Paulson et al. 2021. 

In brief, mutations were defined as any moderate- to high-impact SNV or indel as reported by 

SNPeff (38). Deletions of at least one exon, or SVs affecting the TP53 coding sequence or 

splice sites were also considered to disrupt TP53, as were copy number alterations affecting 

at least half of exonic regions. All alterations were verified manually using IGV (39) or Partek®. 

For the MRCCU cohort, TP53 status was determined by identifying somatic coding variants 

(missense, frameshift, stop gain or splice site variants), using Strelka (40) v2.0.15 and Variant 

Effect Predictor (41) (VEP) version 78. 

 

4.4.11 Amplicon similarity score 

 We compared overlapping focal amplifications to quantify amplicon similarity by 

quantifying the relative amounts of shared overlap in genomic coordinates and in SV 

breakpoint location. These calculations are implemented into the amplicon_similarity.py script, 

available in the AmpliconClassifier repository (https://github.com/jluebeck/AmpliconClassifier). 

 

 We defined symmetric and asymmetric amplicon similarity scores combining 

information from both the genomic interval overlap and the shared breakpoint junctions. An 

amplicon is defined as a collection of breakpoints (B), and genomic segments (G). Genomic 

overlap was evaluated on the basis of the number overlapping base-level coordinates in two 

intervals. Breakpoints were considered to be shared if the total distance between the two 

endpoints of each junction was in total measured to be less than d (default = 250bp). That is, 
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for two breakpoints x and y with sorted endpoints (x1,x2) and (y1,y2), respectively, they must 

satisfy 

|𝑥𝑥1 − 𝑦𝑦1| + |𝑥𝑥2 − 𝑦𝑦2| < 𝑑𝑑 

The asymmetric amplicon similarity score between two amplicons A1 and A2 we defined as  

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴(𝐴𝐴1,𝐴𝐴2) =  
𝛼𝛼(𝐺𝐺1 ∩ 𝐺𝐺2)

𝐺𝐺1
+

(1 − 𝛼𝛼)(𝐵𝐵1 ∩ 𝐵𝐵2)
𝐵𝐵1

 

and similarly, the similarity of A2 to A1 is 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴(𝐴𝐴2,𝐴𝐴1) =  
𝛼𝛼(𝐺𝐺2 ∩ 𝐺𝐺1)

𝐺𝐺2
+

(1 − 𝛼𝛼)(𝐵𝐵2 ∩ 𝐵𝐵1)
𝐵𝐵2

 

Where α is set to 0.25 by default. We then define a symmetric amplicon similarity score which 

is the average of the two asymmetric scores 

𝑆𝑆𝑆𝑆𝑆𝑆(𝐴𝐴1,𝐴𝐴2) =  
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴(𝐴𝐴1,𝐴𝐴2) + 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴(𝐴𝐴2,𝐴𝐴1)

2
 

We computed symmetric amplicon similarity scores for a panel of amplicons from unrelated 

origins derived from Deshpande et al. (23), deCarvahlo et al. (42) and the amplicons from 

unrelated patients in the FHCRC cohort. We used the resulting distribution of 719 similarity 

scores for overlapping amplicons as a background null distribution. We computed the 

percentile of each new amplicon similarity score in this null distribution to quantify its similarity 

against the panel of overlapping amplicons from unrelated origins. 

 

 We also fit a beta distribution to the empirical null symmetric similarity score distribution, 

using a maximum likelihood estimation approach to fit the parameters of the model. The beta 

distribution was selected as it provides support on the interval [0, 1], provides a higher degree 

of flexibility in fitting various distributions given the two shape parameters, and enables a better 

estimation of small p-values than the empirical dataset. We performed negative log likelihood 
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minimization using the SciPy (version 0.19.1) fmin function with initial parameter estimates 

(1.5, 10), and convergence occurred in 39 iterations. 

 

 As AmpliconArchitect may include flanking regions which are not focally amplified as 

part of the amplification itself, the amplicon similarity script filters from the calculation regions 

that are not focally amplified (CN < 4.5 default), SVs which join two elements less than 2500bp 

away, and it redundantly filters regions that are also present in the low-complexity or low-

mappability database used by AmpliconArchitect. 

 

4.4.12 Amplicon complexity score 

 AmpliconArchitect outputs a collection of (cyclic and/or non-cyclic) paths in the CN-

aware breakpoint graph representing an approximate optimal balanced CN flow in the graph. 

As a result, non-trivial graphs may be decomposed into multiple paths, each having some 

copy-number assigned to the path, constrained by the total amount of CN flow available in the 

graph.  

 

 Each path has a copy number c, and a length in kilobase pairs, s. The total length-

weighted copy number of all decomposed paths we call T, and is given by  

𝑇𝑇 = �𝑠𝑠𝑖𝑖𝑐𝑐𝑖𝑖

𝑛𝑛

𝑖𝑖=1

 

Where ci (si) is the copy number (length) of the i-th path. The values of ci are pre-sorted in 

descending order for increasing i. For the decomposed paths of each amplicon graph, G, we 

computed a vector representing the fraction of total CN captured by each of the n 

decompositions. We denote this sorted collection as, 

𝐷𝐷 = �
𝑠𝑠1𝑐𝑐1
𝑇𝑇

, … ,
𝑠𝑠𝑛𝑛𝑐𝑐𝑛𝑛
𝑇𝑇

� 
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We noted that there may be many low-weight CN paths, representing non- or weakly-amplified 

paths extracted from the graph, and thus we defined a “residual”, measured against the first 

percentile, p, (default = 80%) of weighted CN explained. We first define an index j, where j is 

the largest value such that 

0 ≤ 𝑗𝑗 < 𝑛𝑛 

�𝐷𝐷𝑗𝑗

𝑛𝑛

𝑗𝑗=1

<  𝑝𝑝 

This implies that j+1 represents the first index such that sum of the first j+1 entries exceed p. 

The residual, ϵ, we defined as the weighted CN fractions above the first j+2 entries, is then 

given by 

𝜖𝜖 = � 𝐷𝐷𝑖𝑖

𝑛𝑛

𝑖𝑖=𝑗𝑗+2

 

We then defined an amplicon complexity score function H(ϵ, D, k), represented by the sum of 

entropies from the residual, the non-residual, and the total number of segments in the 

breakpoint graph, k. 

𝐻𝐻(𝜖𝜖,𝐷𝐷,𝑘𝑘) =  −𝜖𝜖 ln 𝜖𝜖 −�𝐷𝐷𝑖𝑖 ln𝐷𝐷𝑖𝑖

𝑗𝑗+1

𝑖𝑖=1

 −  ln
1
𝑘𝑘
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4.6  Appendix 

Figure 4.1: FHCRC BE study. a) Design of the FHCRC retrospective Barrett’s Esophagus 
(BE) surveillance study, sample collection and separation of patients into cancer outcome (CO) 
and non-cancer outcome (NCO) status. b) Sequencing biopsies and histology biopsies were 
taken independently. Some histology and sequencing biopsies were taken on the same level 
of the esophagus (on-level), and some histology biopsies fell within +/- 1cm of the measured 
height of the sequencing biopsy. c) The number of sequencing samples generated in FHCRC 
study labeled by sample type. d) Experimental workflow for analyzing Barrett’s WGS samples. 
e) AmpliconArchitect identified ecDNA in WGS samples from both sequencing samples, in 
both time-points and in both CO and NCO patients. f) The maximum histology discovered in 
any histology biopsy for ecDNA+ patients at T1 and T2. g) The proportion of T1 samples 
without EAC or HGD versus with HGD in CO patients (before developing cancer), segregated 
by ecDNA status of on-level sequencing biopsies. h) The proportion of T2 samples without 
HGD or EAC (BE) versus with HGD or EAC in CO patients (cancer first detected), segregated 
by ecDNA status of sequencing biopsies with on-level histology. i) The proportion of T2 
samples without EAC or HGD (BE) versus with EAC or HGD in all FHCRC patients segregated 
by ecDNA status and non-ecDNA fsCNA status as measured from maximum windowed 
histology. 
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Figure 4.2: The distribution of time differences between T2 and T1 in the FHCRC study, 
separated by CO status. 
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Figure 4.3: Oncoprint tables for a) FHCRC CO and b) NCO patient normal blood and/or normal 
gastric samples showing the classification of focal amplifications and TP53 disruption detected 
in any normal sample from the patient. c) Oncoprint table for NCO long-term follow-up samples 
esophageal. Table encodes ecDNA status, BFB status, other fsCNA (non-BFB, non-ecDNA) 
status, TP53 disruption, chromothripsis status, as well as on-level and windowed histology for 
each time point and both upper and lower WGS samples. Maximum histology of any sample 
from that time-point is shown at the bottom. 
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Figure 4.4: MRCCU BE study. a) Breakdown of the types of BE patients in the MRCCU 
selected cross-sectional study by histology of the sample sequenced. b) Summarization of the 
process by which biopsies were selected, sequenced, and characterized by AmpliconArchitect. 
c) MRCCU patients segregated by highest-disease state and ecDNA status from that sample. 
d) Proportion of MRCCU having BE without HGD or EAC versus having HGD or EAC 
segregated by ecDNA status and non-ecDNA fsCNA status.  
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Figure 4.5: Oncoprint table of FHCRC CO patient WGS samples encoding ecDNA status, BFB 
status, other fsCNA (non-BFB, non-ecDNA) status, TP53 disruption, whole-genome 
duplication (WGD) status, chromothripsis status, as well as on-level and windowed histology 
for each time point and both upper and lower WGS samples. Maximum histology from any 
histology biopsy is shown at the bottom of each time-point. Asterisk indicates cancer diagnosis 
was made in a follow-up clinic encounter. However, cancer was believed to be present at T2. 
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Figure 4.6: Oncoprint table of FHCRC NCO patient WGS samples encoding ecDNA status, 
BFB status, other fsCNA (non-BFB, non-ecDNA) status, TP53 disruption, whole-genome 
duplication (WGD) status, chromothripsis status, as well as on-level and windowed histology 
for each time point and both upper and lower WGS samples. Maximum histology from any 
histology biopsy is shown at the bottom of each time-point. Gold star over patient indicates 
patient 303, who died of non-EAC causes 2.5 years after the last endoscopy. 
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Figure 4.7: Oncoprint table for MRCCU BE and EAC patients segregated by histology type 
showing ecDNA status, TP53 disruption, BFB status, and other fsCNA status. 
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Figure 4.8: a) Odds ratios for FHCRC T2 samples (NCO and CO). The odds ratio here 
quantifies the strength of association for events (histology – BE versus HGD or EAC) against 
groups (focal amplification statuses). Shown above the breakdown of histology and focal 
amplification status are a p-value computed by Fisher exact test, the odds ratio, and a 95% 
confidence interval for the odds ratio. b) Odds ratios for MRCCU samples relating histology 
(BE versus HGD or EAC) and focal amplification status. 
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Figure 4.9: TP53 and ecDNA/BFB. a) TP53 status of each patient in the FHCRC study (T1 
and T2 esophageal samples) segregated by ecDNA status demonstrates that all ecDNA-
positive patients in the study have evidence of TP53 disruption. b) TP53 status of each patient 
in the MRCCU study segregated by ecDNA status demonstrates that the majority ecDNA-
positive patients in the study have evidence of TP53 disruption. c) TP53 status of each patient 
in the FHCRC study (T1 and T2 esophageal samples) segregated by BFB status demonstrates 
that all BFB-positive patients in the study have evidence of TP53 disruption. d) TP53 status of 
each patient in the MRCCU study segregated by BFB status demonstrates that the majority of 
BFB-positive patients in the study have evidence of TP53 disruption.  
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Figure 4.10. TP53 and other genomic features. a) Proportion of FHCRC samples having 
whole-genome duplication (WGD) segregated by TP53 disruption status. b) Proportion of 
FHCRC samples having chromothripsis segregated by TP53 disruption status. c) Proportion 
of FHCRC samples having ecDNA segregated by WGD status where TP53 is also disrupted. 
d) Proportion of FHCRC samples having ecDNA segregated by chromothripsis status where 
TP53 is also disrupted.  
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Figure 4.11: FHCRC OR plots. a) The relative proportions of FHCRC patients (NCO and CO), 
all at pre-cancer state, segregated by the status of various genomic lesions (ecDNA, whole-
genome duplication TP53 disruption, non-ecDNA fsCNA, chromothripsis). Above the bar chart 
is annotated a p-value compute by a Fisher exact test, the odds ratio of the association 
between NCO/CO status and genomic lesion, as well as a 95% confidence interval for the 
association. Determination of the existence of the genomic lesion was made on the bases of 
all samples in T1 and T2 for NCO patients, and all samples in T1 for CO patients (pre-cancer). 
Patient 303 was censored from the NCO group due to poor survival after the last endoscopy 
(2.5 years). b) The relative proportions of FHCRC CO T1 samples in BE versus HGD histology 
category, segregated by the status of various genomic lesions.  
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Figure 4.12: Amplicon similarity and ecDNA tracking. a) Cartoon representation of two 
overlapping focal amplifications. b) Cartoon representation of the intersection of SV breakpoint 
junctions and the intersection of genomic segments. c) Definitions of the asymmetric and 
symmetric amplicon similarity scores. d) The distribution of maximum asymmetric similarity 
scores for overlapping amplicons derived from different patients (left) and for overlapping 
amplicons derived from the same patient (right) in FHCRC NCO and CO patients. e) Probability 
density plot of amplicon similarity scores from a collection of unrelated samples with 
overlapping focal amplifications (blue), a beta distribution maximum-likelihood estimate of the 
empirical amplicon similarity score distribution (black), and the similarity scores of overlapping 
ecDNA amplicons from the same FHCRC patients (red). f) Timeline of sample collection in 
FHCRC CO patient 391 relative to patient age. g) Summary of the ecDNA status and windowed 
histology status for four endoscopies with time interval between each also indicated. Biopsy 
distances from the gastroesophageal junctions (GEJ) are indicated. Two distinct species of 
ecDNA are labeled as ecDNA-1 and ecDNA-2. h) The structure of ecDNA-1, detected in 
endoscopy-2 where HGD was in the histology window, and an identical structure derived from 
the adenocarcinoma in endoscopy 4. i) The structure of ecDNA-2, detected in endoscopy-3 
where EAC was present in the histology window, and an identical structure derived from the 
adenocarcinoma in endoscopy-4. 
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Figure 4.13: Overlapping amplicon similarity score. a) Cartoon representation of two 
overlapping focal amplifications (A1, A2) consisting of a collection of genomic intervals (Gi) and 
breakpoints (Bi). Genomic location is shown on the x-axis and copy number on the y-axis. b) 
Representation of the relative locations of B1, B2 and G1, G2 and the resulting union of those 
elements. c) Representation of the intersection of the elements in B1, B2 and G1, G2 highlighted 
in purple and green, respectively. d) (Left) Definition of the asymmetric similarity score function 
Asym for two overlapping amplicons. (Right) Definition of the symmetric similarity score, Sym 
for two overlapping amplicons, which is the average of the asymmetric scores.  
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Figure 4.14: Tracking ecDNA over time. a) The time-point T1 sample for FHCRC patient 169 
(CO) was found to have HGD within the histology window of the WGS sample taken 3cm from 
the GEJ. The WGS sample exhibited signs of a focal amplification on chr18. b) Subsequent 
analysis of the focal amplification seed region by AA generated a breakpoint graph 
encompassing oncogene GATA6 with a single cycle encompassing it. Colored arcs in the AA 
diagram indicate SV junctions and are colored by orientation of the junction. c) 2.74 years 
following the T1 sample, the T2 sample for patient 169 was found to have EAC within the 
histology window of the WGS sample taken 3cm from the GEJ. The T2 3cm WGS sample 
exhibited similar signs of a focal amplification candidate on chr18. d) Subsequent analysis with 
AA yielded a breakpoint graph having identical structure as the T1 breakpoint graph. e) 
CycleViz visualization of the putative 2.23 Mbp ecDNA structure suggested by the breakpoint 
graph, containing GATA6 and other genes. f) The time-point T1 sample for FHCRC patient 
740 (CO) was found to have HGD within the histology window of the WGS sample taken 2cm 
from the GEJ. The WGS sample exhibited signs of a focal amplification on chr6. g) Subsequent 
analysis of the focal amplification seed region by AA generated a breakpoint graph 
encompassing oncogenes POU5F1, HMGA1 and PIM1. The breakpoint graph yielded a trivial 
cycle capturing HMGA1. h) 1.08 years following the T1 sample, the T2 sample for patient 740 
was found to have EAC within the histology window of the WGS sample taken 2cm from the 
GEJ. The T2 2cm WGS sample exhibited similar signs of a focal amplification candidate on 
chr6. i) Subsequent analysis with AA yielded a breakpoint graph having additional breakpoint 
edges but an identical cyclic substructure containing HMGA1, however with an increased copy 
number from T1. j) CycleViz visualization of the putative 1.22 Mbp conserved ecDNA structure 
suggested by the breakpoint graph, containing GATA6 and other genes. 
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Figure 4.15: Characterization of ecDNA in BE precancer and EAC. a) The proportion of 
patients with ecDNA in the MRCCU study (EAC only shown), FHCRC (CO only shown), and 
combined ICGC & TCGA EAC samples. b) The number of distinct ecDNA per sample identified 
in ecDNA-positive samples from all combined sources of data. c) The maximum genomic copy 
number of ecDNA segments in pre-cancer samples and EAC samples, colored by sample 
study source. d) The complexity score of focally amplified ecDNA+ genomic regions for pre-
cancer and EAC samples. e) The largest gene copy number increase for ecDNA which 
reappeared in samples from the same FHCRC patients taken from T1 and T2. f) Oncogene 
copy number for the highest copy number focally amplified oncogene in each sample having 
ecDNA or non-ecDNA fsCNA. g) The number of ecDNA+ patients of any BE or EAC study 
source having the oncogene listed at bottom on a focal amplification, where each oncogene 
appeared on at least one ecDNA. h) The locations of BE or EAC ecDNA regions (combined 
cohorts) in the human genome as well as the locations of canonical BE- and EAC-associated 
genes. The overlap of regions is shown at bottom with overlap significance computed by 
ISTAT. i) Venn diagram of canonical BE- and EAC-associated genes carried on ecDNA in 
each study source. j) Proportion of EAC patients with ecDNA in any study source where the 
patient had AJCC T-staging data available, segregated by degree of tumor invasion. 
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Figure 4.16: The length of putative ecDNA regions, visualized on log10 scale, for each distinct 
ecDNA in any sample from MRCCU, FHCRC, and ICGC & TCGA EAC, segregated by 
precancer versus EAC. 
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Figure 4.17: EcDNA overlap computation diagrams. a) EcDNA and oncogene overlap 
computation annotated diagram showing how intervals were selected, and the methodology 
used to compute the overlap statistical significance. EcDNA regions were derived from any 
ecDNA+ sample identified in our study. b) Illustration of the overlap between ecDNA regions 
and canonical BE- and EAC-associated oncogenes for chr17. 
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