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Humans have attempted to fight cancer since the beginning of recorded history, but 

advances in the early detection of cancer have begun to emerge only in the last several decades. 

Patient survival increases with earlier detection and cancer incidence decreases with efficacious 

screening tests, such as colonoscopy or the Pap test. Early detection has been difficult for many 

cancer types, however, because of non-unique symptoms, inaccessibility of certain tissues for 

biopsy, and false-positives from tests that lack acceptable levels of specificity. One method to 

overcome these issues is to analyze the genetic mutations of precancerous tissue. Cancer is 

considered a genetic disease, and molecular alterations may be specific to each cancer type. 

Despite the great utility of next-generation sequencing technology, many techniques are still 

plagued by significant error rates. Error rates range from 1/100 to 1/1000 for standard NGS, 

which precludes the identification of rare or very low frequency events that may signal early 
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tumorigenic processes. Ultra-accurate technology is necessary to confidently call these 

mutations.  Duplex sequencing is a next-generation sequencing (NGS) method with 

unprecedented accuracy and sensitivity, with a detection rate of 1/107 reads. Our use of this 

technology facilitated several applications for characterizing precancer and early cancer 

detection. The first is in the characterization of mitochondrial DNA mutations in colorectal 

cancer associated with ulcerative colitis, a preneoplastic inflammatory bowel disease that 

increases patient risk for tumorigenesis. Using DS to comprehensively catalogue these 

mutations, we found that mitochondrial DNA mutations increase in frequency and pathogenicity 

and appear to be positively selected in early dysplasia, but are removed in late dysplasia in 

cancer, implying that functional mitochondria are necessary for tumorigenic progression. 

Additionally, we posit that the presence of clonally expanded fields may serve as a predictive 

biomarker in this disease. The second application presented is for the early detection of TP53 

mutations in high-grade serous ovarian cancer, a disease for which there is currently not a 

reliable biomarker. Through the analysis of DNA collected from uterine lavage we were able to 

identify TP53 tumor mutations in 80% of HGSOC patients. We also found a low level of 

background TP53 mutations in all patients, including healthy controls that increased with patient 

age. These results demonstrate that careful calibration based on the accumulation of somatic 

mutations with age is necessary for an accurate biomarker. Finally, with the important 

modification of using CRISPR/Cas9 digestion as a target enrichment tool, CRISPR-DS is able to 

leverage the same accuracy of DS with the ability to use as little as 10ng of input DNA, opening 

the technology to further clinical applicability, as well as to use in any setting that requires low 

amounts of starting genetic material. 
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Introduction 
	

Early cancer detection 

 Cancer has been a recognized human ailment since the beginning of recorded history (1). 

From the early days of rudimentary surgical intervention (1,2), to the development of the first 

chemotherapy treatments in the 1940s (1,3), to the concerted efforts begun by The War on 
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Cancer in 1971 (4), many resources have been used to characterize and fight the disease. 

Advances in early detection and screening, or testing asymptomatic people, however, did not 

begin in earnest until the 1960s through the widespread use of the Papanicolaou test for cervical 

cancer and mammography for the detection of breast cancer (1). Indeed, until very recently, the 

NCI spent less than half the amount allocated to treatment on early detection efforts (5). Despite 

this, the utility of these strategies for early detection is quite evident (6), as the rate of survival of 

patients with cancer found at early stages is significantly higher than in those found with late 

stage or metastatic disease. Notable successful screening tests include the use of colonoscopy, 

which decreased the total incidence of colon cancer by ~20% since 1985 (7) , and the pap test, 

which has decreased the number of cervical cancer-related deaths by 70% (5). Projections for 5-

year survival rates if tumors are detected while still confined to the organ of origin are up to 30% 

higher than current survival rates (6). Thus, early detection is increasingly recognized as crucial 

for improved patient survival. 

 

Approaches to early cancer detection: from conventional tests to novel sequencing  

Development of early detection tests has required the characterization of cancer at multiple 

biological levels. The detection of cancer-associated proteins in blood enabled some of the 

earlier tests, including prostate-specific antigen for prostate cancer and CA-125 for ovarian 

cancer (8). Radiographic imaging, including mammography and colonoscopy, relies on 

identification of gross morphological changes and has also become part of routine population 

screening strategies (8). These approaches face multiple major limitations, most importantly 

reduced specificity as not only cancers are detected but also benign, non-malignant lesions. For 

example, CA-125, the blood protein marker used for ovarian cancer diagnosis has an 

unacceptably high false-positive rate, which leads to unnecessary surgical procedures on healthy 
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patients (6). One potential way to increase specificity is to identify cancer-causing mutations. 

Cancer is a genetic disease. In other words, cancer is caused by DNA mutations that lead to a 

myriad of altered cellular processes that contribute to neoplasia and immortality. While some 

hereditary mutations, such as the BRCA susceptibility genes in breast and ovarian cancer (9) and 

mismatch repair genes in Lynch syndrome (10), predispose to neoplastic progression, the 

formation of a tumor relies on multiple somatic mutations, which are acquired through life and 

selected for their malignant properties following a process of Darwinian evolution (11,12). 

From the perspective of early cancer detection, it is important to realize that cancerous 

mutations are often found in the normal-appearing tissue surrounding tumors, a phenomenon 

known as the field effect (13-17). Field effects precede the development of cancer and, therefore, 

the identification of these mutations in otherwise histologically normal tissue may be used as a 

biomarker for cancer progression (14). The study of preneoplastic, or precancerous diseases has 

proven extremely useful to characterize the field effect. These conditions feature lesions of 

abnormal cells with tumorigenic potential that predispose patients to cancer development. One of 

the most studied of these diseases is ulcerative colitis (UC), an inflammatory bowel disease 

(IBD) that predisposes patients to colorectal cancer (18). UC features intermediate phases of 

dysplasia and field effects that can be exploited to understand the molecular changes that occur 

during tumor progression (19). Our group has reviewed precancer in ulcerative colitis Chapter 1. 

A further example of a preneoplastic disease useful for studying the early stages of 

carcinogenesis is Barrett’s esophagus, in which acid reflux from the stomach into the esophagus 

creates fields of abnormal cells featuring precancerous TP53 mutations (20,21) and increases the 

risk esophageal adenocarcinoma (20-22).  

 While massive efforts have been made to understand the complexities of cancer genetics, 

such as The Cancer Genome Atlas (TCGA), much less is known about the genetics of precancer 
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(23). One major hurdle to developing a comparable understanding of precancer was overcoming 

technical limitations that prevented accurate detection of low abundance mutations that might 

signal early tumorigenic processes (24). While challenging, the characterization of these initial 

genetic alterations is essential in order to develop useful biomarkers for early detection.  

In the last several decades, significant improvements have been made to high-throughput 

sequencing of nucleic acids with the development of next-generation sequencing (NGS) 

technology (24-28) One such next-generation sequencing technology developed at the University 

of Washington is a molecular barcoding method called Duplex Sequencing (DS)(29,30).  DS 

relies on the use of double-stranded sequencing adapters, which enable identification not only of 

the parent DNA molecule, but which strand of that molecule a particular read is generated from. 

All reads from the same strand of a given molecule are computationally collapsed into a single-

stranded consensus sequence (SSCS), which eliminates any sequencing errors. The two SSCS for 

each molecule are then condensed into a duplex consensus sequence (DCS), eliminating any 

PCR errors or mutations found on only one strand or the other. Only mutations found on both 

strands of the DCS are considered true mutations. While the error rate of standard NGS is 

between 1/100 and 1/1000, the theoretical error rate of DS is approximately 1/107 (29-31). This 

extreme accuracy enables unprecedented sensitivity for the detection of low frequency 

mutations. Our group has demonstrated that DS is able to detect one cancer DNA mutation 

amongst 24,000 normal genomes (32).  

The main objective of my research is to leverage this high sensitivity to advance the field 

of early cancer detection on two complementary fronts: 1) improve our understanding of the 

genetic alterations that take place in precancer by examining ulcerative colitis, a preneoplastic 

disease that serves as an excellent model of stepwise progression to cancer and that has already 

proven extremely useful to elucidate early genetic alterations that drive tumorigenesis; and 2) 
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develop highly sensitive biomarkers for the detection of early cancer via focusing on ovarian 

cancer, a deadly disease with an urgent unmet need for better diagnostic and predictive 

biomarkers. 

 

Mitochondrial DNA mutations in Ulcerative Colitis 

 DS enables comprehensive characterization of low frequency mutations at a level never 

before possible. Thus, we took advantage of this technology to determine the role of 

mitochondrial DNA (mtDNA) mutations in ulcerative colitis tumorigenesis with the short-term 

goal of understanding their contribution to cancer and the long-term goal of using these 

mutations as a predictive biomarker of cancer progression in ulcerative colitis. 

 While the role of the nuclear genome in carcinogenesis has been extensively 

characterized at a genetic and epigenetic level, the contribution of mitochondrial DNA is less 

well understood and remains a controversy in the cancer field. It was posited that reactive 

oxygen species generated by oxidative phosphorylation causes damage to the histone-free 

mitochondrial genome, a double-stranded, circular stretch of genetic material separated from the 

nuclear genome (33). This damage, it was suggested, was the source of altered metabolism in 

cancer (34), leading to the Warburg effect, the name for the phenomenon in which cancers rely 

primarily on glycolysis for their energetic needs (33). Thus, mitochondrial dysfunction was 

thought to contribute to carcinogenesis (35-37). More recently, however, it has been shown that 

cancers do indeed rely on functional mitochondria (38). Validation of these theories proved 

challenging due to the error prone nature of most standard next generation sequencing 

technologies (31,39) and the complex biology of the mitochondrial genome, as there are multiple 

mitochondria per cell and multiple mitochondrial genomes per mitochondria. Because of the 

highly accurate detection rate of DS, however, our group has been able to effectively 
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characterize mitochondrial DNA mutations in several settings known to feature dysfunctional 

mitochondria (39,40). 

 With this advanced sequencing technology, our laboratory is able to interrogate the 

complex question of the role of mitochondrial DNA mutations in preneoplastic disease. We have 

long studied ulcerative colitis, which we suggested to be a disease of early colon aging based on 

its accelerated shortening of telomeres in colon epithelial cells (41). A distinctive feature of the 

aging colon is a loss of mitochondrial function and an increase in mitochondrial DNA mutations 

(39,42-44). Concordantly, mitochondrial dysfunction has also been previous identified in IBD 

(45). In order to characterize the role of mitochondria in UC carcinogenesis, we previously 

examined mitochondrial function in UC patients via immunohistochemistry (IHC) for proteins of 

the electron transport chain and quantified mtDNA copy number (46). We found that 

mitochondrial function and genomic copy number decline in early dysplasia and in the fields 

surrounding UC tumors, but both increase in later dysplasia, indicating that functional 

mitochondria might be required for malignant transformation. My goal was to use DS to 

determine whether this bimodal pattern of mitochondrial function is reflected in an inverse 

pattern of mutation accumulation; in other words, do mitochondrial DNA mutations accumulate 

in early dysplasia but decrease in number and frequency in high-grade dysplasia and cancer? 

This work is described here in Chapter 2. 

 

Early detection of high-grade serous ovarian cancer 

 As more and more sensitive technology that accurately detects low frequency mutations 

is developed, the opportunity to create less invasive tests for malignancy increases. Previously, 

physicians would take biopsies of tissues suspected to be diseased based on blood tests or 

imaging (8). While biopsies could provide evidence of premalignant tissue or frank cancer, tissue 
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samples may be difficult to procure, either because the tissue is in an inaccessible portion of the 

body or because it is from a vital organ (47). A further complication arises for cancers that may 

arise and grow without detectable symptoms. These issues have popularized the idea of liquid 

biopsies, which is based on the fact that tumors shed whole cells and fragmented DNA into the 

bloodstream as well as surrounding tissues. Thus, easy-to-access samples such as blood and 

urine could be tested for the presence of cancer mutations in order to develop minimally 

invasive, early detection methods (48). 

 One disease in which better early detection methods are urgently needed is high-grade 

serous ovarian cancer (HGSOC). HGSOC is the most common type of ovarian cancer and has a 

dismal 5-year survival rate of 25%, which is due in large part to the difficulty of detecting the 

disease at early stages (49). By the time patients present with symptoms such as bloating or 

abdominal pain, the tumor has already metastasized (49). The putative initiating event for 

HGSOC is the development of foci of p53 mutations in the distal fallopian tube, which develop 

into serous tubal intraepithelial carcinoma (STIC), which then seeds into the ovarian epithelium 

(50-52). Over 96% of affected patients have TP53 mutations (53,54) making these mutations an 

attractive target for the development early detection methods in HGSOC. 

 Previous work by our lab analyzed peritoneal fluid taken from the abdominal cavities of 

patients undergoing gynecological surgery for suspected masses or salpingo-oopherectomy as a 

risk-reducing prophylactic step in women with inherited high risk of ovarian cancer (32). Using 

DS, we were able to detect the cancer-driver TP53 mutation in 94% of patients with HGSOC. Of 

note, very low frequency TP53 mutations were found in both the peritoneal fluid and peripheral 

blood of cancer patients as well as control patients. These mutations increased with age, pointing 

toward an age-related level of biological background mutations (32). In spite of these 

background mutations, cancers and controls could be distinguished with 82% sensitivity and 
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90% specificity. With this success as a proof-of-principle, we further attempted to analyze Pap 

smear material, as pap smears are non-invasive and are already in use as a screening technique 

for cervical cancer. These attempts, however, did not yield a sensitivity higher than ~30% 

(unpublished results). Efforts made by other labs have also faced significant problems, with peak 

sensitivity at ~40% (55,56). Development of an early detection test in HGSOC requires use of a 

different sample type. 

 One such sample that has been previously analyzed and optimized for this purpose is 

uterine lavage (57). Our collaborators at the Medical University of Vienna developed a novel 

uterine lavage method that employs a three-way catheter that is inserted into the cervical canal 

and flushes the uterine cavity with saline solution with the intention of collecting a larger number 

of cells from the Mullerian ducts (57). They were able to detect HGSOC with a sensitivity of 

80% using three separate detection strategies including two NGS methods and digital droplet 

PCR (ddPCR) (57). In Chapter 3, we have applied DS to uterine lavage fluid in the hopes of 

increasing early detection with a more streamlined methodology. 

 

CRISPR-DS: modifying DS for clinical applicability 

 While DS improves accuracy and sensitivity versus standard NGS platforms (24) , 

several hurdles remain for translating this technology into the clinic. Standard DS relies on DNA 

sonication, which generates randomly sized fragments, and oligo-nucleotide hybridization 

capture, which has low efficiency for small target regions. Together, these two issues limit the 

recovery rate of DS, which proves problematic in samples for early detection, which may have a 

very low prevalence of mutated DNA as well as low DNA input. In order to improve upon this 

issue, our group developed CRISPR-DS, a modified DS pipeline that utilizes CRISPR-Cas9 

digestion as a method of target enrichment. CRISPR-DS allows for analysis of small genomic 
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regions with even coverage, eliminates errors generated by sonication or biases due to random 

fragmentation, all while using up to 100-fold less input DNA than standard DS (Chapter 4). This 

technology may be adapted for many known genes or regions of interest, and therefore has many 

potential applications for early cancer detection.  
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Abstract 

Cumulative evidence indicates that a significant proportion of cancer evolution may occur 

before the development of histological abnormalities. While recent improvements in DNA 

sequencing technology have begun to reveal the presence of these early preneoplastic clones, the 

concept of ‘premalignant fields’ was already introduced by Slaughter more than half a century ago.  

Also referred as the “field effect”, “field defect”, or “field cancerization”, these terms describe the 

phenomenon by which molecular alterations develop in normal-appearing tissue and expand to 

form premalignant patches with the potential to progress to dysplasia and cancer. Field effects 

have been well characterized in ulcerative colitis, an inflammatory bowel disease that increases 

the risk of colorectal cancer. The study of the molecular alterations that define these fields is 

informative of mechanisms of tumor initiation and progression and has provided potential targets 

for early cancer detection. Herein, we summarize the current knowledge about the molecular 

alterations that comprise the field effect in UC and the clinical utility of these fields for cancer 

screening and prevention. 

Summary 

Cancer often arises in preneoplastic fields of histologically normal appearance. These 

fields have been extensively studied in ulcerative colitis, a cancer predisposing inflammatory 

bowel disease. Here we review the field effect in ulcerative colitis and its utility to improve early 

cancer detection. 
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Glossary 

Field effect – Also known as field cancerization. The phenomenon by which molecular alterations 

develop in normal-appearing tissue and clonally expand to form patches of cells with potential to 

further progress to dysplasia or cancer. These patches are also called premalignant fields or field 

defects. 

Dysplasia – Dysplasia refers to the presence of histological alterations within a tissue, which may 

signify a precancerous stage. In patients with UC, dysplasia is classified as Indefinite for 

Dysplasia (IND), Low Grade Dysplasia (LGD) or High-Grade Dysplasia (HGD) based on the 

extent of architectural and cytological abnormalities. 

Clonal expansion – The propagation of a population of daughter cells from a single cell of origin. 

Clonal expansions that carry cancer-promoting molecular alterations that enhance cellular 

survival and proliferation form the basis of the field effect. 

UC Non-Progressor – A patient with UC who has not developed dysplasia or cancer. 

UC Progressor – A patient with UC that has developed dysplasia or cancer. 
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Introduction 

Cancers evolve through an iterative process of mutation, selection, and clonal expansion 

(1). Most tumor types take multiple years to develop, during which time preneoplastic cells 

clonally expand and progressively acquire the molecular alterations necessary to allow them to 

fully escape growth control checkpoints and invade surrounding tissues. Precisely how much of 

this process occurs prior to the development of morphologically recognizable malignancy is 

unknown, but it has been estimated that cancer cells accumulate about half of their mutational load 

before tumor initiation (2). This implies that a substantial proportion of a cancer’s development 

entails precancerous clonal evolution within histologically normal-appearing tissue.  

During the last several years, new and extremely sensitive DNA sequencing technologies 

have begun to directly reveal the presence of these early clones (3,4). However, the notion that 

preneoplastic changes precede cancer was recognized more than a half century ago. Prior to even 

the modern understanding of DNA as the genetic material, Slaughter et al. proposed the concept 

of field cancerization to describe “preconditioned epithelium activated over an area in which 

multiple cell groups undergo a process of irreversible change towards cancer”. This preneoplastic 

condition was originally described in oral carcinoma on the basis of subtle morphological 

abnormalities in surrounding tissue. It was postulated that this abnormal “field” underlied the 

relatively common finding of multiple synchronous primary tumors and the high frequency of 

local recurrence in head and neck squamous cell cancers, despite apparent complete tumor 

resection (5).  
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Although Slaughter and colleagues recognized field cancerization as an important clinical 

phenomenon, they lacked a mechanistic explanation. The following decades revealed examples of 

field cancerization associated with many other epithelial cancers and demonstrated that the fields 

could be characterized by defined molecular aberrations present in histologically normal tissue (6). 

Contemporary molecular tools have provided important insights into the basis of the cancer-prone 

phenotype of these fields. In a variety of examples (6,7), peritumoral fields were shown to 

encompass populations of clonally related cells that bear some, but not all, of the genetic changes 

of the tumor itself. The relative ease with which a second tumor or tumor relapse can occur within 

such a field simply reflects the relatively low evolutionary hurdle for one of these partially 

dysregulated cells to acquire the last molecular change(s) needed for full-blow malignancy. 

 While the specific nature of the fields, and the molecular mechanisms that initiate them, 

are likely to be different in different tissue types, the field concept illustrates the general notion of 

multistep carcinogenesis, wherein ancestral populations of preneoplastic cells can both precede 

and co-exist with a cancer (6). Such a field effect may be thought of as an early stage of the 

neoplastic process where selected mutant cells can incrementally enhance growth properties. 

Because these preneoplastic populations are often morphologically normal in appearance and may 

be very small, they frequently go undetected in sporadic tumors.  Several preneoplastic diseases, 

however, often exhibit large preneoplastic fields and offer an excellent opportunity to study the 

initial stages of tumor development. Ulcerative colitis (UC) and Barrett’s esophagus (BE) are 

among the best characterized. Fields can expand several centimeters in BE (8,9) and practically 

the entire length of the colon (~150cm) in UC (10). In both diseases, chronic inflammation 

generates extensive damage to epithelial cells, leading to increased cell replication and/or direct 

DNA damage. Subsequent mutations that alter growth control genes enable clonal expansions, 

which result in patches of cells that share identical mutations. In some cases, a single genetic 
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change can be found in all cells within an entire field many centimeters in size, indicating a single 

clonal founder cell. In other cases, multiple independent clones with distinct genetic signatures 

evolve simultaneously in response to the inflammatory environment. 

A further advantage of the study of these preneoplastic diseases is that, in addition to non-

dysplastic fields and overt cancer, intermediate degrees of dysplasia are routinely found during 

endoscopic surveillance. These intermediate stages help delineate with even finer precision the 

multistep sequence of tumor progression and provide a unique longitudinal window of opportunity 

to study early cancer and its patterns of evolution (11,12). 

In this review, we focus on UC as a model of inflammation-mediated tumorigenesis in 

which the field effect has been extensively characterized. The search terms used to query the 

literature include field effect, field defect, and field cancerization in ulcerative colitis. We 

prioritized a broad discussion of the concept of field effect and its implications as opposed to a 

detailed recollection of articles describing precancerous fields. We first describe the disease’s 

epidemiology, histologic sequence of neoplastic progression, and the types of molecular alterations 

that have, thus far, been identified in these fields. We then discuss the clinical implications of these 

fields with a special focus on their use as biomarkers of early or imminent cancer. Field effects 

have been identified in a growing variety of cancers including: breast (13) (14), head and neck 

(15), bladder (16) (17), colorectal (18), gastric (19) (20) (21), prostate (22) (23), lung (24) (25), 

skin (26) (27) (28), liver (29), ovarian (30), and cervical (31). Although UC is responsible for only 

a small fraction of the global burden of colon cancer, we posit that the lessons learned from 

studying tumor progression in this unique disease can be applied to the understanding, prevention, 

and clinical management of many other malignancies associated with field effects. 
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Colorectal Cancer Risk in Ulcerative Colitis 

 UC is one of the two major types of inflammatory bowel disease and is characterized by 

uninterrupted stretches of chronic inflammation of the colon mucosa. It affects roughly 1 million 

patients in the U.S. and its prevalence is increasing worldwide (32-34). The cause of UC remains 

to be fully determined, but a preponderance of evidence suggests that it is the result of a complex 

interaction between a dysregulated host immune system, the gut microbiome, and diet (35-39). A 

significant aspect of the management of UC is that it elevates the risk of colorectal cancer (CRC) 

(40) and cancer-related deaths, although improvements in surveillance methods appear to have 

decreased both the incidence (41) and mortality (42,43) of CRC in UC in recent years. The 

increased risk of CRC is attributable to multiple aspects of chronic inflammation and immune 

dysregulation (44,45). Patients whose inflammation is more severe (46) and more extensive 

(40,47) are more likely to develop CRC. Other risk factors include prolonged disease duration (47-

50), concurrent diagnosis of primary sclerosing cholangitis, an autoimmune disorder of the biliary 

system (51-53), a family history of sporadic CRC (45,54,55), early age of UC onset (56-58), and 

extent of dysplasia (59).  

Colorectal cancer development in the setting of UC differs from that of sporadic CRC in 

several respects (60). Histologically, adenomatous polyps typically precede sporadic CRC whereas 

UC-associated CRC (UC-CRC) often arises from flat dysplasia. Sporadic CRC is believed to be 

initiated by mutations in APC, followed by mutations in KRAS and TP53 (61), although it is 

currently appreciated that this progression does not necessary follow a linear sequence (62). In 

UC, TP53 mutations appear to be the initiating mutation in most lesions, although mutations in 

KRAS have also been identified as a founder event in a minority of cases (63). Recently, NGS-

based studies confirmed a higher frequency of TP53 mutations and lower frequency of APC and 

KRAS mutations in UC-CRC compared to sporadic CRC (64,65). Epidemiologically, the mean age 
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for CRC development in the general population is 64 years (66) versus 43 years for UC-CRC (33). 

In addition, the prognosis of UC-CRC is poorer than sporadic CRC, although it is unclear if this 

reflects the tumor biology itself, the average stage of disease at diagnosis, or other health 

challenges faced by UC-patients (67) including those related to immunosuppressive therapies.  

A common trait between sporadic and UC-associated CRC appears to be the pivotal role 

of an abnormal intestinal microbiota as an initiating mechanism. In the last ten years, a large body 

of evidence has accumulated linking CRC with dysbiotic gut microbiota and dysregulated 

immunity, both in the context of sporadic CRC and inflammatory bowel diseases (IBD) (68-70). 

A dysbiotic microbiota contributes to tumor progression directly by generating reactive 

metabolites and carcinogens, and indirectly by disrupting the epithelial cell barrier in the host (70). 

This causes local intolerance to antigens of normal flora and leads to dysregulation of the adaptive 

and innate immune response and subsequent chronic inflammation (68). Diet appears to be an 

important contributor in this process, as it has a major influence on the gut flora and is transformed 

into metabolites that can have protective or promoting roles in tumor progression (71). In the case 

of patients with UC, genetic predisposition might contribute to a dysbiotic gut flora, causing the 

extensive chronic inflammation characteristic of this disease (68) and increasing the risk of tumor 

progression through the extensive cell proliferation required in repeated cycles of wound and repair 

(12,72).  

The sequence of tumor progression in Ulcerative Colitis 

Tumor progression in UC is clinically described as a multistep process defined by 

increasing degrees of histological abnormalities, progressing from no dysplasia, to low-grade 

dysplasia (LGD), high-grade dysplasia (HGD), and finally cancer (Figure 1). Although often 

represented linearly and sequentially, it is important to recognize that tumor evolution is usually 
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branched, not linear (73) and, in the case of UC tumorigenesis, not every dysplastic stage may be 

observed. This sequence might also occur independently in multiple locations in the colon. It is 

well established that in UC patients, multiple areas of the colon can simultaneously develop 

dysplastic changes and that independent synchronous cancers can evolve in parallel within these 

fields (74). 

Recent mounting evidence has led to the appreciation that clinical patterns of progression 

to CRC in UC may differ based on the age of disease onset. UC has two peaks of incidence: early 

onset occurs between 25 and 35 years of age while late onset arises between 55 and 65 years of 

age (56,75). Clinical studies have recognized for some time that patients with late onset tend to 

have less extensive disease and a lower risk of CRC development (76-78). Interestingly, 

Brackmann et al. (58,59) reported that among UC patients with CRC, those with late age of onset 

tended to develop cancer without widespread dysplasia. Conversely, patients with early age of 

onset typically exhibited extensive dysplasia at CRC diagnosis. The presence of extensive 

dysplasia was also associated with longer disease duration prior to CRC development, higher 

probability of presenting with active inflammation (58), and worse CRC prognosis (59). These 

findings suggested that the development of CRC in patients with early onset disease is related to 

long exposure to inflammation and subsequent development of dysplasia. However, in patients 

with late onset of disease, CRC might arise independently of observable dysplasia or, alternatively, 

tumors might be fast growing and displace their original localized dysplastic fields in a clonal 

sweep. Our group has identified molecular evidence further supporting fundamental differences 

between early and late onset disease. We demonstrated that UC-cancer patients with early onset 

of disease have extensive fields of molecular abnormalities throughout their colons compared to 

UC-cancer patients who have late onset of disease. Specifically, large clonal populations with 

shortened telomeres could be found in multiple non-dysplastic areas of the colon of early onset 
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UC Progressors (patients with HGD or cancer), but this was almost never the case in the 

Progressors who had late onset of UC (79). While more research is needed to better distinguish 

these two modes of CRC progression in UC, their recognition as distinct entities has important 

clinical implications. Since patients with late onset of disease appear to develop cancer without a 

widespread field effect, these patients might benefit from partial colon resection instead of full 

colectomy, which is the current standard-of-care. The ability to safely use segmental resection of 

the colon in older UC patients would spare them significant morbidity.  

Molecular alterations characterize preneoplastic fields in UC 

The field effect was originally described based on regions of tissue sharing histological 

abnormalities (5), but the concept was later broadened to include clonal molecular abnormalities 

in otherwise histologically normal-appearing tissue, as it was recognized that multiple molecular 

changes produce Slaughter’s original observation (6). More recently, the term has been used more 

broadly to describe an "etiologic" field effect, which takes into consideration the contribution of 

environmental and genetic factors that produce cancer susceptibility (80). The genetic component 

of UC is well established as well as the critical role of an altered microbiome, which dysregulates 

immunity and triggers inflammation. While the presence of these factors is not indicative of cancer 

progression, they contribute to the neoplastic process by producing a predisposing 

microenvironment. (80). Figure 1 illustrates the 3 conceptual types of field effects—etiological, 

molecular, and morphological—in the context of UC cancer progression. These fields represent 

increasing levels of cancer susceptibility that are operative in the colons of patients with UC, each 

level contributing to the development of the next. However, only molecular and dysplastic fields 

are indicative of an underlying preneoplastic process. Here we focus on molecular fields due to 

their importance to understand tumor progression and their potential for early cancer detection. 
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In this section, we first summarize the genetic alterations that have provided evidence of 

clonal field effects in UC. These alterations include somatic point mutations, chromosomal 

alterations, and passenger mutations in polyguanine tracts. We then describe a second set of 

molecular alterations that define preneoplastic fields in UC without an implicit assumption of 

clonality. These include telomere shortening, mitochondrial alterations, and epigenetic changes. 

Some of these alterations have provided meaningful clues in terms of the underlying molecular 

mechanisms that may drive tumor evolution in UC and for a more extensive review on that topic 

the readers are referred to a recent excellent article by Choi et al. (12). Of note, many of the 

molecular alterations discussed here, both clonal and non-clonal, harbor potential as UC cancer 

biomarkers. However, our goal is not the description of the biomarker value of each alteration, 

which has been previously done by us and others (81-83), but the review of the evidence for a field 

effect based on those alterations and the discussion of the clinical applicability of those fields for 

optimal cancer surveillance. 

Clonal alterations 

Point mutations 

Mutations in TP53 are the most common and best characterized single nucleotide variants 

in UC-associated preneoplastic fields. TP53 mutations (84) and loss of heterozygosity (84,85) 

occur early in UC neoplastic development. UC patients with TP53 mutations in non-dysplastic 

biopsies are four times more likely to progress to dysplasia and cancer (86). Additionally, there is 

a strong correlation between mutations in highly conserved regions of p53 and the histological 

progression from LGD to cancer in UC patients (82). In an early study by our group, we examined 

alterations in TP53 by FISH in order to characterize the spatial pattern of these mutational events 

in individual cells within crypts (87). A detailed analysis of multiple crypts demonstrated that most 

TP53 FISH abnormalities are shared by all the crypts within a colonic region, indicating 
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monoclonality. The observation of the same TP53 alterations in the two branches of a crypt in 

fission strongly suggested that clonal expansion of mutated cells occurs by crypt fission and 

provided direct observation of how clonal fields propagate themselves in UC. In a later study, 

Leedham et. al. (63) identified several molecular alterations, including TP53 and KRAS mutations, 

in individual, microdissected dysplastic crypts and adjacent non-dysplastic crypts. In one UC 

Progressor case, the same founding mutation was found in spatially separated tumors 14 cm apart 

from each other and in the non-dysplastic surrounding tissue, clearly demonstrating field 

cancerization (63). The authors also found clonally disparate tumors in another UC Progressor, 

supporting the idea that a common etiologic risk factor, i.e. inflammation, has sufficient 

carcinogenic potential to facilitate the emergence of multiple synchronous clonal fields throughout 

the colon.  

Although it is rapidly becoming the new technical standard, we are aware of only two 

studies that have yet applied next-generation sequencing (NGS) to the study of somatic mutations 

in UC, and both were limited to the interrogation of tumors, rather than of preneoplastic fields 

(64,65). While these reports provide a useful baseline from which to compare the mutational 

landscape of sporadic versus UC-associated CRC, additional knowledge remains to be generated 

from applying this technology to a comprehensive study of the spatial and temporal pattern of 

mutation accumulation in preneoplastic fields. 

Aneuploidy and Chromosomal Alterations 

For more than 25 years, aneuploidy has been recognized as an early occurring alteration in 

UC carcinogenesis, often found even before the appearance of dysplasia (88,89). The presence of 

aneuploid fields is associated with a higher risk of progression to dysplasia (90), histological grade 

(90), disease duration (90), and the presence of PSC (91). More sensitive technologies, including 
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comparative genomic hybridization (92) and fluorescence in situ hybridization (FISH), revealed 

that chromosomal alterations occur early in UC tumorigenesis, often preceding histologically 

defined dysplasia (93) and affecting the entirety of the colon (10). The relative timing and 

frequency of numerical chromosomal alterations in UC differs significantly from those of sporadic 

CRC, supporting the conclusion that neoplastic progression follows distinct pathways in these 

diseases (93). More recently, CGH-array studies have demonstrated that in UC Progressors, 

chromosomal alterations can be found in distant normal-appearing biopsies (94) and the same 

alteration can be shared by multiple biopsies spanning most of the length of the colon (95). This 

indicates that the field effect can be very large and raises the fundamental question of how these 

clones propagate. The fields also appeared to be graded in nature, as copy number alterations 

increased in frequency and magnitude with proximity to dysplasia.  

While the mechanisms for localized clonal expansions have been well characterized (12), 

it is unclear how a clone can generate the extensive pancolonic fields described above. Clones 

originate from stem cells that expand to occupy the whole crypt via niche succession and then 

crypts laterally expand by crypt-fission to generate monoclonal patches (12). Niche succession 

might occur by neutral drift (96), but the expansion of certain mutations beyond a crypt appears to 

involve selection (97,98). This process can generate clones of >10cm in size (63), but it appears 

unlikely that the same process would extent throughout the whole organ. Alternative hypotheses 

are convergent evolution and long-distance stem cell migration aimed at mucosal healing, as 

proposed in Choi et al. (12). Further investigation in this area is highly needed and would greatly 

benefit from more advanced methods of lineage detection, as explained in the next section. 
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Clonal Expansions detected by passenger mutations 

The ability to recognize clonal expansions requires the presence and identification of one 

or more genetic changes that identically mark the clone’s progeny as related to each other, yet 

distinct from adjacent cells. This lineage marker is typically a putative molecular driver of the 

clonal outgrowth. The challenge is, however, that just as with tumors, multiple genetic changes 

can drive the clonal expansion. These changes vary from one person to another, and even among 

different clones within a single individual. Thus, many of these fields might be undetectable if 

only screening for known driver mutations. An alternative approach is to focus on passenger 

mutations. As cells divide, replication errors produce mutations, the vast majority of which are 

functionally neutral and offer no selective advantage or disadvantage (7). These mutations are 

carried in the daughter cells as ‘passenger’ mutations and offer a much larger repertoire of somatic 

variants to enable the detection of clonal fields and elucidate lineage relationships.  

Our group pioneered an approach for clone detection based on passenger mutations in 

polyguanine tracts (PolyG), which are highly mutable repetitive DNA sequences interspersed 

throughout the genome (99,100). We demonstrated that extensive clonal fields defined by PolyG 

mutations were present in histologically normal colonic biopsies of UC Progressors, but were 

almost entirely absent in UC Non-Progressors (patients without dysplasia). These fields were 

composed of thousands of cells that appeared microscopically normal, but had aberrantly 

proliferated from an original precursor cell, indicating the presence of an "occult" process of 

neoplastic evolution. In a later study these clonal fields were only found in patients with early 

onset of disease, suggesting that alternative pathways of progression without extensive clonal 

expansions might be operative in patients that develop UC  later in life (100).  
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Other molecular alterations identified in preneoplastic fields 

Telomere shortening  

Telomere shortening is another well-documented, early event in UC tumorigenesis. While 

it is not informative about clonality, telomere shortening has provided insight about the extent of 

the field effect and mechanisms of tumor progression in UC (101-105). The colonic epithelium of 

patients with UC has shorter telomeres than age-matched non-UC patients (106,107). This 

shortening appears to occur within the first 8 years of disease duration (106), which, interestingly, 

coincides with the time at which clinical risk of CRC for UC patients increases. This suggests that 

the onset of cancer may depend upon telomeres becoming critically short. Telomere shortening 

occurs diffusely in the colonic epithelium of all UC patients	(106), especially in those with more 

severe clinical phenotypes (108). Additionally, telomere shortening is more common in biopsies 

closer to dysplasia (102) and is more extreme in UC Progressors compared to Non-Progressors 

(102,104,105).  

Mitochondrial dysfunction 

Growing evidence indicates that epithelial cell mitochondrial dysfunction is present in UC 

(109), although it remains unclear whether this is the cause or consequence of the disease and 

whether it contributes to cancer progression. The role of mitochondria in cancer, in general, is 

controversial. One thought that prevailed for some time was that mutations in mitochondrial DNA 

(mtDNA) were somehow advantageous to tumors and clonally expanded into fields under positive 

selection (110). This was proposed to be the basis of the Warburg effect –the observation that most 

cancers use glycolysis for energy production (111-113). This idea has been challenged, however, 

by more recent studies arguing that many cancers do, in fact, rely on oxidative phosphorylation 

and mitochondrial function (114-116) and that mtDNA mutations either accumulate randomly and 

clonally expand as passengers without selective pressure, or are selected against (117-119). 
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In UC, genetic (120), proteomic (38,121-123), and metabolic (124-126) studies have 

identified mitochondrial alterations in colonic biopsies, both in non-dysplastic mucosa and in UC-

associated cancers. Unfortunately, some results are contradictory and the relevance of these 

findings is still unclear. Our group previously demonstrated that in UC Progressors, the levels of 

cytochrome C oxidase subunit I (COX), a protein of complex I of the electron transport chain, 

decreased with proximity to dysplasia, indicating the presence of a gradient field effect. COX 

staining was completely absent in some dysplastic areas but, remarkably, was typically high in 

HGD and cancer (127). These results are concordant with mitochondrial dysfunction as a feature 

of UC colonic epithelium (109), but suggest that function might be restored later in progression to 

allow for the metabolic demands of cancer cells (116).  

The mechanisms that trigger these processes are unknown. Field effects that include 

mitochondrial dysfunction can sometimes arise from clonal expansions of mtDNA mutations 

through crypt conversion and crypt fission, as previously characterized in the aging colon (128). 

Additionally, PGC1α, the master regulator of mitochondrial biogenesis, might mediate 

mitochondrial dysfunction. PGC1α expression is decreased in the intestinal epithelium of patients 

with UC. Notably, in mice, its deletion confers susceptibility to colitis, whereas restoration of the 

protein ameliorates the disease and restores mitochondrial integrity (129).  PGC1α also offers a 

potential link between telomeres and mitochondria: in telomerase knockout mice, shortened 

telomeres trigger mitochondrial dysfunction via TP53 and PGC1α signaling (130,131). This 

intriguing connection deserves further investigation in UC tumorigenesis, especially since both 

alterations exhibit a similar pattern of initial dysfunction followed by later recovery. 
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Epigenetic changes 

 Chronic inflammation is well known to play a role in the progression of cancer—UC-

mediated CRC being only one of many examples (132). As noted above, the inflammatory state 

can mutate DNA and lead to disruption of growth control genes as well as accelerate mutation 

acquisition by increasing cell turnover. Additionally, chronic inflammation can epigenetically alter 

epithelial cells without a clonal relationship (132). Gloria et al. first identified DNA methylation 

changes in the setting of UC by measuring the incorporation of labeled methyl groups into DNA 

(133). They demonstrated that UC colonic DNA is globally hypomethylated compared to normal 

controls and suggested that epigenetic changes in UC colonic mucosa contribute to cancer 

progression. Since then, epigenetic changes have been more extensively studied as precursor 

lesions in UC. It has been observed that histone modification genes are overexpressed in UC and 

that the level of overexpression correlates with both disease extent and duration (134). In non-

dysplastic, but inflamed, UC tissue, hypomethylation of bivalent H3K27me3-associated promoters 

facilitates the upregulation of cancer progression associated genes, including those associated with 

cell movement, death, survival, and proliferation. These inflammation-induced changes create a 

field of susceptibility that might predispose to cancer progression (135). Additionally, both 

dysplastic and normal-appearing UC Progressor epithelium features hypermethylation at CpG 

islands, similar to what is seen with aging, and might contribute to increased susceptibility (136-

138). Other studies have observed a significantly higher methylation in genes associated with UC 

inflammation from UC Progressor non-dysplastic tissues when compared to UC Non-Progressor 

tissue (139). Collectively, these findings in preneoplastic fields are consistent with the epigenetic 

alterations found in CRC, in which both global hypomethylation and regional hypermethylation 

are observed (140). Thus, the current view is that epigenetic alterations play a role in the 

development and progression of UC (141). These alterations might create an epigenetic field effect 
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as a result of the clonal expansion of stem cells that carry epigenetic changes or non-clonally as a 

result of environmental exposures and inflammation (132,141,142).   

Model of cancer progression in UC: accelerated colon aging? 

The molecular alterations that define preneoplastic fields in UC are remarkably similar to 

the changes that occur in normal, aging tissue. Based on this, our group proposed the idea that UC 

can be thought of as a disease of accelerated colon aging. In normal individuals, telomere length 

declines progressively with age (81), but in UC the rate of decline is accelerated, especially within 

the first 8 years after disease diagnosis (106). On average, individuals with UC at age 40 carry 

colonocyte telomeres as short as non-UC individuals at age 60. This finding fits with the 

epidemiological observation that CRC develops at a mean age of 64 in the general population, but 

a mean age of 43 in UC patients--about 20 years earlier (33).  

Similarly, chromosomal alterations (96,143), mitochondrial loss (144,145), and DNA 

methylation (146) changes have been reported in both normal aging colon and  preneoplastic fields 

in UC. In the normal colon, these age-related alterations are attributed to the increased load of 

somatic mutations and molecular damage over time. While somatic mutations can lead to clonal 

fields through biased competition and expansion of mutated intestinal stem cells (147), extensive 

molecular damage can lead to non-clonal fields of cancer predisposing alterations, such as 

telomere shortening caused by oxidative damage (148).   

We have made an effort to integrate the findings described above in our proposed model 

of carcinogenesis in UC (Fig. 1). We postulate that in UC, genetic susceptibility and an altered 

microbiome and immunity lead to chronic inflammation and concomitant increased cell turnover 

and oxidative damage. This accelerates the rate of mutation accumulation and molecular damage, 

thus effectively producing accelerated aging of the colon. When telomeres become critically short, 
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uncapped chromosome ends trigger a DNA damage response (149). In the presence of proficient 

TP53, this response results in the activation of cellular senescence; however, if TP53 is mutated, 

cells bypass senescence and cell division continues, producing preneoplastic fields in which 

dysfunctional telomeres trigger end-to-end fusions and chromosomal instability (105). This 

instability and the progressive exhaustion of telomeres eventually leads cells to crisis and death 

(150). During this process, however, additional genetic and epigenetic alterations accumulate and 

might disrupt other tumor suppressors genes and activate proto-oncogenes. One of the many 

consequences of this can be mutational or epigenetic reactivation of telomerase. Reactivated 

telomerase rescues the cells from crisis, allows further proliferation under the drive of mutated 

oncogenes, and eventually results in the development of invasive malignancy (151). At that step 

cancer cells might also acquire proficient mitochondria to cover the metabolic needs to rapid 

growth (116). 

Field effect implications: opportunities for early cancer detection 

 Preneoplastic fields are an indication of an emerging neoplastic process and, therefore, they 

could be used to improve cancer detection in UC. The current cancer surveillance system is based 

on colonoscopic screening for dysplasia and it is likely to be one of the factors contributing to the 

decrease in UC-associated CRC in recent years  (44). However, this approach has limited 

sensitivity (152), fails to detect every patient at risk (153), and it is time consuming and expensive. 

A more efficient and sensitive system would be highly desirable, especially in view of the 

worldwide overall increase in UC incidence (154). 

 The American Gastroenterology Association recommends that colonoscopic 

surveillance should begin 8-10 years after disease diagnosis and should occur every 1-2 years 

depending on dysplasia findings (155,156). Until recently, the guidelines included collection of at 
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least 32 random quadrant biopsies to achieve 90% sensitivity for histological identification of 

dysplasia (90). However, gastroenterologists’ non-adherence to colonoscopy guidelines, patients’ 

non-compliance to the surveillance plan, and a lack of agreement between pathologists upon 

histological assessment reduce the efficacy of this surveillance approach (57,157,158). Over the 

last decade, the superiority of chromoendoscopy (CE) for the detection of dysplasia has been 

established (159-161). Whereas standard colonoscopic methods rely on the use of white light to 

visualize areas of dysplasia, CE uses dyes that stain the mucosa, increasing the contrast and the 

sensitivity to find dysplasia. CE is the method currently recommended for colonoscopic 

surveillance (162), but it is still limited by the requisite detection of morphological changes that 

are visible by endoscopy.  

As described above, cumulative evidence demonstrates that molecular changes precede the 

morphological changes associated with dysplasia. Thus, focusing on the identification of 

preneoplastic fields may prove to be the most sensitive approach for identifying patients at risk of 

CRC progression. Figure 2 illustrates the potential use of the field effect to improve cancer 

colonoscopic surveillance in patients with UC. The premise is that CE with targeted biopsies is 

performed, in accordance to current recommendations (162), but in addition, two biopsies are 

collected at each colon segment for molecular analysis of field effects. The extension of the fields, 

as well as the degree of molecular alterations, might reflect the likelihood of cancer progression 

and could potentially be used to personalize colonoscopic surveillance, even in the absence of 

dysplastic findings. This hypothesis is based on the fact that cancer is a probabilistic process that 

depends not only on the rate of mutation, but also on the number of cells at risk (163). Thus, 

patients with pancolonic and multifocal fields might benefit from closer monitoring as compared 

with patients with localized, unifocal fields. Given the vast heterogeneity of genetic changes that 

can lead to UC-CRC (65), traditional genetic markers such as TP53 mutations. are unlikely to be 
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universal detectors of preneoplastic fields. Passenger mutations, such as indels in PolyG tracts, 

overcome this problem and might offer a promising solution for the identification of preneoplastic 

progression in UC. This information could be integrated into predictive statistical models to 

identify patients at risk. In addition, studies of the field effect and its role in early cancer detection 

in UC could be supported by the use of mathematical modeling to quantify the extent and behavior 

of these fields and identify at-risk patients (164,165). Such computational approaches have been 

successfully applied to predict the size, shape, and distribution of fields (164), to predict cancer 

risk in Barrett’s esophagus (166) and head and neck premalignant lesions (167), and to evaluate 

the prognostic value of putative biomarkers (165).  

 Moving forward, large studies are required to establish the value of molecular fields for 

cancer detection and prediction in a clinical setting. Fortunately, large repositories of archival UC 

biopsies already exist, which include multiple longitudinal colonoscopies for each patient, each 

containing multiple random colonic biopsies. Such repositories are an excellent resource for 

determining the biomarker potential of molecular fields for cancer prediction.  

Conclusions 

Here, we have discussed the concept of the field effect, the molecular alterations that define 

these fields, and their implications for early cancer detection in UC. Preneoplastic fields precede 

cancer progression in UC and have been characterized through the analysis of TP53 mutations, 

chromosomal alterations, telomere shortening, mitochondrial dysfunction, and epigenetic 

alterations. Biologically, these fields reflect the early events that lead to tumor progression in UC 

and enable accurate spatial and temporal characterization of in vivo tumor evolution. Clinically, 

preneoplastic fields provide an opportunity to improve early cancer detection in UC and to 

personalize colonoscopic surveillance. Beyond its applications in UC, the study of field defects is 
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highly relevant to current efforts to understand ‘precancer’ in order to improve early detection and 

prevention of cancer (168).                                                                   
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Figure Legends 

Figure 1. Proposed model of carcinogenesis in UC This model integrates the etiological, 

molecular, and dysplastic field effects with known cellular and molecular events that contribute to 

the different stages of carcinogenesis in UC. The arrow indicates the temporal direction of 

dysplastic progression and the color gradient reflects the increasing risk of cancer at the different 

stages of the process. Cancer arises within dysplastic and/or molecular fields. Molecular fields 

precede dysplastic fields and are more extensive, thus offering an excellent opportunity for 

precancer detection. 

 

Figure 2. Implications of the field effect on UC colonoscopic surveillance By analyzing several 

screening biopsies procured along the colon, field effects can be identified and could possibly be 

used to predict cancer progression risk. The colon diagrams represent four clinical scenarios in 

which dysplasia may not be detected by chromoendoscopy but in which screening biopsies could 

identify molecular fields: A) pancolonic field, B) multifocal fields, C) extensive field, D) localized 

field. Cancer is a probabilistic process that depends on the rate of mutation and the number of cells 

at risk. Thus, we postulate that large, multifocal fields are likely to be associated with higher risk 

of cancer progression compared to small, unifocal fields. Studies with large numbers of patients 

are needed to validate this model, quantify the progression risk accordingly, and integrate it with 

other known cancer risk factors in UC. If such approach was developed, it would facilitate tailoring 

the time interval between colonoscopies to the level of risk for each patient. 
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Figures 

Figure	1.	Proposed	model	of	carcinogenesis	in	UC	
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Figure 2. Implications of the field effect on UC colonoscopic surveillance 
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Chapter 2: Mitochondrial DNA mutations are associated with ulcerative 
colitis preneoplasia but tend to be negatively selected in cancer 
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Abstract 

The role of mitochondrial DNA (mtDNA) mutations in cancer remains controversial. 

Ulcerative Colitis (UC) is an inflammatory bowel disease that increases the risk of colorectal 

cancer and involves mitochondrial dysfunction, making it an ideal model to study the role of 

mtDNA in tumorigenesis. Our goal was to comprehensively characterize mtDNA mutations in UC 

tumorigenesis using Duplex Sequencing, an ultra-accurate next generation sequencing method. 

We analyzed 46 colon biopsies from non-UC and UC patients with and without cancer, including 

biopsies at all stages of dysplastic progression. mtDNA was sequenced at a median depth of 

1,364x. Mutations were classified by mutant allele frequency: clonal >0.95, subclonal 0.01-0.95, 

and very low frequency (VLF)<0.01. We identified 208 clonal and subclonal mutations and 56,764 

VLF mutations. Mutations were randomly distributed across the mitochondrial genome. Clonal 

and subclonal mutations increased in number and pathogenicity in early dysplasia but decreased 

in number and pathogenicity in cancer. Most clonal, subclonal, and VLF mutations were C>T 

transitions in the heavy strand of mtDNA, which likely arise from DNA replication errors. A subset 

of VLF mutations were C>A transversions, which are probably due to oxidative damage. VLF 

transitions and indels were less abundant in the non D-loop region and decreased with progression. 

Our results indicate that mtDNA mutations are frequent in UC preneoplasia but negatively selected 

in cancers.  

 

Implications: While mitochondrial DNA mutations might contribute to early UC tumorigenesis, 

they appear to be selected against in cancer, suggesting that functional mitochondria might be 

required for malignant transformation in UC. 
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Introduction 

While the role of nuclear DNA mutations in cancer has been extensively characterized, the 

contribution of mitochondrial DNA (mtDNA) mutations to carcinogenesis remains unclear. For 

some time, the prevailing hypothesis has been that mtDNA mutations contribute to tumor 

progression by impairing oxidative phosphorylation and promoting aerobic glycolysis, a feature 

of cancer cells known as the Warburg effect (1-3). Mounting evidence, however, has challenged 

this idea by revealing that cancer cells rely on oxidative phosphorylation and functional 

mitochondria for ATP production and rapid cell growth (4,5). Recent studies also demonstrate that 

mtDNA mutations accumulate randomly and clonally expand without selective pressure or, if 

deleterious, they are selected against (6,7). These results call into question a driving role of mtDNA 

mutations in tumor progression and their contribution to the Warburg effect.  

Ulcerative colitis (UC) is an inflammatory bowel disease that serves as an excellent model 

for studying mtDNA mutations in preneoplastic progression. UC causes chronic inflammation of 

the colonic epithelium and affected patients have an elevated risk for colorectal cancer (CRC) (8-

10). Tumorigenesis in this disease follows a distinct pattern of progression from negative for 

dysplasia (Neg) to low-grade dysplasia (LGD), high-grade dysplasia (HGD), and finally cancer. 

In patients that develop colorectal cancer, molecular alterations are found not only in dysplastic 

tissue but in histologically normal tissue surrounding dysplasia (11-13) indicating the presence of 

a field effect, or field cancerization (9,14). These premalignant fields offer a unique opportunity 

to study the early molecular events that contribute to tumor progression as well as their evolution 

across all dysplastic stages into malignancy.  

Mitochondrial dysfunction has been demonstrated in UC (15), but there is conflicting 

literature regarding its contribution to cancer progression (14). The conflict might arise from the 

fact that mitochondrial alterations could play different roles in early and late disease. Using 



	

65	
	

cytochrome C oxidase subunit I (COXI) immunohistochemistry, our group previously reported 

mitochondrial loss in premalignant lesions but a recovery of normal levels of mitochondria in 

cancer (16). Based on these observations we hypothesized that while dysfunctional mitochondria 

might contribute to early dysplasia, functional mitochondria are essential at the cancer stage. 

Further, this dual pattern might be mirrored in mtDNA mutations, with an increase of mutations 

in early dysplasia followed by negative selection of mtDNA mutations in cancer. 

Previous studies of the role of mtDNA in cancer have used next-generation sequencing 

(NGS) technologies to analyze mutations (6,7,17,18). However, conventional NGS has an error 

rate of 1 in 100-1000 (19), which precludes the accurate detection of mutations with mutant allele 

frequency (MAF) <0.01 (20). The detection of very low frequency mtDNA mutations is essential 

to characterize the underlying mutagenic processes as well as to detect small clones that might 

arise during carcinogenesis. Thus, in this study we have utilized a double-strand molecular tagging 

method called Duplex Sequencing (DS) (Fig. 1A, B), which performs error-correction by scoring 

only mutations found on both strands of DNA independently (21). The estimated error rate is less 

than 1 in 10 million, which enables the identification of mutations at frequencies as low as 0.0001 

(21,22). 

Here we have applied this highly accurate technology to identify the presence of mutations 

in mtDNA with high confidence. Our goal was to uncover the underlying mechanism of mtDNA 

mutagenesis in UC and to clarify the role of these mutations in cancer progression. We analyzed 

the mtDNA of 46 colon biopsies at all histological stages of progression and detected thousands 

of mutations. We characterized these mutations by frequency, location, type, pathogenicity, and 

mutational context, thus producing a comprehensive, high-resolution analysis of mtDNA 

mutations in preneoplastic progression. 
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Materials and Methods 

Patients and Biopsies 

The study included 10 patients: 7 with UC and 3 non-UC controls. Four of the patients with 

UC had progressed to HGD or cancer (Progressors) and the remaining 3 were cancer and dysplasia 

free (Non-Progressors, NP) (Table 1, Supplementary Table S1 and Supplementary Methods). 

Fresh frozen samples were collected at colectomy (UC patients) or colonoscopy (controls) in 

accordance with Human Subjects Guidelines and the appropriate Institutional Review Board at the 

University of Washington. A total of 46 colon biopsies were analyzed from these patients, 

including 36 biopsies that represented all histological grades in UC Progressors (Fig. 1C, 

Supplementary Table S1 and Supplementary Fig. S1). Thus, we considered six biopsy types in 

total: normal, NP, Neg, LGD, HGD and cancer (the last four corresponding to biopsies from 

Progressors). The biopsies from UC Progressors were selected based on the colon maps generated 

upon colectomy (Fig. 1C) with the criteria of covering different histological grades and different 

areas of progression. Formalin- fixed paraffin embedded (FFPE) biopsies adjacent to the frozen 

biopsies used for analysis were stained with hematoxylin and eosin and examined under a light 

microscope for acute inflammation (cryptitis and the presence of neutrophils in the epithelium) 

and chronic inflammation (lymphocytes in the lamina propria). For acute inflammation, scores 

were assigned the following numeric equivalents: none – 1, mild – 2, moderate – 3. For chronic 

inflammation, scores were assigned the following numeric equivalents: none – 1, low – 2, high – 

3. Epithelial isolation and DNA extraction were performed as part of prior studies via EDTA 

shake-off, which yields ~90% enrichment for epithelial cells (13,23)(Supplementary Methods). 

Duplex Sequencing 

For each sample, between 50-150ng of colonic epithelium DNA were processed for DS of 

mtDNA as previously described (21,24) (Fig. 1A, B). DNA was end repaired, A-tailed, and ligated 
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to DS adapters (IDT, Coralville, IA, USA) (Supplementary Methods). To determine the optimal 

input of ligated DNA for amplification, samples were qPCR amplified with a DS adapter specific 

primer (MWS13, 5’- AATGATACGGCGACCACCGAG-3’) and a primer from an internal 

mitochondrial sequence (MitoRev, 5’-GCGCTTACTTTGTAGCCTTCA-3’) (both by IDT) and 

titrated against a standard DNA sample. DNA was then captured using the NimbleGen SeqCap 

Target Enrichment kit (Roche, Basel, Switzerland) or the xGen Lockdown Target Enrichment kit 

(IDT) with probes specific for the mitochondrial genome. Samples were indexed, pooled, and 

sequenced using 2x100 bp paired-end reads on the Illumina HiSeq 2500 or 2x150 bp paired-end 

reads on the Illumina NextSeq 550.  

Data Processing 

Raw data files were processed as in previous studies (24,25) 

(https://github.com/risqueslab/DuplexSequencingScripts) with some modifications. First, 

consensus making was performed prior to the alignment of reads. Second, paired read information 

was retained. Finally, duplex consensus sequence (DCS) reads were aligned using BWA-MEM 

with default parameters (bio-bwa.sourceforge.net) to a version of human reference genome v37 

(GRCh37) (ncbi.nlm.nih.gov/grc/human) according to the revised Cambridge reference, which 

corrects for an error at base 3107 in previous versions. The Genome Analysis Toolkit (GATK) 

version 3.6 (software.broadinstitute.org/gatk) Indel-Realigner was used to perform local 

realignment of each mapped read. GATK Clip-Reads was used to clip 10bp from both the 5’ and 

3’ end of each read to remove low quality reads and artifacts created during end repair and A-

tailing. DCS reads with more than 5% indeterminate bases (Ns) were removed. Indeterminate 

bases occur when there is no consensus. Positions with less than 100 DCS reads were not 

considered for analysis. The fgbio (https://github.com/fulcrumgenomics/fgbio) tool 

ClipOverlappingReads was then used to clip any overlapping bases from paired reads.  
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All samples were sequenced to an average depth of at least 600X. The frequency of Ns was 

calculated for each position along the genome. For each sample, positions with N³0.1 were 

excluded from analysis, but this never represented more than 0.5% of the mtDNA positions. The 

haplotype of each patient was identified with the Haplogrep tool (http://haplogrep.uibk.ac.at). To 

stratify the frequency of mutational events, clonality cutoffs were established based on MAF; very 

low frequency (VLF) mutations MAF<0.01; subclonal mutations, MAF≥0.01 and <0.95; and 

clonal mutations MAF≥0.95. Clonal/subclonal mutations represent different degrees of clonal 

expansion within the colonic tissue. In contrast, VLF mutations could represent small clones or 

unique de novo events, since they were often supported by a single mutated DCS read. Of note, 

mutations identified in a single DCS read have very low probability of being artefactual (<10-7) 

(20) because they are independently identified in the two complementary strands of DNA and are 

produced by the consensus of at least 6 raw reads (3 for each DNA strand). Thus, VLF mtDNA 

mutations capture the ongoing mutagenic processes at the molecular level as well as small clonal 

expansions while clonal/subclonal mutations quantify large clonal expansions.  

Clonal and Subclonal Mutation Analysis 

Clonal and subclonal mutations were analyzed jointly and compared across the spectrum 

of biopsy types in the study, e.g.: normal, NP, Neg, LGD, HGD, and cancer. Mutations found in 

all samples from a given colon and with >75% of samples having a mutation frequency ³0.80 were 

considered constitutional to the patient and removed from consideration. For colons where only 

one sample was analyzed, mutations with a frequency ³0.99 that were commonly identified 

polymorphisms in the human population were also considered constitutional and thus removed. 

Clonal and subclonal mutation location was visualized using the Circlize package in R 

(https://CRAN.R-project.org/package=circlize). Clonal and subclonal mutations were compared 

across samples based on D-loop mutation frequency, clonality, number of mutations per biopsy, 
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pathogenicity based on MitImpact (26) and mutational signature (Supplementary Methods). The 

mutational signature analysis was based on the substitution rate, which calculated the number of 

observed mutations of each type (e.g. C>A, C>G, C>T, T>A, T>C, T>G) in each mtDNA strand 

and divided it by the number of expected mutations assuming equal probability for all 

substitutions.  

Very Low Frequency Mutation Analysis  

Mutations with a MAF<0.01 were considered VLF. Different mutations identified at the 

same nucleotide position were independently counted. Similar to clonal/subclonal mutations, VLF 

mutations were compared across the 6 biopsy types in the study. However, there were 3 major 

differences in the analysis. First, to calculate the frequency of MAF<0.01 mutations in each biopsy, 

the number of mutations was divided by the total amount of mtDNA nucleotides sequenced in 

each biopsy. This was critical to correct for sequencing depth because higher depth results in 

finding more VLF mutations. Second, to calculate the frequency of each mutation type, the number 

of mutations for each possible nucleotide substitution was divided by the number of times that 

nucleotide was sequenced in each given sample. This takes into consideration the depth of 

sequencing of each sample, as well as the nucleotide composition of the mtDNA. This calculation 

was done separately for mutations in the D-loop and non D-loop. Third, due to the much larger 

number of VLF mutations than clonal/subclonal mutations, the mutational signature analysis could 

be performed taking into consideration not only the 6 possible nucleotide substitutions in the heavy 

and light strand of DNA, but also the trinucleotide context of each substitution, for a total of 96 

substitution types in each strand.  
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Statistical Analysis 

To account for the possibility of correlation between observations from the same individual 

(or biopsy), we applied the method of generalized estimating equations (GEE). However, GEE 

relies on large-sample theory for the validity of the estimates, particularly the standard error 

estimates. Because the sample size here is modest, we also applied resampling with GEE (see 

Supplementary Methods).  

 

Results 

Duplex Sequencing identifies abundant mtDNA mutations in UC biopsies 

Mutations in mtDNA were identified by performing DS on DNA extracted from colonic 

epithelium from 46 biopsies covering different stages of preneoplastic and neoplastic progression 

(Table 1). Samples were sequenced at a median depth of 1,364x with a minimum depth of ~600x 

(Supplementary Table S2). Because DS enables ultra-accurate deep sequencing (21), we were able 

to detect and classify mtDNA mutations in 3 groups according to their MAF: clonal ≥0.95; 

subclonal ≥0.01 and <0.95, and very low frequency (VLF) <0.01. We used Haplogrep2 

(haplogrep.uibk.ac.at) to identify each patient’s haplotype (Supplementary Table S1), which 

allowed us to discount haplotype specific polymorphisms and constitutional polymorphisms. In 

total we identified 208 clonal/subclonal mutations, and 56,764 VLF mutations (Table 1).  

Clonality increases with progression 

 The overall distribution of clonal and subclonal mutations across the mitochondrial genome 

as well as their MAF is shown in Fig. 2A. While most mutations were low frequency 

(0.01<MAF<0.1), a subset of mutations appeared at larger frequencies (MAF>0.1). The proportion 

of these large frequency mutations as well as their MAF increased with progression (Fig. 2B), 
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consistent with larger clones progressively expanding during tumorigenesis. A detailed analysis of 

these mutations revealed that in the colons from UC Progressors, some mutations were shared at 

different frequencies in adjacent and relatively distant biopsies (~25cm), often spanning colonic 

epithelium of different histological grades (Supplementary Fig. S2). These findings confirm the 

clonal nature of the expansions and the presence of large fields of cancerization in UC (14). The 

analysis of individual biopsies (Supplementary Fig. S3A) indicated that the majority of UC 

Progressor biopsies (29/36 = 80.5%) harbored a clonal expansion in which a mtDNA mutation 

was present at MAF>0.1, whereas these expansions were less frequent in colon from UC Non-

Progressors or non-UC colon (1/10 = 10%) (p=9x10-5 by Fisher’s exact test). Importantly, the 

number of mutations within both the MAF>0.1 and MAF>0.01 categories did not correlate with 

the total amount of DCS nucleotides sequenced (Supplementary Fig. S4A, indicating that 

differences in sequencing depth did not explain the variation in number of subclonal mutations 

observed across biopsies. Clonal/subclonal mutations were slightly higher in older UC patients 

(Supplementary Fig. S5A) however, at all ages, they were more frequent in UC Progressors than 

in Non Progressors. There were no associations between clonal and subclonal mutations and sex, 

disease duration, active inflammation, and chronic inflammation (Fig. S5B-E). Within histological 

grades, the number of mutations was not associated to inflammation scores (Supplementary Fig. 

S5F). 

Clonal and subclonal mutations are randomly distributed in the coding region but tend to 
cluster in the D-loop with advanced disease 

Clonal and subclonal mutations appeared randomly distributed across the mtDNA coding 

region (Fig. 2A), an observation that was confirmed by plotting the number of mutations in each 

mtDNA encoded gene sorted by ascending size (Fig. 2C). Larger genes had more mutations and 

no significant clustering by gene was observed (p=0.36 by c2 test of homogeneity). The proportion 
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of D-loop mutations, however, increased with progression (Fig. 2D). The D-loop is a non-coding 

region that represents 6.7% of the mitochondrial genome, but as much as 19%, 14%, and 26% of 

clonal/subclonal mutations in LGD, HGD, and cancer, respectively, were found in the D-loop. 

Mutations in tRNA and rRNA did not significantly change with progression, but the percentage of 

mutations in the coding region decreased in cancers. Individual analysis of all the biopsies in the 

study confirmed that these results were not driven by a single biopsy or by biopsies from a single 

colon (Supplementary Fig. S3B). These results suggest that mtDNA mutations in the coding region 

are selected against in UC cancer progression.  

 

Clonal and subclonal mutations display a mutational signature indicative of mtDNA 
replication errors 

Previous studies have demonstrated that most mtDNA mutations that accumulate with 

aging and cancer correspond to C>T transitions that occur almost exclusively in the heavy strand 

of the mtDNA (6,7,27). These mutations are attributed to mtDNA replication errors. To determine 

whether the same mutational mechanisms are operative in the inflammatory setting of UC, we 

quantified the mutation substitution rate for each of the six possible mutation types in each of the 

two strands of mtDNA. The mutation substitution rate was calculated as the ratio of the number of 

observed mutations divided by the number of expected mutations. Indeed, C>T transitions in the 

heavy strand were the most predominant type of mutation across all 6 biopsy types, observed 

between 8 to 16-fold times more than what would be expected by chance (Fig. 2E). Of note, clonal 

and subclonal mutations did not show a significant contribution from C>A transversions, the 

signature of oxidative damage. 
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The number of clonal/subclonal mutations spikes in early stages of progression but 
decreases in later stages 

To better characterize the role of mtDNA mutations in UC clonal expansions, we 

performed a detailed analysis of the number, MAF, and mutational consequence of mtDNA 

mutations by biopsy type (Supplementary Fig. S6). We observed that normal colon biopsies had 

low frequency subclonal mutations that were either non-coding or synonymous. UC Non-

Progressors also featured low frequency subclonal mutations, but they were often non-

synonymous. The number and the frequency of mutations dramatically increased in negative for 

dysplasia biopsies from UC Progressors compared to normal and Non-Progressors. However, with 

advanced progression, the proportion of mutations with high MAF increased (Fig. 2B) but the 

overall number of mutations appeared to decrease. To better quantify this finding, we compared 

the mean number of mtDNA mutations for each biopsy type (Fig. 3A). While biopsies from normal 

and UC Non-Progressor colon only harbored, on average, about 2 mtDNA mutations (MAF>0.01), 

this number increased to 5 and 6 in biopsies from UC Progressors negative for dysplasia and LGD, 

respectively. However, the number of mutations decreased in HGD and even more in cancers. This 

decrease was statistically significant (p=0.014 for linear effect over LGD, HGD, CA; p = 3.6x10-

5 for a quadratic effect (inverse V-shape) over all biopsy types, by GEE permutation tests). Overall 

these results indicate that (1) clonal expansions that carry mtDNA mutations are a feature of UC 

preneoplastic progression, (2) the maximum number of mutations is achieved in LGD and 

decreases in HGD and cancer, showing an inverse V-shape that is in agreement with prior findings 

of mitochondrial alterations in UC (16).  
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Clonal and subclonal mutations are enriched for non-synonymous and pathogenic 
mutations in LGD but not in cancer  

We next quantified the frequency of non-synonymous mutations for each biopsy type (Fig. 

3B). Interestingly, for all UC biopsy types except LGD the frequency of non-synonymous 

mutations was less than 71%, which is the expected frequency given the composition of the 

mitochondrial genome. For LGD, however, the frequency was 81%. While the test for a decreasing 

linear trend from LGD to HGD to cancer was not significant (p=0.11), there was a nominally 

significant difference when comparing the frequency for LGD, 81%, to non-synonymous 

frequency over all other grades, 62% (p=0.026, n=109 total mutations). These results suggest that 

damaging mtDNA mutations might be positively selected in LGD, but they appear to be selected 

against at other stages.  

While non-synonymous mutations are a first indication of potential for pathogenicity, they 

often lead to amino acid changes that are inconsequential. Thus, a better estimate of pathogenicity 

can be achieved by utilizing computational algorithms to predict the functional impact of a specific 

missense variant. To comprehensively address this issue, we used MitImpact 2.9 (mitimpact.css-

mendel.it) (26), which is a collection of pre-computed pathogenicity predictions for all possible 

nucleotide changes that cause non-synonymous substitutions in human mitochondrial protein 

coding genes. We interrogated six different algorithms (Polyphen2, Fathmmw, CADD, Mutation 

Assessor, SIFT, and Provean) that categorized missense clonal and subclonal mutations into 

different pathogenicity groups. Two of the algorithms, Polyphen2 (28) and FatHmmW (29), 

identified significant differences with progression (Fig. 3C and 3D, p=0.025 and p=0.006 for 

decrease in pathogenicity from LGD to CA by GEE permutation tests, respectively). The six 

algorithms measure different aspects of pathogenicity using different mathematical approaches 

and, thus, they vary in their predictions. Polyphen2 predicts structural and functional impact of 

missense mutations using a probabilistic classifier whereas FatHmmW predicts functional impact 
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by combining sequence conservation with hidden Markov models. Interestingly, both algorithms 

showed increased pathogenicity in early stages of progression and decreased pathogenicity in 

cancer (Fig. 3C and 3D). These findings complement our previous observations based on number 

of mutations (Fig. 3A) and frequency of non-synonymous mutations (Fig. 3B). Overall, these data 

indicate that the clones in early progression tend to carry more mtDNA mutations and these are 

more pathogenic. However, the clones that eventually evolve to cancer tend to carry mutations that 

are not coding or non-pathogenic, suggesting selection against deleterious mtDNA mutations. 

 

VLF mutations display mutational signatures corresponding to mtDNA replication errors 
and oxidative damage 

 In contrast to clonal and subclonal mutations, VLF mutations were very abundant in all 

biopsies (Table 1) and their number was highly associated with the total amount of sequenced 

nucleotides (Supplementary Fig. S4B). Thus, to compare between biopsies we calculated the VLF 

mutation frequency as the number of VLF mutations divided by the total DCS nucleotide 

sequenced. A subset of biopsies showed a disproportionately large number of VLF mutations, 

which corresponded mostly to C>A transversions, the signature caused by oxidative damage 

(Supplementary Fig. S7). All the biopsies from UC Non-Progressors, the normal biopsy with 

Hirschprung disease, and 7/10 biopsies from one of the UC Progressors harbored a high frequency 

of C>A mutations in both the heavy and the light strand of mtDNA (Supplementary Fig. S7). VLF 

mutations were not associated with age, sex, disease duration, acute inflammation or chronic 

inflammation (Supplementary Fig. S8A-E). Importantly, within Non-Progressors, the high level 

of C>A mutations was not associated with higher levels of inflammation in those biopsies 

(Supplementary Fig. S8F). 
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To further investigate the mutational signatures operative in VLF mutations, we analyzed 

the trinucleotide context in which each of the 6 possible substitutions occurred in the heavy or light 

strand of the mtDNA. This analysis generates 96 possible mutational events (6 substitutions x 16 

flanking nucleotide combinations) and has been extensively used to elucidate mutagenic processes 

in both nuclear and mitochondrial tumor DNA (6,7,30). The combined analysis of all samples 

revealed two overlapping mutational signatures (Fig. 4): 1) C>A transversions in both strands of 

DNA and independent of nucleotide context; and 2) C>T transitions in the heavy strand of DNA 

and T>C transitions in the light strand of DNA, both with markedly increased frequency in certain 

trinucleotide contexts. Specifically, C>T in the heavy strand were enriched in NpCpG contexts 

and T>C in the light strand were enriched in NpTpC contexts. These mutational events correspond 

to the ones previously identified in mitochondrial DNA from cancer samples (6,7) and have been 

attributed to DNA replication errors. Mutational signature analysis by biopsy type (Supplementary 

Fig. S9) demonstrated that the mtDNA “replication error” signature is not exclusive to cancers but 

is also found in preneoplastic biopsies and normal colon. In biopsies from UC Non-Progressors, 

the signature was also present but overshadowed by an excess of C>A transversions 

(Supplementary Fig. S9). 

 

VLF transitions and indels are more common in the D-loop than non D-loop and decrease 
with progression 

Because of the prominent role of C>A mutations in some biopsies, the comparison of 

mutation frequency between biopsies and within D-loop and non D-loop regions was best 

performed by separating transitions and transversions (Fig. 5). We observed that in Non-

Progressors, not only transversions were disproportionally high, so were transitions, pointing to an 

excessive mutational load beyond oxidative damage. For all biopsy types, the frequency of 
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transitions was lower in the non-D-loop region than in the D-loop (Fig. 5A, mean 

difference=7.8x10-6, p<1x10-9). Remarkably, in the non-D-loop, C>T transitions in the heavy 

strand and T>C transitions in the light strand, which correspond to the predominant mtDNA 

mutational signature, significantly decreased with progression (Supplementary Fig. S10C, 

p=6.6x10-4). Compared to transitions, transversions (Fig. 5B) displayed a smaller difference in 

frequencies in the D-loop and non-D-loop over all biopsy types (mean difference=2.3x10-6, 

p=0.04) and did not show any changes with progression. Indels (Fig. 5C) showed a similar pattern 

to transitions, presenting at much higher frequency in D-loop than in non-D-loop (p<1x10-6). They 

were highest in NP and decreased with progression both in the non-D-loop (p=0.0017) as well as 

in the D-loop (p=0.014). 

To further investigate the mutational pattern by biopsy type within the D-loop and non D-

loop region, we separated transitions and transversions into the corresponding nucleotide 

substitutions in each strand of DNA (Supplementary Fig. S10). This analysis allowed us to 

determine that the C>T and T>C strand biases were exclusive of the non D-loop region, in 

agreement with prior findings in aging and cancer (6,27) (Supplementary Fig. S10A-C). 

Transitions in the D-loop had no strand bias and did not change in frequency with progression. 

However, transitions in the non-D-loop were strongly biased according to the “replication error” 

signature previously described (Fig. 4) and sharply declined with progression. In contrast, 

transversions, which were almost exclusively C>A, were found at similar frequencies in the heavy 

and light strand and in the D-loop and non-D-loop region (Supplementary Fig. S10D-F), consistent 

with the widespread effect of oxidative damage.  
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VLF mutations are randomly distributed in the coding region and tend to be enriched for 
synonymous mutations during progression 

The mean frequency of non-synonymous and synonymous mutations was constant across 

all genes indicating that mutations accumulated randomly, without any detectable clustering by 

gene (Fig. 6A). The same was true when tested for each biopsy type (Supplementary Fig. S11) 

indicating no preferential incidence of VLF mutations in any given gene during progression. 

Regarding the percentage of non-synonymous mutations, we observed a decreasing trend during 

progression (p=0.017, Fig. 6B), although there was substantial variability within biopsy type. 

 

Discussion 

The contribution of mtDNA mutations to tumorigenesis has been an area of controversy 

for some time. The work presented here helps to explain this contribution in the context of UC 

associated colorectal tumorigenesis: mtDNA mutations increase in early UC carcinogenesis, but 

appear to be selected against in cancer. Previous studies of mtDNA mutations have been limited 

by the sensitivity issues inherent to standard NGS (20) and few have been able to detect mutations 

with MAF<0.1 (6). The accuracy of DS allowed us to obtain reliable estimates of MAF ranging 

from 1 down to 0.0005. This provided a comprehensive analysis of mtDNA mutations with 

progression because we could accurately quantify not only the number of mutations but their 

clonality. In addition, because VLF mutations are extremely frequent in the mitochondrial genome, 

in spite of the relatively low number of biopsies in the study, we identified thousands of mutations 

that enabled us to perform detailed mutational signature analyses. 

The main finding of our study is the selection against mtDNA mutations in cancer 

compared to early stages of progression, which was supported by multiple lines of evidence. In 

cancers, we observed: 1) fewer mtDNA mutations, both subclonal and VLF, 2) decreased 



	

79	
	

proportion of distinct subclonal and VLF mutations (transitions and indels) in the coding region, 

3) fewer non-synonymous mutations, 4) fewer subclonal pathogenic mutations. Although our 

findings are derived from UC-associated cancer, they are in agreement with a prior report of 

decreased mtDNA mutagenesis in sporadic colorectal cancer (18) and with the detailed mutational 

analysis of mtDNA from TCGA data, which demonstrated negative selection of deleterious 

mitochondrial mutations in cancers (6,7). Collectively, these results support the notion that cancer 

cells require functional mitochondria. This notion is consistent with a novel view of mitochondria 

as essential organelles in cancer (4,5), which not only supply energy and intermediate metabolites, 

but are critical to enable the metabolic reprogramming characteristic of cancer cells (31).  

A limitation of our study is the small number of UC patients. However, multiple biopsies 

were included from each patient and a large number of mutations were analyzed, enabling a 

detailed characterization of the mutational profile of mtDNA in UC tumorigenesis. Importantly, 

our results are in agreement with our previous work in UC. We previously demonstrated the 

widespread loss of mitochondrial function in UC via immunohistochemical staining for 

mitochondrial proteins (16). In UC Progressors, we identified a v-shaped pattern with maximum 

mitochondrial loss in LGD and a recovery of normal levels in cancer. This pattern was confirmed 

by mtDNA copy number quantification (16). Based on these findings, we hypothesized an initial 

increase and a later decrease in the burden of mtDNA mutations over the course of dysplastic 

progression. Our results have now confirmed this hypothesis, strongly suggesting that, while 

mitochondrial dysfunction might be associated with the earlier stages of the disease, cancer cells 

tend to feature functional mitochondria. Several non-exclusive mechanisms are possible: 1) 

mitochondria with damaged DNA might be removed by autophagy and mitochondrial biogenesis 

activated via PGC1a (16); 2) a genetic bottleneck might be bypassed only by premalignant cells 
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with intact mitochondria; or 3) cells with damaged mtDNA might acquire whole functional 

mitochondria by horizontal transfer from neighboring tissue (32).  

We detected signs of positive selection for mtDNA mutations in LGD, including 

enrichment for nonsynonymous and pathogenic mutations. Others have reported mtDNA 

mutations in precancerous lesions, suggesting a potential contribution to early transformation (1). 

It is well known that the carcinogenic process in UC is histologically and genetically different 

from sporadic colorectal cancer (14) and is possible for mitochondria to play differential roles in 

these processes. However, it is remarkable that in sporadic colorectal carcinogenesis, mtDNA 

mutations have also been observed to increase in adenomas and decrease in colon cancer (18), in 

agreement with our data. Thus, it appears that the opposite role of mtDNA mutations in early and 

late cancer might occur in sporadic carcinogenesis as well and might explain some of the 

contradictions in the field. 

Regarding the causes of mtDNA mutations, our results support mtDNA replication as the 

major mechanism of mutation, in agreement with previous results from cancer (6,7,33) and aging 

(27). The resemblance of the mutational signature reported here to those reported by Ju et al. is 

striking (6) and indicates that the same mutational processes operative in the mitochondria of 

tumors take place in the mitochondria of normal, inflamed, and preneoplastic colon. Although the 

exact mechanism of mutagenesis is unknown, based on the exclusive non D-loop location of the 

strand bias (also observed here), Ju et al. proposed three explanations: a) the parent heavy strand 

might be more prone to cytosine and adenine deamination while being single-stranded during 

replication, b) endogenous POLG errors might occur on the leading strand preferentially, and c) 

different repair mechanisms might be at play in the leading vs. lagging strand (6). A major 

difference with Ju et al. is that in a subset of samples in our study we did observe an important 

contribution from oxidative damage, although only at the level of VLF mutations. In the presence 
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of reactive oxygen species (ROS), guanine oxidizes to 8-oxo-guanine, which results in C>A 

transversions (34). Oxidative damage is an important pathogenic factor in UC (35,36), and, thus, 

we expected to observe this mutational signature. Surprisingly, C>A mutations were not 

widespread among all biopsies from UC patients, but were restricted to biopsies from UC Non-

Progressors, most biopsies (negative, LGD and cancer) from a single Progressor patient, and the 

non-UC colon that had Hirschprung disease. These results were not explained by variability in 

inflammation levels since C>A mutations, as well as mtDNA mutations in general, were not 

associated with acute or chronic inflammation. However, these results might be explained by 

interindividual or interregional variations in the generation of ROS or in the production of 

antioxidant defenses, an interesting hypothesis that deserves further investigation with a larger 

number of patients.  

In the context of UC Progressors, a critical finding is the presence of large clonal 

expansions in non-dysplastic epithelium. mtDNA mutations with MAF>0.1 were abundant in non-

dysplastic biopsies from UC Progressors but were rare in Non-Progressors. While these clonal 

expansions might be driven by a pathogenic mtDNA mutation that confers a selective advantage, 

in many cases mtDNA mutations might be carried as passengers and arrive to homoplasmy by 

genetic drift (6,37). In any case, these mutations could be used as markers of clonal expansions, 

which are an essential component of preneoplastic fields in UC (9,14). This study was not designed 

to assess differences between Progressors and Non-Progressors and the number of cases in each 

group is insufficient to make these group comparisons. However, we have previously 

demonstrated the potential value of clonal expansions to detect UC cancer progression (23,38)  and 

the utility of mtDNA for this purpose warrants further investigation. 

Our findings support a model in which mtDNA mutations accumulate and clonally expand 

in early tumorigenesis but are subject to purifying selection in cancer (Supplementary Fig. S12). 
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During normal aging, mtDNA mutations accumulate and clonally expand in the colon epithelium 

(39), but this process might be accelerated in UC due to the increased cellular proliferation 

necessary to regenerate the ulcerated epithelium. This increased cellular proliferation would lead 

to extensive replication of the mtDNA, which appears to be the main cause of mutation not only 

in UC tumorigenesis, but also in most cancers (6). Cells with pathogenic mtDNA mutations might 

clonally expand in early progression, leading to multiple small clones. However, progression to 

malignancy appears to be characterized by a decrease in the number and pathogenicity of mtDNA 

mutations, possibly due to the outgrowth of one or few clones carrying non-pathogenic mtDNA 

mutations that drift to homoplasmy. Further research is necessary to elucidate the role of 

mitochondrial epigenetic regulation and metabolic reprogramming during this process (16) and to 

determine to what extent this model is applicable to other cancer types.  
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Tables 

 
Table 1. Study Design and Mutation Counts 
        

Patient Type Number of 
Patients 

Dysplastic 
Grade 

Number of 
Biopsies 

Number of mtDNA 
Mutations 

MAF>0.01 MAF<0.01 

Normal 3 Negative 3 5 6790 
UC Non-Progressor 3 Negative 7 14 25495 

UC Progressor 4 

Negative 15 77 7384 
Low Grade 9 59 5026 
High Grade 4 22 5417 

Cancer 8 31 6652 
TOTAL 10   46 208 56764 
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Figure Legends 

 
Figure 1. Experimental design A, Schematic of the Duplex Sequencing method. Duplex 

Sequencing adapters contain a molecular tag consisting of a randomized nucleotide sequence 

(represented as α (cyan) and β(orange)) and two universal priming sites (purple and green). DNA 

is fragmented (yellow) and ligated to Duplex Sequencing adapters. B, Reads from the same 

strand of a DNA molecule are used to produce a single-strand consensus sequence (SSCS). Then 

the two complementary SSCS generated from the same original DNA molecule are condensed 

into a double-strand consensus sequence (DCS). Only mutations found on the two 

complementary SSCS are considered true mutations. C, Colon maps for each of the Progressor 

patients as diagrammed by the pathologist after colectomy. Each box corresponds to an 

individual biopsy and is color-coded according to histological findings: Neg: negative for 

dysplasia, IND: indefinite for dysplasia, LGD: low-grade dysplasia, HGD: high-grade dysplasia, 

and cancer. Biopsies are named based on the coordinates defined by columns (letters) and rows 

(numbers). Columns correspond to the diameter of the colon divided into 3-4 sections and are 

~2cm apart. Rows indicate colon levels and are evenly spaced ~2-5cm along the length of the 

organ. For each colon, the biopsies analyzed are indicated with a box with the biopsy name. 

 

Figure 2. Clonal and subclonal mtDNA mutations A, Genomic positions of clonal and 

subclonal mtDNA mutations. Biopsy types are color-coded. MAF from 0.01-1.0 is indicated by 

position along the vertical axis. B, Distribution of clonal and subclonal mutations by MAF in 

each biopsy type. C, Association between number of mutations and gene size (bp). Biopsy types 

are color-coded. D, Distribution of clonal and subclonal mutations by region compared to the 

expected distribution based on composition of the mitochondrial genome. E, Substitution rate for 
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clonal and subclonal mutations shown by biopsy type. MAF: mutant allele frequency, NP: Non-

Progressor, Neg: negative for dysplasia, LGD: low-grade dysplasia, HGD: high-grade dysplasia. 

 

Figure 3. Comparison of clonal and subclonal mutations by biopsy type 

A, Mean number of clonal and subclonal mtDNA mutations for each biopsy type. Error bars 

indicate standard error of the mean. p-value corresponds to the linear effect by GEE permutation 

tests. B, The proportion of synonymous and non-synonymous clonal and subclonal mutations is 

shown by biopsy type. Dashed line indicates expected percentage of non-synonymous mutations 

in the mtDNA in the absence of selection. C, D Proportion of clonal and subclonal mutations of 

each biopsy type predicted to have pathogenic impact by Polyphen 2 (C) and FatHmmW (D) 

algorithms. p-values were calculated using GEE permutation tests. 

 

Figure 4. Very low frequency (MAF<0.01) mtDNA mutational signature The substitution 

rate of each of the 96 possible substitution classes is shown for mtDNA mutations with 

MAF<0.01. Substitution rate is calculated as the ratio of the number of observed mutations to the 

number of expected mutations. Black arrows indicate CpG and TpC trinucleotides, which are 

amongst the most frequently mutated in the heavy strand and light strand of mtDNA, 

respectively. MAF: mutant allele frequency. 

 

Figure 5. Quantification of very low frequency mutations (MAF<0.01) in D-loop vs. non-D-

loop and by progression The total frequency of mutations for variants with MAF<0.01 is shown 

for transitions (A), transversions (B), and indels (C) for each biopsy type and by D-Loop or Non 

D-Loop regions. p-values were calculated using GEE permutation tests.  
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Figure 6. Very low frequency (MAF<0.01) mutation selection A, Non-synonymous and 

synonymous mutation frequency for each mtDNA encoded gene plotted by gene size. Mutation 

frequency was calculated as the number of mutations with MAF<0.01 (non-synonymous or 

synonymous) within each given gene divided by the total number of DCS nucleotides sequenced. 

B, Proportion of non-synonymous mutations (MAF<0.01) for each biopsy by histological grade. 

p-values were calculated using a GEE permutation test. MAF: mutant allele frequency. 
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Figures 

Figure 1. Experimental Design 
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Figure 2. Clonal and subclonal mtDNA mutations 
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Figure 3. Comparison of clonal and subclonal mutations by biopsy type 
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Figure 4. Very low frequency (MAF<0.01) mtDNA mutational signature 
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Figure 5. Quantification of very low frequency mutations (MAF<0.01) in D-loop vs. non-D-
loop and by progression 
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Figure 6. Very low frequency (MAF<0.01) mutation selection 
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Supplementary Materials and Methods 

Patients and samples 

Biopsies from 3 non-UC patients, 3 UC Non-Progressors, and 4 UC Progressors were 

analyzed (Supplementary Table 1). The 3 non-UC controls included one patient with 

Hirschsprung's disease and two who had constipation. They were purposely selected in the 

younger age spectrum to avoid the effect of age-related mtDNA mutations. The reason for this 

non-UC group was to serve as a negative control, not to perform direct comparisons between 

mtDNA mutations in non-UC and UC patients. UC Progressor colons were chosen because 

detailed colon maps were available (Fig. 1C), they had been extensively analyzed in prior studies 

(1, 2), and epithelial DNA was available. Importantly, these colons included varying degrees and 

extension of dysplasia. 

Biopsies from non-UC colons were collected during colonoscopy while UC samples were 

collected at colectomy. Samples were frozen at -80°C and stored in Minimum Essential Medium 

with 10% DMSO until used. For UC patients, a portion of colonic tissue adjacent to each biopsy 

was fixed in formalin, embedded in paraffin, sectioned, stained with hematoxylin-eosin, and 

histologically assessed by a GI pathologist to determine dysplastic grade and inflammation. 

Epithelial cell and DNA isolation 

In prior studies (1, 2) epithelial cells were isolated from colonic tissue via EDTA shake-

off as previously described (3). Then DNA was extracted using silica filtration columns (Qiagen, 

Hilden, Germany), quantified via a Qubit fluorimeter (ThermoFisher Scientific, Waltham, MA, 

USA) or Nanodrop UV spectroscopy (ThermoFisher Scientific) and stored at -80°C.  
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Duplex Sequencing 

Duplex Sequencing was performed as previously described (4, 5) with the following 

modifications. Upon sonication, end repair and A-tailing were performed using End Repair/dA-

Tailing modules (New England Bioscience, Ipswich, MA, USA) and a GeneAmp PCR System 

9700 (Applied Biosystems). Prepared DNA was then ligated to DS adapters (IDT, San Jose, CA, 

USA) using NEBNext Ultra II Ligation module. DS adapters are asymmetrical, double-stranded 

DNA molecules that contain the sequences required for the Illumina system as well as a random, 

double-stranded, 10bp sequence that uniquely tags each DNA molecule. Non-ligated DNA was 

then removed via size-selection magnetic bead wash (selecting for 300-700bp range) with 

Agencourt Ampure XP beads (Beckman Coulter, Brea, CA, USA) with a 0.8:1 DNA to bead 

ratio (0.8x) and eluted in molecular biology grade water. To determine optimal input of ligated 

DNA for amplification, samples were amplified with a DS adapter specific primer (MWS13, 5’- 

AATGATACGGCGACCACCGAG-3’) and a primer from an internal mitochondrial sequence 

(MitoRev, 5’-GCGCTTACTTTGTAGCCTTCA-3’) (both by IDT) using the Kapa Real Time 

Library Amplification Kit (Kapa Biosystems, Wilmington, MA, USA). qPCR reactions were 

performed using a Rotorgene 3000 (Corbett Research, Cambridge, UK) using the following 

cycling conditions: 95°C for 10 minutes, 40 cycles of 95°C for 10 seconds (sec), 60°C for 15 sec, 

and 72°C for 20 sec, followed by a 60°C-98°C melt step. The cycle threshold of each sample was 

compared to that of a DNA standard created from a previously sequenced mtDNA sample that 

yielded optimal reads per tag and sequencing depth. Ligated DNA was then diluted to the 

optimal input amount and amplified using the Kapa KK2702 kit, the two DS adapters specific 

primers MWS13 and MWS20 (IDT), and the following cycling conditions: 95°C for 4 minutes, a 

variable number of cycles of 95°C for 20 sec, 60°C for 20 sec, and 72°C for 15 sec. Samples 

were taken out of the Rotor-gene 3000 before the qPCR curve plateaued to prevent the formation 
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of DNA concatemers. A second 0.8x bead wash was performed in the same manner as the first to 

purify the amplified DNA. DNA was then captured using the NimbleGen SeqCap Target 

Enrichment kit (Roche, Basel, Switzerland) or the xGen Lockdown Target Enrichment kit (IDT) 

with probes specific for the mitochondrial genome (IDT). A third 1.8x bead wash was performed 

to clean the DNA. Samples were then indexed for sequencing via qPCR using MWS13 and 

custom 6 bp indexing primers (IDT) and the Kapa Real Time Library Amplification Kit on the 

Rotor-gene 3000. A final 0.8x bead was performed as before. Individual DNA sample 

concentrations were quantified using a Qubit fluorimeter (Life Technologies, Carlsbad, CA, 

USA). Samples were then analyzed with a 4200 TapeStation (Agilent, Santa Clara, CA, USA) to 

determine DNA fragment length, and the presence of any unwanted DNA fragments or 

contaminants. An additional bead wash was performed as needed to purify samples. Sequencing 

libraries were pooled by adding sample DNA in ratios consistent with the desired sequencing 

depth for each sample. The pool was then quantified via qPCR using a library quantification kit 

(Kapa Biosystems) and the Rotor-gene 3000 with the following cycling conditions: 95°C for 5 

minutes, 40 of cycles of 95°C for 30 seconds and 60°C for 45 seconds, followed by a 60°C-98°C 

melt step. The DNA library pool concentration was then adjusted for sequencing. Sequencing 

was performed using 2x100 bp pair-end reads on the Illumina HiSeq 2500 or 2x150 bp pair-end 

reads on the Illumina NextSeq 550.  

Data processing 

Raw data files were analyzed as previously described (5, 6) with several modifications. 

Paired-end information was retained. Consensus making was performed prior to alignment. 

Sequences were first compiled using the Unified Consensus Maker, a custom python script 

(https://github.com/risqueslab/DuplexSequencingScripts) that compares the sequences of all the 

reads that share the same molecular tag in order to produce a single stranded consensus sequence 
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(SSCS). Because the molecular tags are double-stranded, each SSCS sequence can be then 

compared to its complement, introducing an additional step of error correction that filters all 

mutations that are not present in the two complementary DNA molecules. These highly accurate 

double-stranded consensus sequences, or DCS reads, were aligned using BWA-MEM with 

default parameters (bio-bwa.sourceforge.net) to human reference genome version 37 (GRCh37), 

(ncbi.nlm.nih.gov/grc/human) a revised version of the Cambridge reference that corrects for an 

error at base 3107 in previous versions. The Genome Analysis Toolkit (GATK) version 3.6 

(software.broadinstitute.org/gatk) Indel-Realigner was used to perform local realignment of each 

read. Regions with PolyC sequences, which caused significant alignment and mutation calling 

issues, were excluded from the bed file. The excluded regions include the following positions: 

301-317, 13052-13064, 15536-15548, and 16183-16196. GATK Clip-Reads was used to clip 10 

bp at both the 5’ and 3’ end of each read to remove artifacts created during end repair and A-

tailing. DCS reads with more than 5% indeterminate bases (Ns) were removed. Positions with 

less than 100 DCS reads were not considered for analysis. The fgbio 

(https://github.com/fulcrumgenomics/fgbio) tool ClipOverlappingReads was used to clip any 

overlapping bases from paired reads. The generated output file includes the mutation type 

(including insertions and deletions) and frequency at each position, the resulting base and amino 

acid change, and clonal and subclonal mutations that can be used for haplotype analysis.  

Clonal and Subclonal Mutation Analysis 

Total numbers of clonal and subclonal mutations numbers were counted (Table 1, Table 

S2). Mutations found in all samples from a given colon and with the majority of samples having 

a mutation frequency of 0.99 or above were considered constitutional to the patient and removed 

from consideration. For colons where only one sample was analyzed, synonymous and non-

coding mutations with a frequency of 0.99 or above were also considered constitutional and thus 
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removed. The remaining clonal and subclonal mutations were compared across samples based on 

clonality (MAF 1-10%, 10-40%, 40-95%, >95%). Mutation location was visualized using the 

Circlize package in R (https://CRAN.R-project.org/package=circlize). 

Very Low Frequency Mutation Analysis  

To calculate the frequency of mutations in the D-loop and non-D-loop, the number of 

mutations was divided by the total number of nucleotides sequenced in the D-loop and in the 

non-D-loop, to take into consideration the fact that the D-loop is much smaller and differences in 

sequencing depth between samples. To calculate the frequency of each mutation type, the 

number of mutations of each type (e.g. C>A, C>G, C>T, T>A, T>C, T>G) was divided by the 

total number of sequenced C nucleotides or G nucleotides in the heavy and light strand of the 

mtDNA. This takes into consideration the nucleotide composition of the mtDNA as well as the 

depth of sequencing of each sample. Different mutations identified at the same nucleotide 

position were independently counted.  

Determination of mutational signatures 

We calculated the expected frequency of each substitution within each of the possible 16 

trinucleotides by taking into account the trinucleotide composition of the mtDNA and assuming 

equal probability for all three substitutions. We then estimated the substitution rate by dividing 

the number of observed substitutions by the number of expected substitutions. 

Associations between frequency of mutations and gene size 

For each biopsy, we calculated the number of synonymous and non-synonymous 

mutations identified in each gene. We then divided the number of mutations by the total number 

of nucleotides sequenced for each respective gene in order to correct by gene size and 

sequencing depth between samples. The average frequency for all the biopsies in the study as 
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well as for all the biopsies within each group (e.g. normal, NP, Negative, LGD, HGD, and 

cancer) was then calculated separately for synonymous and non-synonymous mutations and 

plotted against gene size. 

Mutation Pathogenicity 

Analysis of non-synonymous mitochondrial mutation consequences and the resulting 

pathogenicity were assessed by comparing against the MitImpact database version 2.9 (7), which 

compiles pathogenicity calls from a variety of online tools. Only clonal and subclonal mutations 

were included for pathogenic analysis. MitImpact contains information on all possible missense 

mutations that could occur in coding regions of the mitochondrial genome. Thus, in this analysis 

indels or mutations found in tRNA coding or control regions were removed from consideration. 

Annotations from Polyphen2 (8) and Fathmmw (9) were used to predict mutational 

pathogenicity.  

Statistical analyses 

For clonal and subclonal mutations, a standard two-way table c2 test was used to test the 

null hypothesis of homogeneity of mutation rates (proportions) across genes using the number of 

mutant sites and number of non-mutant sites, which takes into account gene size. To account for 

possible correlation between outcomes within the same patient (including within the same 

biopsy), we applied the method of generalized estimating equations (GEE). While the number of 

patients in the study is modest (N=10), the “effective sample” size is affected by the number of 

biopsies, number of mutations analyzed and depth of sequencing (size of sample interrogated). 

The effective sample size is close to the number of patients if all results within a patient are very 

similar but is close to the number of mutations in the analysis if results have little correlation 

within individual. GEE uses an empirical estimator of the standard error in regression models, an 
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estimator that includes a component for correlation among results within individual and arrives 

at a result that reflects the effective sample size. However, GEE also relies on a large number of 

individuals (large sample theory) for validity of the estimators. Because of the modest number of 

individuals in the study, we did not want to rely on large sample assumptions. Instead, 

resampling was used with GEE in order to obtain standard error (SE) estimators. Specifically, 

observations were permuted within individual (1000 times for each test) to retain any correlation 

within individual and the standard deviation of the 1000 estimators was used as the SE (10). This 

method provided a much more conservative p-value than the GEE SE estimator, justifying the 

approach. For tests of outcomes for an inverted V-shape or a linear decrease from LGD to HGD 

to cancer, we used models with either a quadratic polynomial or only a linear term restricted to 

biopsies in the last three groups, respectively. For analysis of VLF mutations, the same GEE 

permutation method was used except the number of bases interrogated was taken into account 

via a Poisson offset or binomial denominator, as appropriate.   
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Table S2. Biopsy Information

Case
Patient 
Type Biopsy Dysplastic Grade

Acute 
inflammation

Chronic 
inflammation PSC

% DCS 
mapped

DCS 
nucleotides 
sequenced

DCS depth
MAF      
>0.01

MAF      
<0.01

12N Normal 12N Negative NA NA NA 99.8 30,184,042       1,822        2 619             
13N Normal 13N Negative NA NA NA 99.8 79,226,031       4,782        1 5,371          
18N Normal 18N Negative NA NA NA 99.8 45,499,639       2,746        2 800             

3062514 NP C6 Negative mild high DU 99.5 22,474,307       1,356        5 4,686          
3062587 NP C6 Negative none low DU 99.6 18,504,290       1,117        3 4,476          
3062587 NP C7 Negative none low DU 99.6 28,857,768       1,741        1 1,584          
3062587 NP C8 Negative none none DU 99.5 11,027,421       666          2 4,505          

182J NP A15 Negative none low DU 99.6 25,329,670       1,529        2 2,592          
182J NP B4 Negative none low DU 99.5 17,643,045       1,065        0 5,059          
182J NP C10 Negative none low DU 99.6 22,023,637       1,329        1 2,593          
28Y P B26 Negative none low No 99.1 11,398,272       688          9 132             
28Y P C24 Negative none low No 99.6 20,358,789       1,229        3 168             
28Y P C26 Negative moderate high No 99.7 42,583,801       2,570        5 342             
28Y P D17 Negative none none No 99.2 11,465,838       692          8 166             

50804 P A5 Cancer DU DU DU 99.6 27,668,019       1,670        2 149             
50804 P A6 Cancer DU DU DU 99.7 24,237,061       1,463        0 2,025          
50804 P B2 Cancer DU DU DU 99.0 12,210,267       737          3 785             
50804 P B25 Negative DU DU DU 98.2 10,233,330       618          1 1,205          
50804 P C2 HGD DU DU DU 99.7 19,849,601       1,198        4 671             
50804 P C16 Negative DU DU DU 99.8 21,124,369       1,275        5 2,435          
50804 P D3 HGD DU DU DU 99.8 31,390,621       1,895        6 2,253          
50804 P D6 Cancer DU DU DU 99.7 50,815,555       3,067        10 1,924          
50804 P D10 Negative DU DU DU 96.7 10,397,971       628          6 100             
50804 P D22 Negative DU DU DU 83.1 22,717,025       1,371        7 180             

4Z P A31 LGD mild high No 99.8 11,999,286       724          5 80              
4Z P A40 Negative mild high No 99.8 11,155,416       673          3 96              
4Z P B39 Negative none high No 99.8 11,514,668       695          4 89              
4Z P C41 LGD none high No 99.8 11,977,064       723          7 75              
4Z P D16 Cancer none none No 99.8 11,923,752       720          5 105             
4Z P D17 Cancer none none No 99.5 9,877,477        596          4 59              
41Z P A13 Cancer none high Yes 99.7 75,137,215       4,538        5 1,266          
41Z P B1 LGD none high Yes 99.8 53,215,145       3,212        6 2,630          
41Z P B2 LGD none high Yes 83.8 9,816,110         592          7 140             
41Z P B7 LGD mild low Yes 99.7 22,299,726       1,346        6 234             
41Z P B8 LGD mild high Yes 99.6 19,242,426       1,161        7 229             
41Z P B12 Cancer none low Yes 99.8 45,994,840       2,776        2 339             
41Z P B14 LGD none high Yes 99.8 37,332,002       2,253        11 227             
41Z P C1 Negative none high Yes 99.8 27,752,296       1,675        7 379             
41Z P C2 Negative none low Yes 99.8 35,202,461       2,125        5 347             
41Z P C7 Negative none high Yes 99.7 47,715,509       2,880        4 993             
41Z P C12 LGD mild high Yes 99.7 29,191,093       1,762        4 332             
41Z P C21 Negative none high Yes 99.7 80,571,808       4,863        7 493             
41Z P D6 HGD none high Yes 99.8 110,013,341     6,640        7 958             
41Z P D7 LGD none high Yes 99.8 115,704,629     6,983        6 1,079          
41Z P D8 HGD none high Yes 99.8 145,141,921     8,760        5 1,535          
41Z P D21 Negative none high Yes 99.7 17,829,255       1,076        3 259             

Abbreviations: DCS - duplex consensus sequence; PSC - primary sclerosing cholangitis; MAF - mutant allele frequency; NA - not applicable; DU - data unavailable

Number of mutations
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Table S3. Mutation Information

Case
Patient 
Type Sample Biopsy

Dysplastic 
Grade Position

Ref 
Base Gene Coding MAF

Frequency 
Classification Substitution

Gene 
Consequence Mutation Type

Amino 
Acid 

Change

12N Normal 12N 12N-12N Negative 65 T Control_region (HVS2) noncoding 0.0168 subclonal D deletion indel

12N Normal 12N 12N-12N Negative 11626 T ND4 coding 0.0145 subclonal TC synonymous synonymous

13N Normal 13N 13N-13N Negative 366 G Control_region (HVS2) noncoding 0.0111 subclonal GA not coding not coding

18N Normal 18N 18N-18N Negative 1303 G 12S_rRNA tRNA/rRNA 0.0726 subclonal GA not coding not coding

18N Normal 18N 18N-18N Negative 16145 G Control_region HVS1 noncoding 0.0475 subclonal GA not coding not coding

3062514 NP C6 3062514-C6 Negative 513 G Control_region HVS3 noncoding 0.0221 subclonal D deletion indel

3062514 NP C6 3062514-C6 Negative 2702 G 16S_rRNA tRNA/rRNA 0.011 subclonal GA not coding not coding

3062587 NP C6 3062587-C6 Negative 3577 A ND1 coding 0.0151 subclonal AC Met > Leu nonsynonymous M91L

3062587 NP C6 3062587-C6 Negative 5330 C ND2 coding 0.0118 subclonal CT synonymous synonymous

3062514 NP C6 3062514-C6 Negative 5800 A tRNA-Cys tRNA/rRNA 0.109 subclonal AG not coding not coding

3062514 NP C6 3062514-C6 Negative 7236 G COX1 coding 0.0103 subclonal GA Asp > Asn nonsynonymous D445N

3062514 NP C6 3062514-C6 Negative 10830 G ND4 coding 0.0109 subclonal GA Trp > Ter nonsynonymous W24Ter

3062587 NP C6 3062587-C6 Negative 11711 G ND4 coding 0.0207 subclonal GA  Ala > Thr nonsynonymous A318T

3062587 NP C7 3062587-C7 Negative 5330 C ND2 coding 0.0144 subclonal CT synonymous synonymous

3062587 NP C8 3062587-C8 Negative 3577 A ND1 coding 0.0158 subclonal AC Met > Leu nonsynonymous M91L

3062587 NP C8 3062587-C8 Negative 5330 C ND2 coding 0.0102 subclonal CT synonymous synonymous

182J NP A15 182J-A15 Negative 4720 G ND2 coding 0.0105 subclonal GA Trp > Ter nonsynonymous W84Ter

182J NP A15 182J-A15 Negative 15922 A tRNA-Thr tRNA/rRNA 0.0281 subclonal AG not coding not coding

182J NP C10 182J-C10 Negative 15922 A tRNA-Thr tRNA/rRNA 0.0118 subclonal AG not coding not coding

28Y P B26 28Y-B26 Negative 72 T Control_region (HVS2) noncoding 0.0406 subclonal TC not coding not coding

28Y P B26 28Y-B26 Negative 152 T Control_region HVS2 noncoding 0.0467 subclonal TC not coding not coding

28Y P B26 28Y-B26 Negative 583 G tRNA-Phe tRNA/rRNA 0.0145 subclonal GA not coding not coding

28Y P B26 28Y-B26 Negative 3737 T ND1 coding 0.0278 subclonal TC Val > Ala nonsynonymous V144A

28Y P B26 28Y-B26 Negative 4754 A ND2 coding 0.0753 subclonal AG synonymous synonymous

28Y P B26 28Y-B26 Negative 10685 G ND4L coding 0.0871 subclonal GA synonymous synonymous

28Y P B26 28Y-B26 Negative 10993 G ND4 coding 0.23 subclonal GA synonymous synonymous

28Y P B26 28Y-B26 Negative 11651 G ND4 coding 0.0611 subclonal GA Val > Met nonsynonymous V298M

28Y P B26 28Y-B26 Negative 11866 A ND4 coding 0.0346 subclonal I insertion indel

28Y P C24 28Y-C24 Negative 513 G Control_region HVS3 noncoding 0.0122 subclonal D not coding not coding

28Y P C24 28Y-C24 Negative 2573 G 16S_rRNA tRNA/rRNA 0.0123 subclonal GA not coding not coding

28Y P C24 28Y-C24 Negative 5177 G ND2 coding 0.119 subclonal GA synonymous synonymous

28Y P C26 28Y-C26 Negative 390 A Control_region noncoding 0.269 subclonal AG not coding not coding

28Y P C26 28Y-C26 Negative 2054 T 16S_rRNA tRNA/rRNA 0.347 subclonal TC not coding not coding

28Y P C26 28Y-C26 Negative 9531 A COX3 coding 0.0138 subclonal I insertion indel

28Y P C26 28Y-C26 Negative 12814 G ND5 coding 0.0585 subclonal GA Ala > Thr nonsynonymous A160T

28Y P C26 28Y-C26 Negative 14207 G ND6 coding 0.278 subclonal GA Thr > Ile nonsynonymous T156I

28Y P D17 28Y-D17 Negative 1313 A 12S_rRNA tRNA/rRNA 0.0102 subclonal AG not coding not coding

28Y P D17 28Y-D17 Negative 2128 G 16S_rRNA tRNA/rRNA 0.012 subclonal GA not coding not coding

28Y P D17 28Y-D17 Negative 2631 G 16S_rRNA tRNA/rRNA 0.0126 subclonal GA not coding not coding

28Y P D17 28Y-D17 Negative 3323 T ND1 coding 0.0136 subclonal TC Leu > Pro nonsynonymous L6P

28Y P D17 28Y-D17 Negative 6825 G COX1 coding 0.233 subclonal GA Ala > Thr nonsynonymous A308T

28Y P D17 28Y-D17 Negative 10993 G ND4 coding 0.0171 subclonal GA synonymous synonymous

28Y P D17 28Y-D17 Negative 13608 T ND5 coding 0.0359 subclonal TC synonymous synonymous

28Y P D17 28Y-D17 Negative 14649 T ND6 coding 0.0163 subclonal TC Ser > Gly nonsynonymous S9G

50804 P A5 50804-A5 Cancer 2022 G 16S_rRNA tRNA/rRNA 0.0158 subclonal GA not coding not coding

50804 P A5 50804-A5 Cancer 8270 C non-coding coding 0.0154 subclonal D deletion indel

50804 P B2 50804-B2 Cancer 7978 C COX2 coding 0.807 subclonal CT synonymous synonymous

50804 P B2 50804-B2 Cancer 10946 A ND4 coding 0.0111 subclonal I insertion indel

50804 P B2 50804-B2 Cancer 16207 A Control_region HVS1 noncoding 0.0229 subclonal AG not coding not coding

50804 P B25 50804-B25 Negative 8249 G COX2 coding 0.0114 subclonal GA Gly > Ter nonsynonymous G222Ter

50804 P C16 50804-C16 Negative 1958 G 16S_rRNA tRNA/rRNA 0.0317 subclonal GT not coding not coding

50804 P C16 50804-C16 Negative 5910 G COX1 coding 0.0104 subclonal GA Ala > Thr nonsynonymous A3T

50804 P C16 50804-C16 Negative 14279 G ND6 coding 0.0269 subclonal GA Ser > Leu nonsynonymous S132L

50804 P C16 50804-C16 Negative 15106 G CYTB coding 0.0156 subclonal GA synonymous synonymous

50804 P C16 50804-C16 Negative 16181 A Control_region HVS1 noncoding 0.0604 subclonal AG not coding not coding

50804 P C2 50804-C2 High Grade 4449 G tRNA-Met tRNA/rRNA 0.0425 subclonal GA not coding not coding

50804 P C2 50804-C2 High Grade 7978 C COX2 coding 0.576 subclonal CT synonymous synonymous

50804 P C2 50804-C2 High Grade 15242 G CYTB coding 0.0141 subclonal GA Gly > Ter nonsynonymous G165Ter

50804 P C2 50804-C2 High Grade 16264 C Control_region HVS1 noncoding 0.109 subclonal CT not coding not coding

50804 P D3 50804-D3 High Grade 2536 G 16S_rRNA tRNA/rRNA 0.0258 subclonal GA not coding not coding

50804 P D3 50804-D3 High Grade 5703 G tRNA-Asn tRNA/rRNA 0.0614 subclonal GA not coding not coding

50804 P D3 50804-D3 High Grade 8902 G ATP6 coding 0.0223 subclonal GA Ala > Thr nonsynonymous A126T

50804 P D3 50804-D3 High Grade 9713 G COX3 coding 0.0114 subclonal GA synonymous synonymous

50804 P D3 50804-D3 High Grade 11866 A ND4 coding 0.0164 subclonal I insertion indel

50804 P D3 50804-D3 High Grade 15306 T CYTB coding 0.0114 subclonal TC Phe > Ser nonsynonymous F186S

50804 P D6 50804-D6 Cancer 214 A Control_region HVS2 noncoding 0.0123 subclonal AG not coding not coding

50804 P D6 50804-D6 Cancer 1440 G 12S_rRNA tRNA/rRNA 0.0127 subclonal GA not coding not coding

50804 P D6 50804-D6 Cancer 2269 G 16S_rRNA tRNA/rRNA 0.0102 subclonal GA not coding not coding

50804 P D6 50804-D6 Cancer 3143 T 16S_rRNA tRNA/rRNA 0.0201 subclonal TC not coding not coding

50804 P D6 50804-D6 Cancer 4412 G tRNA-Met tRNA/rRNA 0.026 subclonal GA not coding not coding

50804 P D6 50804-D6 Cancer 6791 A COX1 coding 0.0915 subclonal AG synonymous synonymous

50804 P D6 50804-D6 Cancer 8951 T ATP6 coding 0.0161 subclonal TC Val > Ala nonsynonymous V142A

50804 P D6 50804-D6 Cancer 10068 G ND3 coding 0.151 subclonal GA Ala > Thr nonsynonymous A4T
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Case
Patient 
Type Sample Biopsy

Dysplastic 
Grade Position

Ref 
Base Gene Coding MAF

Frequency 
Classification Substitution

Gene 
Consequence Mutation Type

Amino 
Acid 

Change

50804 P D6 50804-D6 Cancer 10326 T ND3 coding 0.0296 subclonal TC Ser > Pro nonsynonymous S90P

50804 P D6 50804-D6 Cancer 15914 A tRNA-Thr tRNA/rRNA 0.0153 subclonal AT not coding not coding

50804 P D10 50804-D10 Negative 2083 T 16S_rRNA tRNA/rRNA 0.035 subclonal TC not coding not coding

50804 P D10 50804-D10 Negative 2182 G 16S_rRNA tRNA/rRNA 0.0161 subclonal GA not coding not coding

50804 P D10 50804-D10 Negative 2927 C 16S_rRNA tRNA/rRNA 0.0126 subclonal CT not coding not coding

50804 P D10 50804-D10 Negative 3243 A tRNA-Leu tRNA/rRNA 0.141 subclonal AG not coding not coding

50804 P D10 50804-D10 Negative 12127 G ND4 coding 0.176 subclonal GA synonymous synonymous

50804 P D10 50804-D10 Negative 13345 G ND5 coding 0.0217 subclonal GA Ala > Thr nonsynonymous A337T

50804 P D22 50804-D22 Negative 5774 T tRNA-Cys tRNA/rRNA 0.0404 subclonal TC not coding not coding

50804 P D22 50804-D22 Negative 7762 G COX2 coding 0.0147 subclonal GA synonymous synonymous

50804 P D22 50804-D22 Negative 9182 G ATP6 coding 0.0483 subclonal GA Ser > Asn nonsynonymous S219N

50804 P D22 50804-D22 Negative 9798 T COX3 coding 0.0603 subclonal TC Phe > Leu nonsynonymous F198L

50804 P D22 50804-D22 Negative 11222 G ND4 coding 0.0104 subclonal GA Val > Met nonsynonymous V155M

50804 P D22 50804-D22 Negative 12392 T ND5 coding 0.0367 subclonal TC Ile > Thr nonsynonymous I19T

50804 P D22 50804-D22 Negative 15915 G tRNA-Thr tRNA/rRNA 0.0109 subclonal GA not coding not coding

4Z P A31 4Z-A31 Low Grade 2470 G 16S_rRNA tRNA/rRNA 0.0153 subclonal GA not coding not coding

4Z P A31 4Z-A31 Low Grade 11866 A ND4 coding 0.0113 subclonal I insertion indel

4Z P A31 4Z-A31 Low Grade 12384 T ND5 coding 0.256 subclonal I insertion indel

4Z P A31 4Z-A31 Low Grade 16148 C Control_region HVS1 noncoding 0.0165 subclonal CT not coding not coding

4Z P A31 4Z-A31 Low Grade 16390 G Control_region noncoding 0.0296 subclonal GA not coding not coding

4Z P A40 4Z-A40 Negative 534 C Control_region HVS3 noncoding 0.0123 subclonal CT not coding not coding

4Z P A40 4Z-A40 Negative 14384 G ND6 coding 0.106 subclonal GA Ala > Val nonsynonymous A97V

4Z P A40 4Z-A40 Negative 15959 G tRNA-Pro tRNA/rRNA 0.0144 subclonal GA not coding not coding

4Z P B39 4Z-B39 Negative 3082 G 16S_rRNA tRNA/rRNA 0.0122 subclonal GA not coding not coding

4Z P B39 4Z-B39 Negative 4490 C ND2 coding 0.342 subclonal CT synonymous synonymous

4Z P B39 4Z-B39 Negative 11866 A ND4 coding 0.0494 subclonal I insertion indel

4Z P B39 4Z-B39 Negative 13289 G ND5 coding 0.0134 subclonal GA Gly > Asp nonsynonymous G318D

4Z P C41 4Z-C41 Low Grade 5294 C ND2 coding 0.0242 subclonal CA Ser > Ter nonsynonymous S275Ter

4Z P C41 4Z-C41 Low Grade 6766 G COX1 coding 0.0212 subclonal GA Trp > Ter nonsynonymous W288Ter

4Z P C41 4Z-C41 Low Grade 8353 T tRNA-Lys tRNA/rRNA 0.0135 subclonal TC not coding not coding

4Z P C41 4Z-C41 Low Grade 9810 G COX3 coding 0.0241 subclonal GA Gly > Ser nonsynonymous G202S

4Z P C41 4Z-C41 Low Grade 10068 G ND3 coding 0.012 subclonal GA Ala > Thr nonsynonymous A4T

4Z P C41 4Z-C41 Low Grade 11079 T ND4 coding 0.198 subclonal TC Ile > Thr nonsynonymous I107T

4Z P C41 4Z-C41 Low Grade 11150 G ND4 coding 0.989 subclonal GC Ala > Pro nonsynonymous A131P

4Z P D16 4Z-D16 Cancer 9438 G COX3 coding 0.25 subclonal GA Gly > Ser nonsynonymous G78S

4Z P D16 4Z-D16 Cancer 9477 G COX3 coding 0.012 subclonal I insertion indel

4Z P D16 4Z-D16 Cancer 16291 C Control_region HVS1 noncoding 0.996 clonal CT not coding not coding

4Z P D16 4Z-D16 Cancer 16389 G Control_region noncoding 0.0107 subclonal GA not coding not coding

4Z P D16 4Z-D16 Cancer 16391 G Control_region noncoding 0.402 subclonal GA not coding not coding

4Z P D17 4Z-D17 Cancer 1719 G 16S_rRNA tRNA/rRNA 0.269 subclonal GA not coding not coding

4Z P D17 4Z-D17 Cancer 9438 G COX3 coding 0.0774 subclonal GA Gly > Ser nonsynonymous G78S

4Z P D17 4Z-D17 Cancer 16291 C Control_region HVS1 noncoding 0.983 subclonal CT not coding not coding

4Z P D17 4Z-D17 Cancer 16391 G Control_region noncoding 0.168 subclonal GA not coding not coding

41Z P A13 41Z-A13 Cancer 3882 G ND1 coding 0.0862 subclonal GA synonymous synonymous

41Z P A13 41Z-A13 Cancer 8368 G ATP8 coding 0.0379 subclonal GA synonymous synonymous

41Z P A13 41Z-A13 Cancer 11988 T ND4 coding 0.619 subclonal TC Met > Thr nonsynonymous M410T

41Z P A13 41Z-A13 Cancer 13393 G ND5 coding 0.039 subclonal GA Glu > Lys nonsynonymous E353K

41Z P A13 41Z-A13 Cancer 13558 G ND5 coding 0.628 subclonal GA Ala > Thr nonsynonymous A408T

41Z P B1 41Z-B1 Low Grade 822 G 12S_rRNA tRNA/rRNA 0.0935 subclonal GA not coding not coding

41Z P B1 41Z-B1 Low Grade 2421 G 16S_rRNA tRNA/rRNA 0.0389 subclonal GA not coding not coding

41Z P B1 41Z-B1 Low Grade 6063 T COX1 coding 0.231 subclonal TC Tyr > His nonsynonymous Y54H

41Z P B1 41Z-B1 Low Grade 10488 A ND4L coding 0.0538 subclonal AG Asn > Asp nonsynonymous N7D

41Z P B1 41Z-B1 Low Grade 14364 G ND6 coding 0.0156 subclonal GA synonymous synonymous

41Z P B1 41Z-B1 Low Grade 15059 G CYTB coding 0.0153 subclonal GA Gly > Ter nonsynonymous G104Ter

41Z P B2 41Z-B2 Low Grade 528 T Control_region HVS3 noncoding 0.242 subclonal TC not coding not coding

41Z P B2 41Z-B2 Low Grade 567 A Control_region HVS3 noncoding 0.121 subclonal I insertion indel

41Z P B2 41Z-B2 Low Grade 1669 G tRNA-Val tRNA/rRNA 0.0225 subclonal GA not coding not coding

41Z P B2 41Z-B2 Low Grade 8027 G COX2 coding 0.025 subclonal I insertion indel

41Z P B2 41Z-B2 Low Grade 8167 T COX2 coding 0.0145 subclonal TC synonymous synonymous

41Z P B2 41Z-B2 Low Grade 8348 A tRNA-Lys tRNA/rRNA 0.0277 subclonal AG not coding not coding

41Z P B2 41Z-B2 Low Grade 10098 G ND3 coding 0.0236 subclonal GA Ala > Thr nonsynonymous A14T

41Z P B7 41Z-B7 Low Grade 366 G Control_region (HVS2) noncoding 0.0122 subclonal GA not coding not coding

41Z P B7 41Z-B7 Low Grade 10076 T ND3 coding 0.113 subclonal TC synonymous synonymous

41Z P B7 41Z-B7 Low Grade 12417 C ND5 coding 0.0399 subclonal I insertion indel

41Z P B7 41Z-B7 Low Grade 12442 G ND5 coding 0.248 subclonal GA Val > Met nonsynonymous V36M

41Z P B7 41Z-B7 Low Grade 15708 G CYTB coding 0.233 subclonal GA Ser > Asn nonsynonymous S320N

41Z P B7 41Z-B7 Low Grade 16290 C Control_region HVS1 noncoding 0.0151 subclonal CT not coding not coding

41Z P B8 41Z-B8 Low Grade 1074 G 12S_rRNA tRNA/rRNA 0.0112 subclonal GA not coding not coding

41Z P B8 41Z-B8 Low Grade 4830 G ND2 coding 0.233 subclonal GA Gly > Ser nonsynonymous G121S

41Z P B8 41Z-B8 Low Grade 11372 G ND4 coding 0.0122 subclonal GC Val > Leu nonsynonymous V205L

41Z P B8 41Z-B8 Low Grade 11711 G ND4 coding 0.0209 subclonal GA Ala > Thr nonsynonymous A318T

41Z P B8 41Z-B8 Low Grade 14503 T ND6 coding 0.0117 subclonal I insertion indel

41Z P B8 41Z-B8 Low Grade 14865 G CYTB coding 0.0119 subclonal GA Cys > Tyr nonsynonymous C39Y

41Z P B8 41Z-B8 Low Grade 15092 G CYTB coding 0.0721 subclonal GA Gly > Ser nonsynonymous G115S
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Case
Patient 
Type Sample Biopsy

Dysplastic 
Grade Position

Ref 
Base Gene Coding MAF

Frequency 
Classification Substitution

Gene 
Consequence Mutation Type

Amino 
Acid 

Change

41Z P B12 41Z-B12 Cancer 366 G Control_region (HVS2) noncoding 0.0394 subclonal GA not coding not coding

41Z P B12 41Z-B12 Cancer 3882 G ND1 coding 0.835 subclonal GA synonymous synonymous

41Z P B14 41Z-B14 Low Grade 366 G Control_region (HVS2) noncoding 0.0237 subclonal GA not coding not coding

41Z P B14 41Z-B14 Low Grade 533 A Control_region HVS3 noncoding 0.096 subclonal AT not coding not coding

41Z P B14 41Z-B14 Low Grade 1079 G 12S_rRNA tRNA/rRNA 0.172 subclonal GC not coding not coding

41Z P B14 41Z-B14 Low Grade 1282 G 12S_rRNA tRNA/rRNA 0.0276 subclonal GA not coding not coding

41Z P B14 41Z-B14 Low Grade 2534 G 16S_rRNA tRNA/rRNA 0.704 subclonal GA not coding not coding

41Z P B14 41Z-B14 Low Grade 2566 C 16S_rRNA tRNA/rRNA 0.151 subclonal CT not coding not coding

41Z P B14 41Z-B14 Low Grade 2871 T 16S_rRNA tRNA/rRNA 0.0137 subclonal TC not coding not coding

41Z P B14 41Z-B14 Low Grade 5302 T ND2 coding 0.129 subclonal TC Ile > Thr nonsynonymous I278T

41Z P B14 41Z-B14 Low Grade 6164 C COX1 coding 0.0105 subclonal CT synonymous synonymous

41Z P B14 41Z-B14 Low Grade 9646 C COX3 coding 0.0128 subclonal CT Ala > Val nonsynonymous A147V

41Z P B14 41Z-B14 Low Grade 9820 G COX3 coding 0.0106 subclonal GA Gly > Glu nonsynonymous G205E

41Z P C1 41Z-C1 Negative 195 T Control_region HVS2 noncoding 0.0123 subclonal TC not coding not coding

41Z P C1 41Z-C1 Negative 366 G Control_region (HVS2) noncoding 0.0356 subclonal GA not coding not coding

41Z P C1 41Z-C1 Negative 669 T 12S_rRNA tRNA/rRNA 0.0323 subclonal TC not coding not coding

41Z P C1 41Z-C1 Negative 1200 G 12S_rRNA tRNA/rRNA 0.0157 subclonal GA not coding not coding

41Z P C1 41Z-C1 Negative 3424 G ND1 coding 0.0109 subclonal GA Val > Met nonsynonymous V40M

41Z P C1 41Z-C1 Negative 7829 C COX2 coding 0.0285 subclonal CT Arg > Cys nonsynonymous R82C

41Z P C1 41Z-C1 Negative 8348 A tRNA-Lys tRNA/rRNA 0.666 subclonal AG not coding not coding

41Z P C2 41Z-C2 Negative 366 G Control_region (HVS2) noncoding 0.0264 subclonal GA not coding not coding

41Z P C2 41Z-C2 Negative 3607 G ND1 coding 0.022 subclonal GA Gly > Ser nonsynonymous G101S

41Z P C2 41Z-C2 Negative 8715 T ATP6 coding 0.106 subclonal TC synonymous synonymous

41Z P C2 41Z-C2 Negative 12417 C ND5 coding 0.019 subclonal I insertion indel

41Z P C2 41Z-C2 Negative 14560 G ND6 coding 0.0101 subclonal GA synonymous synonymous

41Z P C7 41Z-C7 Negative 9636 A COX3 coding 0.134 subclonal AG Ile > Val nonsynonymous I144V

41Z P C7 41Z-C7 Negative 11900 G ND4 coding 0.142 subclonal GA Val > Met nonsynonymous V381M

41Z P C7 41Z-C7 Negative 13177 G ND5 coding 0.0135 subclonal GA Gly > Ser nonsynonymous G281S

41Z P C7 41Z-C7 Negative 13628 T ND5 coding 0.0428 subclonal TG Leu > Arg nonsynonymous L431R

41Z P C12 41Z-C12 Low Grade 366 G Control_region (HVS2) noncoding 0.0256 subclonal GA not coding not coding

41Z P C12 41Z-C12 Low Grade 4869 C ND2 coding 0.0106 subclonal CA Gln > Lys nonsynonymous Q134K

41Z P C12 41Z-C12 Low Grade 12125 G ND4 coding 0.06 subclonal GA Gly > Ter nonsynonymous G456Ter

41Z P C12 41Z-C12 Low Grade 16390 G Control_region noncoding 0.213 subclonal GA not coding not coding

41Z P C21 41Z-C21 Negative 4869 C ND2 coding 0.958 subclonal CA Gln > Lys nonsynonymous Q134K

41Z P C21 41Z-C21 Negative 7609 T COX2 coding 0.0131 subclonal TC synonymous synonymous

41Z P C21 41Z-C21 Negative 8959 G ATP6 coding 0.0763 subclonal GA Glu > Lys nonsynonymous E145K

41Z P C21 41Z-C21 Negative 9531 A COX3 coding 0.0127 subclonal I insertion indel

41Z P C21 41Z-C21 Negative 9755 G COX3 coding 0.115 subclonal GA synonymous synonymous

41Z P C21 41Z-C21 Negative 10068 G ND3 coding 0.0336 subclonal GA Ala > Thr nonsynonymous A4T

41Z P C21 41Z-C21 Negative 12773 G ND5 coding 0.0129 subclonal GA Gly > Asp nonsynonymous G146D

41Z P D6 41Z-D6 High Grade 366 G Control_region (HVS2) noncoding 0.0249 subclonal GA not coding not coding

41Z P D6 41Z-D6 High Grade 3054 G 16S_rRNA tRNA/rRNA 0.0472 subclonal GA not coding not coding

41Z P D6 41Z-D6 High Grade 6734 G COX1 coding 0.0707 subclonal GA synonymous synonymous

41Z P D6 41Z-D6 High Grade 7293 G COX1 coding 0.0464 subclonal GA Ala > Thr nonsynonymous A464T

41Z P D6 41Z-D6 High Grade 13227 C ND5 coding 0.449 subclonal CT synonymous synonymous

41Z P D6 41Z-D6 High Grade 14666 T ND6 coding 0.966 subclonal TC Tyr > Cys nonsynonymous Y3C

41Z P D6 41Z-D6 High Grade 15777 G CYTB coding 0.0152 subclonal GA Ser > Asn nonsynonymous S343N

41Z P D7 41Z-D7 Low Grade 366 G Control_region (HVS2) noncoding 0.0244 subclonal GA not coding not coding

41Z P D7 41Z-D7 Low Grade 5917 G COX1 coding 0.0192 subclonal GA Arg > His nonsynonymous R5H

41Z P D7 41Z-D7 Low Grade 6734 G COX1 coding 0.0402 subclonal GA synonymous synonymous

41Z P D7 41Z-D7 Low Grade 7293 G COX1 coding 0.019 subclonal GA Ala > Thr nonsynonymous A464T

41Z P D7 41Z-D7 Low Grade 13227 C ND5 coding 0.14 subclonal CT synonymous synonymous

41Z P D7 41Z-D7 Low Grade 14666 T ND6 coding 0.298 subclonal TC Tyr > Cys nonsynonymous Y3C

41Z P D8 41Z-D8 High Grade 366 G Control_region (HVS2) noncoding 0.0269 subclonal GA not coding not coding

41Z P D8 41Z-D8 High Grade 3565 A ND1 coding 0.0682 subclonal I insertion indel

41Z P D8 41Z-D8 High Grade 9531 A COX3 coding 0.0194 subclonal I insertion indel

41Z P D8 41Z-D8 High Grade 10599 G ND4L coding 0.0125 subclonal GA Ala > Thr nonsynonymous A44T

41Z P D8 41Z-D8 High Grade 14503 T ND6 coding 0.0143 subclonal I insertion indel

41Z P D21 41Z-D21 Negative 366 G Control_region (HVS2) noncoding 0.0236 subclonal GA not coding not coding

41Z P D21 41Z-D21 Negative 3882 G ND1 coding 0.629 subclonal GA synonymous synonymous

41Z P D21 41Z-D21 Negative 6528 C COX1 coding 0.0177 subclonal CT synonymous synonymous
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Supplementary Figure Legends 

 
Figure S1. Histology of UC colon tissue Representative biopsies from each dysplastic group are 

shown. White light microscope pictures were taken from hematoxylin and eosin stained slides of 

FFPE tissue. FFPE blocks were made from tissue adjacent to the frozen biopsies used for 

mutational analysis. UC: Ulcerative Colitis. NP: Non-Progressor. P: Progressor. Neg: Negative 

for Dysplasia. LGD: Low Grade Dysplasia. HGD: High Grade Dysplasia. 

 

Figure S2. Clonal expansions Colon maps for each of the Progressor colons as diagrammed by 

the pathologist after colectomy. Each box corresponds to an individual biopsy and is color-coded 

according to histological findings: Neg: negative for dysplasia, IND: indefinite for dysplasia, 

LGD: low-grade dysplasia, HGD: high-grade dysplasia, and cancer. Biopsies are named based 

on the coordinates defined by columns (letters) and rows (numbers). Columns correspond to the 

diameter of the colon divided into 3-4 sections and are ~2cm apart. Rows indicate colon levels 

and are evenly spaced ~2-5cm along the length of the organ. For each colon, the biopsies 

analyzed are indicated with a box with the biopsy name. Several mtDNA mutations were found 

in multiple biopsies from the same colon at varying frequencies, indicating clonal expansions. 

Biopsies sharing mutations are connected with brackets and the respective mutant allele 

frequencies for each commonly mutated gene are indicated in tables. 

 

Figure S3. Clonal and subclonal mutations by biopsy Each bar corresponds to a biopsy in the 

study. A, The total number of clonal and subclonal mutations per biopsy is shown by level of 

Mutant Allele Frequency (MAF) B, The total number of clonal and subclonal mutations is shown 

by location in the mtDNA, including tRNA or rRNA, non-coding region and coding region. NP: 
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Non Progressor, Neg: negative for dysplasia, LGD: low-grade dysplasia, HGD: high-grade 

dysplasia.  

 

Figure S4. Association between mutation number and total DCS nucleotides sequenced A, 

Number of clonal and subclonal mutations compared to total number of DCS nucleotides 

sequenced for each biopsy. Mutations are color coded by MAF. B, Number of VLF mutations 

compared to total number of DCS nucleotides sequenced for each biopsy. Because of the high 

number of C>A mutations found in some samples, but not others, correlations by C>A high and 

low are shown separately. C>A high was defined as biopsies in which the frequency of C>A 

mutations in the heavy or light strand of mtDNA was > 5x10-5. Both C>A low and C>A high 

biopsies showed a significant association between number of mutations and total DCS 

nucleotides sequenced (C>A low: r=0.89, Spearman p-value< 0.001. C>A high: r=0.43, 

Spearman p-value=0.035). DCS: Duplex Consensus Sequence. MAF: mutant allele frequency; 

VLF: very low frequency  

 

Figure S5. Association of clonal and subclonal mutations with clinical variables 

Associations between clonal and subclonal mutations and clinical variables including age (A), 

sex (B), disease duration (C), acute inflammation (D) and chronic inflammation (E) are shown. 

(F) The number of clonal and subclonal mutations for each biopsy is shown, with biopsies 

grouped by patient. Along the x-axis, acute and chronic inflammation scores are indicated. For 

acute inflammation, scores were assigned the following numeric equivalents: none – 1, mild – 2, 

moderate – 3. For chronic inflammation, scores were assigned the following numeric 

equivalents: none – 1, low – 2, high – 3.  
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Figure S6. MAF of individual clonal and subclonal mutations The MAF of each individual 

mutation (MAF>0.01) is shown for each biopsy. Biopsies are grouped in the x-axis by biopsy 

type. Each column corresponds to one biopsy and the circles correspond to different mtDNA 

mutations identified in that biopsy. Mutations are color coded to indicate whether they are non-

coding, synonymous, or non-synonymous. MAF: mutant allele frequency. 

 

Figure S7. C>A Mutation frequencies by biopsy The VLF C>A mutation frequency on either 

strand, as well as all other combined mutations, is shown for each biopsy analyzed, organized by 

dysplastic grade. VLF: very low frequency 

 

Figure S8. Association of very low frequency mutations with clinical variables Associations 

between VLF mutations and clinical variables including age (A), sex (B), disease duration (C), 

acute inflammation (D) and chronic inflammation (E) are shown. (F) The number of clonal and 

subclonal mutations for each biopsy is shown, with biopsies grouped by patient. Along the x-

axis, acute and chronic inflammation scores are also shown. For acute inflammation, scores were 

assigned the following numeric equivalents: none – 1, mild – 2, moderate – 3. For chronic 

inflammation, scores were assigned the following numeric equivalents: none – 1, low – 2, high – 

3.  

 

Figure S9. Mutation signature by mutation type The substitution rate for each of the 96 

possible substitution classes is shown for each biopsy type. L: light strand, H: heavy strand. 

 

Figure S10. VLF transitions and transversions by mtDNA region and biopsy type The 

mutation frequency for each biopsy type is shown by either transition or transversion mutations 
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and by D-loop and non-D-loop region. In the non-D-loop, the mtDNA mutational signature 

detected with transitions (C>T in heavy strand and T>C in light strand) significantly decreased 

with progression from Neg to Cancer (* p<6.6 x 10-4 for the "within-substitutions trend", 

calculated with GEE permutation tests with log transformed values). VLF: very low frequency.  

 

Figure S11. VLF mutation frequency and gene size For each biopsy type, non-synonymous 

and synonymous mutation frequency for each mtDNA-encoded gene was plotted by gene size. 

Mutation frequency was calculated as the number of mutations with MAF<0.01 (non-

synonymous or synonymous) within each given gene divided by the total number of DCS 

nucleotides sequenced. VLF: very low frequency 

 

Figure S12. Model of mitochondrial mutation progression during UC carcinogenesis 

Normal colons may accumulate a small number of unique mutations or very small clones. Non-

Progressors accumulate larger numbers of very low frequency (VLF) mutations, indicated by 

circles of different colors, which represent mitochondrial genomes harboring different mutations. 

In UC Progressors, more mutations with greater abundance begin to amass due to clonal 

expansion in negative for dysplasia tissue, reaching a peak in low grade in terms of number and 

diversity of clones. This stage might act as a bottleneck, as further progression to high-grade 

dysplasia and cancer appears to be characterized by a decrease of deleterious mutations and the 

outgrowth of clones carrying non-deleterious mitochondrial DNA mutations. 

 
 

Supplementary Figures 

Figure S1. Histology of UC colon tissue  
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Figure S2. Clonal expansions 
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Figure S3. Clonal and subclonal mutations by biopsy  
 

 
 
 
 
 
 
 
 
 
 
 
 
Figure S4. Association between mutation number and total DCS nucleotides sequenced  
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Figure S5. Association of clonal and subclonal mutations with clinical variables  
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Figure S6. MAF of individual clonal and subclonal mutations  

A 
B

 
C

 

E 
D

 
F 



	

121	
	

 

 
Figure S7. C>A Mutation frequencies by biopsy  
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Figure S8. Association of very low frequency mutations with clinical variables  
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Figure S9. Mutation signature by mutation type  
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Figure S10. VLF transitions and transversions by mtDNA region and biopsy type  
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Figure S11. VLF mutation frequency and gene size  
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Figure S12. Model of mitochondrial mutation progression during UC carcinogenesis  
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Abstract 

High accuracy next-generation DNA sequencing promises a paradigm shift in early cancer 

detection by enabling the identification of mutant cancer molecules in minimally invasive body 

fluid samples. We demonstrate 80% sensitivity for ovarian cancer detection using ultra-accurate 

Duplex Sequencing to identify TP53 mutations in uterine lavage. However, in addition to tumor 

DNA, we also detect low frequency TP53 mutations in nearly all lavages from women with and 

without cancer. These mutations increase with age and share the selection traits of clonal TP53 

mutations commonly found in human tumors. We show that low frequency TP53 mutations exist 

in multiple healthy tissues, from newborn to centenarian, and progressively increase in abundance 

and pathogenicity with older age across tissue types. Our results illustrate that subclonal cancer 

evolutionary processes are a ubiquitous part of normal human aging and great care must be taken 

to distinguish tumor-derived, from age-associated mutations in high sensitivity clinical cancer 

diagnostics. 
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Introduction 

Worldwide more than a quarter of a million new cases of ovarian cancer are diagnosed 

each year and two thirds of these women die from the disease (1). This high mortality is largely 

due to the high frequency of metastasis before symptoms lead to diagnosis and a lack of effective 

screening methods. More than 60% of cases are diagnosed at an advanced stage, when the 5-year 

survival rate is only 29% (2). In contrast, survival for women with localized disease is 92%, 

indicating that early ovarian cancer detection could vastly decrease mortality, yet diagnosis at this 

stage is rare.  

Despite significant efforts, unlike colonoscopies, pap smears and mammograms that are 

evidence-based, mortality-reducing methods for early detection of colon, cervical and breast 

cancer, respectively, no ovarian cancer screening technique has demonstrated sufficient sensitivity 

and specificity for use in the general population (3). The approach most explored involves a 

combination of testing for the serum protein CA-125 and transvaginal ultrasound, but the US 

Preventive Services Task Force recommends against its use (4) because it has not been shown to 

reduce mortality and may result in harms due to false positives, such as unnecessary surgeries in 

cancer-free women (5). Better tools for early ovarian cancer detection remains an urgent and unmet 

clinical need.  

In the last several years an increasing number of cancers have been found to shed cells or 

DNA into blood or other body fluids where they can be non-invasively detected, a concept often 

termed “liquid biopsy” (6). Proof-of-principle for this approach in ovarian cancer screening was 

initially accomplished via identification of tumor-derived mutations in DNA extracted from 

routine Pap smear fluid (7). Although the sensitivity for ovarian cancer detection was only 41%, 

these findings supported the exciting possibility that ovarian cancer could be detected based on the 

genetic identification of cancer cells disseminated into the gynecological tract. A follow-up study 
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recently reported that improved sensitivity, up to 63%, could be obtained by combining mutation 

detection in Pap tests and plasma. In addition, sampling with an intrauterine brush also improved 

sensitivity, probably due to increased tumor cell recovery by more proximal collection to the 

anatomical site of tumors (8). 

An alternate means for tumor cell collection, developed by members of our team several 

years ago, consists on trans-cervical lavage of the uterine cavity (Fig. 1A). This method improves 

the efficiency of collection by rinsing all surfaces, including those near, and even into, the fallopian 

tubes where most early serous ovarian cancers are believed to initiate (9). This lavage technique 

demonstrated 80% sensitivity for ovarian cancer detection. The challenge, however, was that 

cancer-derived mutations, particularly those from early stage tumors, were often present in a very 

small fraction of the total lavage DNA. To detect these mutations, digital droplet PCR (ddPCR) 

was required, which is an extremely sensitive method but not practical for prospective screening 

because the tumor mutation needs to be known a priori. 

Next-generation DNA sequencing (NGS) is a widely used, variant-agnostic form of 

mutation detection, but has a background error rate of up to ~1%, which precludes confident 

detection of lower frequency mutations (10). Of the mutations comprising the 80% sensitivity 

achieved in our previous study, conventional NGS missed approximately one quarter (9). 

Currently, the most sensitive NGS method is Duplex Sequencing (DS) (10), which employs 

double-stranded molecular barcodes for error correction and decreases the error rate of sequencing 

from 10-3 to <10-7 (11, 12). We previously demonstrated that DS can detect ovarian cancer-derived 

mutations in DNA extracted from peritoneal fluid at frequencies as low as one tumor mutation per 

25,000 normal genomes (13). The extreme sensitivity of the technique also led to the discovery of 

prevalent, yet very low frequency (<0.01%) TP53 mutations in both the peritoneal fluid and 

peripheral blood from healthy women. These ‘biological background’ mutations resembled TP53 
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mutations found in cancers, but appeared to result from the normal aging process. This observation 

was among the first of an emerging body of literature that has identified age-related, cancer-

associated mutations within non-cancerous tissue (14). 

In the present study, we combine the most sensitive reported sampling technique for 

ovarian cancer detection, uterine lavage, with the highest accuracy sequencing technology 

available, DS. High-  grade serous ovarian carcinoma (HGSOC) is both the most common and 

most deadly histological type, accounting for 70-80% of ovarian cancer deaths (15). With this in 

mind, we focus our  sequencing efforts solely on TP53 because >98% of HGSOCs carry an 

inactivating mutation in this relatively small and well-characterized gene (16, 17)  and because 

TP53 mutations have been routinely found in microscopic carcinoma-in-situ precursor lesions in 

the fallopian tubes, indicating that they are among the earliest genetic events in HGSOC formation 

(18, 19).  

The primary goal of this study is to demonstrate the clinical and technical feasibility of 

using DS to deeply sequence TP53 from uterine lavage as a potential screening test for ovarian 

cancer detection. We capitalize on the extreme sensitivity of ultra-accurate DS to identify cancer-

derived mutations as well as to uniquely detect low frequency, age-related mutations that might 

impact diagnostic specificity. To better understand the extent and nature of these ‘biological 

background’ mutations, we perform a detailed characterization of somatic TP53 mutations in 

multiple gynecologic tissues from women without ovarian cancer of ages spanning a century of 

human lifetime. 
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Results 

Study design and technology rational 

Prior work by members of our group demonstrated 80% sensitivity to detect ovarian 

cancer, including small volume, early stage disease, by using a combination of uterine lavage and 

mutation analysis via massively parallel sequencing and ddPCR(9). While highly sensitive, ddPCR 

requires baseline knowledge of the specific mutations sought and thus is not practical for cancer 

screening. In the current study, we tested whether ultra-high accuracy DS could identify ovarian 

cancer mutations in uterine lavage with sensitivity comparable to ddPCR, but without prior 

knowledge of the tumor mutation. 

We used DS to examine the coding region of TP53 in DNA extracted from the lavage cell 

pellet of 10 women with ovarian cancer and 11 controls under blinded conditions. Most of these 

samples were included in the original study (9) (Table S1). DS employs special adapters with 

double-stranded molecular barcodes, which allow the identification of sequencing reads that were 

derived from both strands of each starting DNA molecule. Mutations are only scored if they are 

present in the majority of reads from both DNA strands, effectively eliminating sequencing and 

PCR artifacts (Fig. 1B). The estimated error rate of DS is below one-in-ten-million (11), which 

allows for extreme sensitivity and specificity of mutation detection when carrying out high depth 

sequencing (Fig. S1).  

 

Duplex Sequencing detects ovarian cancer mutations in uterine lavages with high 
sensitivity 

To illustrate the superior accuracy of DS compared with standard Illumina sequencing, an 

example of a uterine lavage sample (case 6) processed by both methods is shown side-by-side in 

Fig. 1C-D. Whereas every nucleotide position in the gene artefactually appears mutated in 0.1-1% 
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of molecules with standard sequencing, DS eliminates these tens of thousands of erroneous 

mutations to reveal the known tumor mutation at a mutant allele frequency (MAF) of 0.15%, a 

value very close to the frequency previously determined by ddPCR (0.12%, case 6 in Table 1) (9).  

Among the 10 lavages from women with ovarian cancer, we identified the expected tumor 

mutation (fuchsia bars) in 8, matching the 80% sensitivity of the previous study (Fig. 1E). In the 

subset of these lavages that had been analyzed by conventional NGS and/or ddPCR, we confirmed 

tumor mutations at similar allele frequencies in most cases (Table 1, top). In addition to the tumor 

mutations, in nearly all lavages from women with and without tumors we identified very low 

frequency TP53 mutations (blue bars) (Fig. 1F). To confirm that these mutations were not due to 

technical errors, two of the mutations identified in controls (lavages con2 and con7) were assessed 

by ddPCR (Table 1, bottom). This orthogonal assay demonstrated that these mutations, present at 

a comparable frequency <0.1% by both assays, were authentic.  

Although TP53 background mutations were common, their MAF was always below 1% 

(Fig. 1E-F), which could be used as a threshold to optimally identify patients with ovarian cancers 

from patients cancer-free. In this, albeit small, pilot study, a 1% threshold yielded a sensitivity of 

70% and specificity of 100%, which outperformed other published tests for ovarian cancer 

detection (8). Furthermore, in the lavages where the tumor mutation was identified, its frequency 

was at least 10-fold above the highest background mutation in that individual.  

TP53 mutations in uterine lavage increase with age 

To better understand the basis of TP53 background mutations we examined the association 

of their abundance with age. When patients were ordered by ascending age (Fig. 1E-F), it appeared 

that older patients carried more mutations. However, the number of mutations found depends on 

total number of nucleotides sequenced (Fig. S2), which was variable across samples and tended to 

be higher in controls due to increased sequencing depths (Table S2). To compensate for this 
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variation, for each sample we calculated the total TP53 mutation frequency by dividing the number 

of mutations identified in uterine lavage (including exons and flanking intronic sequences) by the 

total number of Duplex bases sequenced. For patients with cancer, we excluded the tumor mutation 

from this calculation in order to fairly reflect only TP53 background mutations. For patients with 

ovarian cancer, as well as cancer-free control patients, the TP53 mutation frequency significantly 

increased with age (Fig. 2, p=0.0006 for ovarian cancer, p=0.001 for controls, Spearman’s 

correlation test). This trend was identical to prior observations of TP53 background mutation 

frequency in peritoneal fluid and peripheral blood (13).  

TP53 mutations in uterine lavage are not random, but rather are positively selected 

The TP53 gene is a tumor suppressor, the genetic disruption of which facilitates cell 

proliferation in tumors, even when only one allele is mutated (20). An age-associated increase in 

ultra-low frequency TP53 background mutations could result from random, age-related mutagenic 

processes or, alternatively, from mutagenesis coupled with clonal selection of pathogenic variants. 

To distinguish between these possibilities, we performed a detailed analysis of traits of selection 

among the 112 age-associated TP53 background mutations collectively identified among all 21 

patients (Table S3, Fig. 3).  

A metric of selection widely used in evolutionary biology, and recently incorporated into 

cancer genomics, is the dN/dS ratio (21). For a given coding region, this ratio compares the relative 

proportion of non-synonymous and synonymous mutations observed versus what would be 

expected based on random mutagenesis across all bases. A value of 1 indicates that the relative 

ratio observed is consistent with a random process and, in aggregate, coding changes in a region 

have neither a strong positive or negative impact on cell growth or survival. Values above and 

below 1, on the other hand, indicate positive and negative selection, respectively. The dN/dS ratio 

among background uterine lavage TP53 mutations in cases and controls was 4.4 and 2.9, 
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respectively, indicating enrichment for non-synonymous mutations that confer a growth or 

survival advantage (Fig. 3A). The excess of non-synonymous mutations was not driven by a subset 

of outlier samples, but rather was uniformly observed across nearly all lavage samples (Fig. S3A). 

We next examined metrics of selection related to the genic location of mutations. 

Background TP53 mutations were not randomly distributed along the gene but clustered in certain 

regions of biological significance. First, nearly a quarter of TP53 lavage background mutations 

occurred in the context of methylation-sensitive CpG dinucleotides, which is remarkable given the 

fact that these dinucleotides comprise less than 5% of the coding region of TP53 (Fig. 3B, 

p=5.8x10-10 for controls and p=1.7x10-5 for ovarian cancer mutations, by Fisher’s exact test). 

Mutations were also enriched in exons 5 to 8, which encode the DNA binding domain of the protein 

(Fig. 3C, p=3.3x10-6 for controls and p=0.002 for ovarian cancer mutations, by Fisher’s exact test). 

The most significant enrichment, however, was observed in TP53 cancer-associated hotspot 

codons, which are the codons most recurrently observed mutated in cancer sequence databases. 

We considered the 9 most abundantly mutated codons in the UMD database (April 2017 version) 

(20). These codons encompass only 2.3% of the coding region of TP53, yet more than 25% of 

lavage background mutations clustered within these 27 base pairs (Fig. 3D, p=5.1x10-17 for 

controls and p=3.9x10-9 for ovarian cancer mutations, by Fisher’s exact test), and among these, all 

were non-synonymous. The biases seen for each characteristic were not driven by a subset of 

outlier samples, but were distributed homogeneously across samples in both groups (Fig. S3B-D). 

To assess the impact of these mutations on TP53 protein function, we took advantage of 

Seshat, a recently developed online tool for TP53 analysis that provides comprehensive mutational 

information including prediction of impact on protein activity as well as pathogenicity (22). We 

queried all background TP53 mutations identified in the 21 lavages and color-coded them 

according to 5 binned categories of protein activity and predicted pathogenicity. Nearly all samples 
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carried at least one TP53 mutation that inactivated the protein totally or partially (Fig. 3E) and/or 

was predicted to be pathogenic (Fig. 3F). The unambiguous signature across six distinct metrics 

of positive selection within the ultra-low frequency TP53 mutations observed in all lavages, 

regardless of cancer status, indicate that these mutations expanded under strong selective pressure 

and are not the result of technical errors. 

TP53 mutations in uterine lavage resemble mutations in cancer 

We next compared the features of selection of TP53 mutations identified in lavages to TP53 

mutations from cancers. For this analysis, we used all the cancer mutations present in the UMD 

cancer database (April 2017, n=71,051). We determined the percentage of these mutations that 

reside at CpG sites, cancer hotspots, and exons 5-8, as well as the percentage of mutations that 

impact protein activity or are predicted to be pathogenic. For each trait, we compared the 

distribution of mutations in the theoretical absence of selection, in our 21 uterine lavages, and in 

the cancer database (Fig. 4A). Remarkably, for all traits, TP53 background mutations from uterine 

lavages far more strongly resembled TP53 mutations in the cancer database than the pattern 

expected by random chance. We also used a feature of Seshat that categorizes TP53 mutations 

according to their frequency in the UMD database. Nearly all uterine lavage samples harbored 

TP53 mutations listed as frequent or very frequent in the database (Fig. 4B). 

To further characterize background TP53 mutations in uterine lavage in comparison to 

those in cancers, we compared mutation type and spectrum distribution as well as location along 

the gene. Non-cancer derived mutations in uterine lavages from women with and without cancer 

were predominantly missense, similar to mutations in the database (Fig. 4C), and displayed a 

mutational spectrum enriched in G>A and C>T transitions, comparable to cancer mutations (Fig. 

4D). Most strikingly, the distribution of low-frequency TP53 background mutations from just 21 

women along the length of the gene is a mirror image of the distribution of TP53 mutations from 
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more than 71,000 different tumors included in the database (Fig. 4E). Thus, somatic TP53 

mutations recovered from cells sloughed into the uterine cavity from normal healthy women are 

not random, but appear to emerge from an evolutionary process of mutation, selection and clonal 

expansion akin to what takes place in tumors, but within normal tissue. 

TP53 mutations are common in healthy tissues from middle age women  

These striking results prompted us to consider what the tissue origin of the mutation-

bearing cells in the uterine lavages might be. To address this question, we sequenced TP53 from 

DNA obtained from pre-operative uterine lavage and peripheral blood as well as multiple 

gynecological tissues collected postoperatively following total hysterectomy/bilateral salpingo-

oophorectomy for symptomatic fibroids (benign leiomyomas) from two middle age women (Fig. 

5A, Table S4). DNA was extracted and processed for DS as previously, except that samples were 

sequenced to a higher average depth (Table S5). 

We identified TP53 mutations in all samples from a 56-year-old woman and in all but two 

samples from a 46-year-old woman (Fig. 5B, Table S6). When we compared the mutation 

frequency across all samples, several interesting observations emerged. First, the uterine lavage 

from the 56 year old had a mutation frequency that appeared disproportionally high, both when 

compared to that of most other tissues and when compared with the lavage of the 46 year old. 

However, when compared to the mean values of uterine lavages from control women of similar 

ages (50-56 and 40-46 year old) from first part of the study, the frequencies by age were quite 

similar (Fig. 5B).  

Moreover, the distribution of mutations according to each trait of positive selection (type, 

frequency in the cancer database, predicted activity and pathogenicity, exon clustering, CpG 

clustering, and enrichment for cancer hotspots) was comparable to the lavages previously analyzed 

(Fig. S4). Both lines of reasoning support the conclusion that the elevated frequency of mutations 
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in the uterine lavage of the 56 year old is not artefactual and confirm the previously observed age 

effect. 

For other tissues, however, we did not observe an obvious increase of TP53 mutation 

frequency between 46 and 56 years of age. There was substantial variability in the mutation content 

of different tissues and of different biopsies of the same tissue, which reflects either a stochastic 

effect or the imprecision of macrodissection for obtaining exactly comparable tissue samples (for 

example, the depth of endometrium harvested or how distal the tubal fimbriae were cut). No single 

tissue stood out as obviously more mutation prone than another, nor could any tissue be identified 

as a dominant source of the mutations found in lavages. 

TP53 mutations increase in number and cancer-like features during normal human aging 

With the hope of observing a stronger aging mutational signal, we looked to tissue samples 

from greater extremes of age. While the procurement of such material was challenging, we 

managed to obtain several gynecologic tissues at autopsy from a neonate who died from a 

congenital vascular malformation and from a 101 year old female who died of natural causes 

(Table S4). Together with the middle age samples, this unique specimen collection represents the 

full breadth of a century of the human lifespan.  

Although the tissue types available were not fully identical across all four subjects, the 

pattern of TP53 mutations, nevertheless, yielded unique insights. To help more intuitively visualize 

this multiparametric data, in Fig. 6 we annotated all mutations found among the different tissues 

of the four subjects as color coded boxes for each feature of selection: red for “cancer-like”, blue 

for non-cancer-like. The number of columns of colored boxes per sample reflects the total number 

of mutations identified. When viewed in this format it is apparent that TP53 mutations are not only 

more abundant with age but are also more “cancer-like”. Mutations found in older tissues are 

disproportionately observed in cancers and are predicted to inactivate the protein or be otherwise 
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pathogenic. In contrast, mutations found in the newborn are rarely found in cancer, tend to preserve 

the protein activity, and are not predicted to be pathogenic. 

Different tissues and different biopsies within the same tissue showed substantial 

variability in both the number of mutations and their cancer-like features. In aggregate, fallopian 

tube epithelium appeared to be a “hot” tissue with high number of mutations and a high percentage 

of cancer-like mutations. However, in the 56 year old, one fallopian tube sample harbored only a 

single synonymous mutation, consistent with the notion of “hot” and “cold” zones within a tissue. 

This was similarly seen in the two distinct endometrial biopsies of the centenarian. 

In addition to a larger number of clones, with aging we would also predict an increase in 

the size of clones, as would be reflected by a higher MAF of each variant found. However, in this 

study, some samples were sequenced at a lower depth, which may lead to outlier (low event count) 

biases in the calculation of MAFs, thus precluding a fair comparison between samples (Fig. S5). 

Despite this caveat, two large clones were clearly seen within the peripheral blood leukocytes of 

the 101-year-old (Fig. S5 and Table S6, c.659A>G MAF: 1.2x10-2, and c.455C>T MAF: 4.5x10-

3). Interestingly, the exact TP53 mutation that defined each of these clones was also detected at 

lower frequencies in peritoneal and endometrial samples from the same subject, revealing an 

apparent contribution of leukocyte DNA to those tissue samples. (Fig. S6).   

In fact, this cross-tissue mutation sharing was common in the 101-year-old woman, 

suggesting that aged leukocytes might indeed harbor relatively large clones that recurrently 

contribute to the mutations found when sequencing other biopsies. Mutation sharing was less 

prevalent in middle age women. While very low frequency mutations are often hard to replicate 

due to the low precision of the measurement resulting purely from sampling statistics (not technical 

accuracy), it is important to keep in mind that certain mutations might also be recurrently identified 

simply because they are hotspots, and thus common origin cannot automatically be assumed. For 
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example, the hotspot mutation c.659A>G was identified in the large blood clone of the 101 year 

old woman as well as in a myometrium sample and a fallopian tube biopsy of the 46 year woman 

(Fig. S6). The processing of these particular samples was done on different days, making a cross-

contamination explanation improbable. 

As already considered, an important limitation of this study was the different depth of 

sequencing achieved across samples, due to the inherent variability in library preparations as well 

as differences in DNA availability. Because numerically more mutations will be identified in 

samples with more sequencing (Fig. S7A), it is essential to compare samples based on their 

mutation frequency, which is a sequencing-normalized value calculated as the number of 

mutations divided by the number of total Duplex error-corrected nucleotides sequenced (Fig. 

S7B). TP53 mutation frequency tended to be higher at older ages in the three tissue types shared 

by the neonate and the centenarian (leukocytes, peritoneum, and endometrium), although there 

was substantial variability across samples. 

TP53 mutations in newborn tissue are random, yet become positively selected over a 
lifetime  

As further illustration of the increase of cancer-like mutations with aging, we divided all 

TP53 mutations into two binary categories: “common in cancer” and “not common in cancer”, 

with the former being defined by those classified as “frequent” or “very frequent” in the UMD 

cancer database (Table S7). When plotted by age, the progressive enrichment for cancer-like 

mutations was easily apparent, especially in certain tissues such as fallopian tube and leukocytes 

(Fig. 7A). 

We then examined the five traits of selection previously calculated for the uterine lavage 

study but for TP53 mutations found in the newborn, middle age, and centenarian tissues (Fig. 7B, 

Fig S8). Remarkably, for mutations found in newborn, all five traits yielded values consistent with 
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random processes (e.g. absence of selection), yet in middle age, and even more so in centenarian 

tissue, values reflected selection to an extent that neared that seen in mutations from tumors in the 

UMD database. Analysis of mutation type (Fig. 7C) revealed a decrease of synonymous mutations 

with age (in fact, no synonymous mutations were identified in centenarian tissue, Fig. S8, Table 

S6). 

Lastly, regarding mutation spectrum, we noted an interesting preponderance of C and G 

mutations in newborn tissue, which progressively shifted towards an increased representation of 

A and T mutations in centenarian tissue, more similar to the pattern in cancers. The significance 

of this shift is unknown as it could represent both biases in the nucleotide composition of the gene 

at selectable hotspots, as well as differential age-associated mutagenic processes (23), which 

disproportionately contribute to the clonal mutation burden of tumors because tumors mostly arise 

in the elderly.  

TP53 mutations in cfDNA and peritoneal fluid follow the same patterns as solid tissue  

To explore the abundance of TP53 mutations to liquid biopsies of clinical interest, we 

analyzed plasma-derived cell-free DNA (cfDNA) and peritoneal fluid from the 46-year-old 

woman. TP53 mutations were identified in both, with cancer-like features similar to what was 

observed for solid tissue biopsies and leukocytes (Fig. S9). None of the mutations identified in 

cfDNA or peritoneal fluid overlapped with mutations identified in leukocytes, uterine lavage or 

any of the solid tissues analyzed (Fig. S6). Peritoneal fluid is routinely collected for disease staging 

during gynecological surgery and we previously demonstrated that it carries TP53 background 

mutations with cancer-like features (13). cfDNA had not been analyzed previously by DS. The 

fact that one of the identified mutations is pathogenic and commonly found in cancers (Fig. S9, 

Table S6) raises important concern over specificity in cancer-screening studies based purely on 

mutation detection in plasma. 
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Discussion 

We have demonstrated that uterine lavage coupled with DS offers a promising solution for 

ovarian cancer detection based on a minimally invasive sampling approach that can practically be 

integrated into routine gynecologic primary care (24). The technique improves upon past mutation-

based screening efforts through use of (1) a collection method that recovers cancer cells very close 

to the anatomical site of the tumor and (2) an ultra-accurate DNA sequencing technology that can 

resolve exceptionally low frequency mutations. In this small study, we were able to achieve 

remarkable sensitivity and specificity using a mutation allele frequency threshold for 

differentiating cancer cases from non-cancer controls. This was possible without the allele-specific 

PCR technique required in our past lavage study (9) which, from the perspective of a screening 

test, impractically necessitated prior knowledge of the specific tumor mutation being sought. 

While validation through substantially larger prospective trials will be critical to support 

widespread clinical use, we have established the technical foundation for such studies, which are 

now enrolling in both Europe and the US (LUDOC II - ClinicalTrials.gov Identifier: 

NCT02518256, LUSTIC - ClinicalTrials.gov Identifier: NCT02039388). 

However, the most profound finding of this work is not the biomarker performance of the 

technique itself, but the incidentally found mutational patterns that reflect a somatic evolutionary 

process that appears operative throughout much of human life in normal tissues. Specifically, we 

identified widespread low frequency TP53 mutations that were heavily enriched for pathogenic 

variants. This enrichment reflects a process of natural selection that favors the survival and 

proliferation of cells with mutations that are identical to those observed in cancer, but as part of 

routine aging. The unambiguous selection signature is supported by multiple orthogonal metrics 
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and cannot be explained by technical errors; both the biological and diagnostic implications are 

substantial. 

One of the main reasons that cancer biomarkers fail to reach the clinic is their inability to 

achieve the extremely high specificity required for screening (25). This is critical for cancers with 

low incidence and that require an invasive procedure to follow up positive screening tests, such is 

the case of ovarian cancer (3). Harms due to false positives and a lack of proven reduction in 

mortality are the reasons for the recent recommendation against the use of CA-125 and 

transvaginal sonography for screening asymptomatic women (4). In recent years, DNA mutation-

based cancer screening from plasma or other body fluids has emerged as a promising method to 

detect cancer based on the supposition that cancer-associated mutations found in liquid biopsies 

are a specific indication of cancer somewhere in the body (26). Here we demonstrate that with a 

sufficiently low technical background, biologically real cancer-associated mutations can be found 

in every tissue tested: cancer-associated mutations are, in fact, far from cancer-specific. 

The detection of cancer-associated mutations in normal tissues is not entirely new (14). In 

2014, a series of major publications reported that mutations commonly found in acute myeloid 

leukemia occur as minority subclones in the blood of ~10% of healthy elderly individuals–a 

phenomena dubbed Clonal Hematopoesis of Indeterminate Potential (CHIP) (27-29). A year later 

Martincorena and colleagues observed hundreds of tiny clones carrying cancer-associated driver 

mutations on sun-exposed eyelids (30), a finding recently replicated in normal aged esophagus 

(31). Cancer-associated mutations have been similarly reported in abnormal, but non-cancerous 

tissues including endometriosis (32, 33) and benign dermal nevi (34). The use of laser capture 

microdissection in recent studies has revealed that as many as 1% of normal colorectal crypts of 

middle-age individuals (35) and >50% of normal endometrial glands of middle-age women (33) 

carry mutations in cancer driver genes. 
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The relationship between oncogenic mutations and cancer has been known for decades, yet 

the delay in appreciating their presence outside of cancer can be largely attributed to technical 

limitations. The advent of NGS enabled surveying wide swaths of the genome and detection of 

mutations present clonally or as modest size subclones. In the above studies, standard whole exome 

or multi-gene NGS were able to identify driver mutations because of unique scenarios where 

clones were either relatively large (CHIP in a subset of very elderly) (27, 28) or spatially coherent 

and comprising a sizeable percentage of cells when very small biopsies were taken (30, 33, 35). 

With higher accuracy NGS techniques able to resolve lower frequency subclones, later studies 

have found CHIP mutations at lower levels in most middle-aged adults (36, 37). Using ultra-high 

accuracy DS, we found extremely low frequency cancer-associated TP53 mutations in both blood 

and peritoneal fluid of healthy women undergoing abdominal surgery and, in both sample types, 

the abundance of mutations increased with age (13). A subsequent study that employed uterine 

lavage for endometrial cancer detection found pathogenic mutations in cancer driver genes in 

lavages of cases as well as controls (38). 

The present study adds a new layer of knowledge by identifying extremely low frequency 

TP53 mutations in uterine lavages and multiple normal tissues. DS has an error rate below one-in-

ten-million, so even mutations that are seen in a single nucleotide among hundreds of millions of 

other sequenced nucleotides could be confidently identified. In aggregate, we sequenced 

319,576,913 unique TP53 coding nucleotides and identified 292 non-cancer derived “biological 

background” mutations. The average background mutation frequency of 9x10-7 in this study is at 

least ten thousand times below the background error threshold of standard NGS and dozens of 

times below that of other error correction methods (10) (Fig. S1). 

We examined 10 different tissue/sample types from a unique cohort of individuals 

spanning more than a century of the human lifespan and assessed the pattern of mutations found 
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using multiple different metrics of selection. A significant and novel finding was that, not only do 

TP53 mutations increase in abundance with age, but the relative representation of random 

mutations versus cancer-associated mutations transitioned from almost entirely the former to 

almost entirely the latter from birth to end-of-life. Moreover, the extent of mutation frequency 

increase varied considerably by sample type and tissue. Uterine lavage samples carried nearly an 

order of magnitude more mutations than any other tissues examined by a woman’s mid 50’s. The 

basis of the rapid increase from women in their mid 40’s to those in their mid 50’s could plausibly 

relate to the onset of menopause. The majority of cells collected in uterine lavage are of 

endometrial origin and the cessation of cyclic sloughing at menopause might eliminate a 

physiologic means of purging mutated cells. Of note, none of the 10 TP53 coding mutations 

identified in the endometrium of the 56-year old woman was detected in the uterine lavage, which 

contained as many as 25 mutations. This could be explained by the fact that the endometrial 

biopsies analyzed contained not only superficial surface epithelium, which are the cells collected 

by the lavage, but deep tissue as well, which might have a lower mutational load.  

The biology seen here is likely only the tip of the iceberg and much further work remains 

to be done. We only examined tissue sets from four individuals at a very coarse spacing along the 

aging continuum. We focused on only gynecologic tissues and did not have perfectly matching 

samples for each subject, given how challenging these unique specimens were to obtain at the 

extremes of age. Furthermore, we only sequenced the coding region of a single gene, albeit the 

one most commonly mutated in cancer.  

The implications of our findings are important as related to the physiology of aging, but 

also as a cautionary message for mutation-based cancer biomarkers of all varieties. At the same 

time as we have shown that high sensitive NGS methods are essential for maximally sensitive 

mutation-based cancer diagnosis, we have also illustrated a substantial specificity challenge related 
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to biology, not technology, the extent of which has been under-appreciated. This is not limited to 

one or a few tissues, rather, it seems to be ubiquitous among the epithelial, mesenchymal, and 

hematopoietic cells lineages we investigated. Moreover, the same selection patters of mutations 

were found in minimally invasively collected body fluids, including both uterine lavage and 

cfDNA. This suggests that ongoing large scale efforts to develop universal “liquid biopsy” cancer 

screening tests via deep sequencing of cfDNA from plasma need to be approached with great 

caution (26, 39).  

Despite the extent of biological background mutations, as a non-invasive cancer test our 

approach worked remarkably well. We identified 80% of tumor mutations and 70% of those were 

above the 1% MAF threshold we used to distinguish cases from controls. The only tumor mutation 

missed below this threshold corresponded to a 42-year-old woman, one of the youngest in the 

study. Younger women tended to have fewer background mutations and mutations with lower 

MAF, which suggest that, moving forward, sensitivity could be increased by using age-adjusted 

thresholds. In addition, specificity could be improved by: uniform lavage collection at the luteal 

phase in premenopausal women, sequencing of peripheral blood to identify and exclude CHIP 

clones that might be present in lavage and longitudinal assessment of mutations to identify MAF 

increases over time. An important consideration is that we have demonstrated detection of 

intermediate and late stage cancers, but the most critical target for screening is early stage cancers 

because they are most curable. In that regard, monitoring of high-risk populations, such as BRCA1 

and BRCA2 carriers, may be the highest impact near-term clinical implementation. 

The sensitivity improvements lent by new sequencing technologies are forcing a far more 

nuanced genetic definition of what distinguishes a cancer cell from simply an old cell. Our results 

show that CHIP clones are merely one relatively easy-to-detect manifestation of a far broader 

phenomena that appears to extend to most, if not all, tissues in the body. From a biomarker 
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perspective, the fact that those who are at greatest risk of cancer and for whom cancer screening 

holds the most benefit (older adults) are also the population with the most cancer-like age-

associated background mutations, is particularly inconvenient. Ongoing improvements will be 

needed to find ways to maximize specificity through careful MAF threshold calibration and 

combination with orthogonal biomarkers. Further investigation into the significance of biological 

background mutations from the perspective of human aging and biology is similarly warranted. 

For example, does the frequency of mutations and extent of pathologic shift provide a 

chronologically independent empiric measure of age? Could it be used to integrate a lifetime load 

of intrinsic and extrinsic mutagenic exposures and predict future cancer risk?  

While the notion that our somatic genomes are steadily evolving towards neoplasia with 

each passing decade might viewed as disheartening, an alternative perspective is that, in spite of 

this, most people do not develop overt cancer in their lifetime. This serves as a reminder of just 

how much remains unknown about the body’s many complex mechanisms of tumor suppression–

a toolkit that we can perhaps augment with future technologies for cancer prevention. 

 

Material and Methods 

Experimental Design  

We performed two complementary studies. The objective of the uterine lavage study was 

to determine the ability of DS to detect ovarian cancer through deep sequencing of TP53 mutations 

in uterine lavage. This study included 10 patients with high-grade serous ovarian cancer (cases) 

and 11 with benign gynecological masses (controls). The objective of the normal tissue study was 

to characterize somatic TP53 mutations that accumulate during aging. This study included tissue 

from two newborn subjects (one newborn male only provided blood), two middle age women (ages 
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46 and 56 years old) and one centenarian woman (101 years old). Clinico-pathological information 

for all subjects is listed in Table S1.  

Samples 

In the first study, we analyzed uterine lavages collected by a trans-cervical catheter (Table 

S1). Lavages were collected immediately pre-operatively as previously described (9). Lavage 

samples were centrifuged at 300x g for 10 minutes at room temperature and DNA was isolated 

from the cell pellet (QIAamp MinElute Kit, Qiagen, Hilden, Germany). Patients were recruited in 

three institutions: Medical University of Vienna (Austria), Charles University Pilsen (Czech 

Republic) and University Hospitals Leuven (Belgium). Sample procurement was performed in 

accordance with the institutional review boards of the Medical University of Vienna 

(EK#1148/2011 and EK#1766/2013), the Catholic University Leuven (B322201214864/S54406) 

and the Medical Faculty Hospital Pilsen (No 502/2013).  

In the second study, multiple gynecological tissues were collected per Table S4. Not all 

sample types were available for all subjects. Newborn and centenarian tissue was collected at 

autopsy while tissue from middle age women was collected following hysterectomy. Peripheral 

blood was unavailable from the female newborn and to compensate we sequenced spleen from this 

subject as well as peripheral blood sample from a neonatal male (7 weeks old). The two newborn 

autopsies were performed at Seattle Children’s’ Hospital and tissues were collected under research 

IRB #52304. For the two middle age women, uterine lavage was collected with the same procedure 

as in the first study. In addition, for the 46-year-old woman, cfDNA was collected preoperatively 

and peritoneal lavage collected intraoperatively. Both operations were performed at the Medical 

University of Vienna and samples were collected with informed consent and according to approved 

IRB EK# 1152/2014. For the centenarian case, tissue was obtained via rapid autopsy from Tissue 

for Research Inc. and processed at the University of Washington under IRB waiver 2016-52304. 
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All samples were collected using sterile new instruments between biopsies and frozen over liquid 

nitrogen immediately after collection and stored at -80˚C until DNA extraction. 

Digital Droplet Polymerase Chain Reaction 

Lavage DNA from 5 ovarian cancer cases and 2 controls was analyzed by ddPCR (Table 

1). In ovarian cancer lavage, ddPCR amplified the tumor mutation whereas in benign lavage, the 

assay targeted two mutations previously identified by DS at frequencies below 0.1%. ddPCR was 

performed with the QX100 Droplet Digital PCR system (Bio-Rad Laboratories, Hercules, CA) 

using custom TaqMan SNP Genotyping Assays (Life Technologies, Carlsbad, CA) designed using 

Primer Express 3.0 software (ThermoFisher). 10-20ng of DNA were used in each reaction and 

samples were analyzed at least in duplicates. A positive control and a wild-type control were 

included in every run. 

Duplex Sequencing  

Duplex Sequencing was performed as previously described with minor modifications (12). 

Briefly, DNA was sonicated, end-repaired, A-tailed, and ligated with DS adapters using the KAPA 

HyperPrep library kit (Roche Sequencing, Pleasanton, CA). After initial amplification, 120 bp 

biotinylated oligonucleotide probes (Integrated DNA Technologies, Coralville, Iowa) were used 

to capture the coding region of TP53. Two successive rounds of captures were performed to ensure 

sufficient target enrichment, as previously described (40). Indexed libraries were pooled and 

sequenced on an Illumina HiSeq2500 or NextSeq 550. Sequencing reads were aligned to hg19 then 

reads sharing a common molecular tag in both distinct strand orientations were grouped and 

assembled into an error-corrected Duplex Consensus Sequence as previously described (12).  

The total number of Duplex nucleotides sequenced for each uterine lavage and tissue 

sample is listed in Tables S2 and S5. In aggregate, we sequenced 587,169,708 unique nucleotides, 
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319,576,913 of which corresponded to coding nucleotides. We targeted a median Duplex depth of 

~1000x. Three tissue biopsies were excluded because of insufficient depth. Because Duplex reads 

correspond to original DNA molecules, Duplex depth indicates the total number of haploid 

genomes sequenced. For each sample, TP53 mutation frequency was calculated as the number of 

identified mutations divided by the total number of Duplex nucleotides sequenced. For each 

individual mutation, mutant allele frequency (MAF) was calculated as number of mutated Duplex 

bases divided by the total Duplex depth at a given nucleotide position. Mutations identified as 

SNPs in the 1000 genome database with were excluded from mutation analysis. All mutations 

were manually reviewed with the Integrative Genome Viewer (IGV). 

Characterization of TP53 mutations using Seshat and the UMD TP53 database 

The final list of mutations from all samples in the study (uterine lavage study n=166, 

normal tissue study n=264) was converted into a Variant Call Format (VCF) file and submitted to 

Seshat (https://p53.fr/TP53-database/seshat), a web service that performs TP53 mutation 

annotation using data derived from the UMD TP53 database (22). This database is the most 

updated and comprehensive repository of TP53 variants. From the Seshat output (included as 

Database 1 for uterine lavage mutations and Database 2 for normal tissue mutations), the 

following variables were extracted: cDNA variant, HG19 Variant, Variant Classification, 

Frequency, Activity, Pathogenicity, Exon, Codon, CpG, Mutational event and Variant Comment. 

These variables were used to annotate the DS pipeline-generated mutational calls in Table S3 

(uterine lavage) and Table S6 (normal tissue). The human genomic reference hg19 (GRCH37) 

was used for data reporting. Mutations occurring in the coding region and adjacent splice sites 

were selected for mutational analysis (uterine lavage n=112, normal tissue n=180).  

Mutations were annotated based on type (missense, nonsense, splice, synonymous), 

mutation spectrum (each of the 12 possible nucleotide substitutions), localization to CpG 
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dinucleotides, localization in exons 5 to 8 (encoding the protein’s DNA binding domain), 

localization to mutational hotspot (9 most common mutated codons in the UMD TP53 database: 

175, 179, 213, 220, 245, 248, 249, 273, 282), frequency of the mutation in the cancer database, 

functional activity, and predicted pathogenicity. Functional activity was assessed by a 

transcriptional activity chart assay for 3,000 variants performed by Kato et al. (41). Pathogenicity 

was based on multiple predictive algorithms included from dbNSFP (42) as well as functional 

activity (22). For the last 3 variables (frequency in cancer database, activity and pathogenicity), 

mutations were aggregated into binned groups (Table S7).  

TP53 cancer database mutational analysis 

From the UMD TP53 database (April 2017 version), we selected the set of 71,051 

mutations reported within human tumors of all types (mutations from cell lines, normal and 

premalignant tissue were excluded). Then we determined the distribution of mutations in the 

following categories:  CpG, hotspots, exons 5-8, activity, pathogenicity, mutation type, and 

mutation spectrum. These values were used as a comparator for TP53 mutations identified in 

uterine lavage and normal tissues. 

TP53 mutations without selection 

To assess the distribution of TP53 mutations in the absence of selection, we generated a 

list of all possible mutations in the gene coding region (n=3,546) in silico. Then we submitted this 

list to Seshat to determine the distribution of mutations in the same categories as above. The values 

obtained represent the distribution of all possible TP53 mutations in the absence of selection and 

were used as a comparator for TP53 mutations identified in uterine lavage and normal tissue. 
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dN/dS calculation 

The dN/dS ratio measures the ratio of non-synonymous vs. synonymous mutations taking 

into consideration observed and expected values for a given genomic region. It was calculated as 

(n/s)/(N/S), where n is the total number of observed nonsynonymous mutations, s is the total 

number of observed synonymous mutations, N is the total number of possible nonsynonymous 

mutations, and S is the total number of possible synonymous mutations. For TP53, N=2,715 and 

S=831 based on the 3,546 possible mutations in its coding region. A dN/dS ratio equal to 1 

indicates neutral selection, <1 indicates negative selection, and >1 indicates positive selection.  

Statistical analyses 

Correlations were tested with Spearman’s rank test due to high variability in the outcomes 

(nonnormality). The comparison of TP53 mutational traits in uterine lavage of controls and cancers 

vs. non-selected mutations was performed with Fisher’s exact tests. All tests were two-sided at an 

alpha level (type 1 error rate) of 0.05. Statistical analyses were performed with SPSS and R.   
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Tables 

 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Patient	ID Age Histology FIGO

Tumor	
mutation-

DNA

Tumor	
mutation-
protein

Standard	NGS	
MAF

Duplex	Sequencing	
MAF

ddPCR	
MAF

case	1 67 HGSOC IIIC c.578A>C p.H193P 15.25% 15.63% 14.45%
case	2 69 HGSOC IIIB c.646G>A p.V216M 2.22% 2.12% n.a.
case	3 51 Signet	ring† na c.844C>T p.R282W 22.76% 22.22% 25.55%
case	4 54 HGSOC IV c.785G>T p.G262V 5.05% 4.88% n.a.
case	5 32 HGSOC IIIC c.743G>A p.R248Q n.a. 0.98% 0.07%
case	6 42 HGSOC IIIA c.503A>G p.H168R Negative 0.15% 0.12%
case	7 55 HGSOC IIIA c.815A>T	 p.V272E Negative Negative n.a.
case	8 48 HGSOC IIIC c.734G>T p.G245V Negative 2.26% 0.20%
case	9 67 HGSOC IV c.1024C>T p.R342* Negative Negative n.a.
case	10 68 HGSOC IIIC c.535C>T p.H179Y n.a. 9.95% n.a.

Patient	ID Age Histology FIGO

Non	cancer	
mutation-

DNA

Non	cancer	
mutation-
protein

Standard	NGS	
MAF

Duplex	Sequencing	
MAF

ddPCR	
MAF

con	2 70 benign - c.733G>A p.G245S n.a. 0.08% 0.08%
con	7 79 benign - c.817C>T p.R273C n.a. 0.05% 0.07%

NGS:	Next	Generation	Sequencing;	MAF:	Mutant	Allelle	Frequency;	ddPCR,	digital	droplet	PCR;	n.a:	not	assessed;	†	Spread	to	ovary
TP53 	cDNA	reference:	NM_000546.5,	TP53	protein	reference:	NP_000537.3

Mutant	Allele	Frequency	of	tumor	TP53mutations

Mutant	Allele	Frequency	of	background	TP53mutations

Table	1.		Comparison	of	TP53mutant	allele	frequencies	by	standard	NGS,	Duplex	Sequencing,	and	digital	droplet	PCR
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Figures and Legends 

 
 
 

 

Figure 1. Detection of ovarian cancer using uterine lavage plus Duplex Sequencing (A) Uterine lavage 
is carried out by passing a small catheter through the cervix followed by concurrent flushing and aspiration 
with 10 mL of saline as described (24). (B) After cell isolation by lavage centrifugation, DNA is extracted, 
fragmented, and ligated with specialized Duplex Sequencing adapters that include degenerate molecular tags 
(a and b). Following amplification, hybrid capture and sequencing, reads sharing the same barcodes are 
grouped into families and mutations are scored only if present in both strands of each original DNA molecule. 
(C) Each spot on the 2 dimensional surface represents one of the 1179 coding positions in TP53. The height 
of each peak indicates the mutant allele frequency (MAF) at each position as determined by conventional 
NGS, which shows false mutations at every position. (D) DS of the same sample (case 6 below) eliminates 
errors and reveals only true mutations. (E) TP53 mutations identified by DS in uterine lavage from women 
with ovarian cancer and (F) cancer-free (controls). Fuchsia bars represent the matching tumor mutation and 
blue bars represent ‘biological background’ mutations. Mutations are sorted by ascending MAF within each 
patient and patients are sorted by age. Dashed lines indicate the optimal threshold to distinguish patients with 
and without ovarian cancer (sensitivity: 70%, specificity: 100%). 
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Figure 2. The frequency of TP53 mutations in uterine lavage increases with age 
Frequency is calculated as the total number of unique TP53 mutations identified in each 
sample (including exons and flanking intronic regions) divided by the total number of 
Duplex nucleotides sequenced. (A) Uterine lavage samples from patients with ovarian 
cancer, n=10, r=0.89, p=0.0006 by Spearman’s correlation test. In these patients, the total 
count of TP53 mutations excludes the tumor mutation identified in the lavage in order to 
only represent TP53 background mutations. (B) Uterine lavage samples from control 
patients without cancer, n=11, r=0.83, p=0.001 by Spearman’s correlation test. 
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Figure 3. Evidence of positive selection in TP53 background mutations from uterine lavages (A) 
dN/dS. Values above 1 in uterine lavage from controls and cases correspond to an excess of non-
synonymous mutations suggestive of positive selection. (B) Percent of TP53 mutations localized in CpG 
dinucleotides. (C) Percent of TP53 mutations localized in exons 5-8. (D) Percent of TP53 mutations 
localized in hotspot codons. For C-D: TP53 mutations identified in uterine lavage from controls and cancer 
significantly exceed expected values without selection. * p-value<0.01 ** p-value<0.0001 by Fisher’s 
exact test, n=79 for uterine lavage controls and n=33 for uterine lavage cancer. (E) Protein activity and (F) 
predicted pathogenicity color-coded as 5 groups from Seshat data. Patients are sorted by ascending age. 
For each patient, TP53 Mutation Frequency is calculated as the number of mutations in the coding region 
divided by the total number of Duplex nucleotides sequenced in that region. Two cancer patients with 
reduced sequencing depth and no identified TP53 mutations are excluded from the analysis. Nearly all 
cases and controls carry mutations that have impact in protein activity and predicted pathogenicity. UL: 
Uterine lavage. 
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Figure 4. TP53 mutations in uterine lavage are very similar to TP53 mutations found in 
human cancers (A) Traits of positive selection are compared between all possible mutations 
in the TP53 coding region (No Selection, n=3,546), TP53 background mutations found in 
uterine lavage (n=112), and TP53 mutations reported in the UMD cancer database (n=71,051). 
(B) Uterine lavage mutations in cases and controls color-coded by their abundance in the 
UMD TP53 database. For each sample, TP53 Mutation Frequency is calculated as the number 
of mutations in the coding region divided by the total number of Duplex nucleotides sequenced 
in that region. Most samples harbor TP53 mutations that are common in the database. (C) 
TP53 mutation type and (D) TP53 mutation spectrum are compared between mutations 
identified in uterine lavage from controls (n= 79), uterine lavage from cases (n=33) and the 
UMD database (n=71,051). (E) TP53 mutation distribution map for uterine lavage (top panel) 
and UMD cancer database (bottom panel). Bars quantify the frequency of mutations at each 
codon. Colored background reflects a 20 BP sliding window average of mutation density 
around each position. Gene exons and protein domains are indicated in the middle section. 
UL: Uterine lavage. 
	

Figure 5. TP53 mutations in normal tissues and uterine lavage from two middle age women (A) 
Normal tissues collected including: leukocytes, peritoneum, cervix, endometrium, myometrium, 
fallopian tube, ovary, and uterine lavage. (B) TP53 mutation frequency for each sample calculated as 
the number of TP53 mutations in the coding region divided  by the total number of Duplex nucleotides 
sequenced. a and b indicate two spatially separated samples from same tissue. Blue bars correspond to 
the samples in this study. Orange bars correspond to the mean values for uterine lavages from control 
women in the first study. 
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Figure 6. Characterization of TP53 mutations in normal tissues over a century of the human 
lifespan TP53 mutations identified by DS in leukocytes and gynecological tissue are indicated as 
columns within each tissue. Each mutation is characterized by 4 parameters: type (synonymous, 
non-synonymous and hotspots); frequency in cancer; protein activity; and predicted pathogenicity. 
The last 3 parameters are color-coded with red indicating ‘cancer-like’ mutations and blue 
indicating benign mutations. Vertical black lines separate different biopsies from the same tissue. 
Within each biopsy, mutations are ordered left to right by decreasing cancer frequency. Biopsies 
that were sequenced but no mutations were identified are shown in grey.  
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Figure 7. Cancer-associated TP53 mutations are positively selected during normal aging (A) 
Across a variety of human tissues, TP53 mutations accumulate with age and are progressively 
enriched for mutations commonly found in cancers. Tissues are color-coded. ‘a’ and ‘b’ indicate 
two biopsies from the same tissue. (B) Traits of positive selection are compared between all 
possible mutations in the TP53 coding region (n=3,546), TP53 mutations found in newborn (n= 
19), middle age (n=85), and centenarian (n= 38), and TP53 mutations reported in the UMD cancer 
database (n=71,051). (C) Distribution of TP53 mutation type and (D) mutation spectrum for 
newborn, middle age, and centenarian mutations (n=19, 85, and 38, respectively) compared to 
UMD cancer database (n=71,051). 
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Supplementary Figure Legends 

 
Figure S1. Comparison of mutation detection limit by sequencing accuracy for different 

NGS methods The positive predictive value (PPV) is the fraction of all mutations detected that 

are true positives. PPV depends on the target mutation frequency and the error rate of each 

method (given in parentheses). Mutations present at frequencies >10-2 are confidently detected 

by all methods. However, PPV drops for mutations at lower frequencies, as these mutations 

represent a progressively smaller fraction of all detected mutations and thus become increasingly 

obscured by sequencing errors. For standard NG and single-strand molecular tagging methods, 

critical losses in PVV (<0.9) occur at mutation frequencies of ~10-2 and 10-3 (red and blue dotted 

lines), respectively. Thus, these values represent the limit for mutation detection of these 

methods. For Duplex Sequencing, however, the extremely low error rate allows accurate 

detection of mutations at frequencies below ≤10-6. 

 

Figure S2. Association between number of independent TP53 mutations detected and total 

number of Duplex nucleotides sequenced The total number of TP53 mutations found 

(including exons and flanking intronic regions) in the 21 uterine lavages of the study was plotted 

against the total number of  Duplex nucleotides sequenced in each sample. More TP53 mutations 

were identified in samples with more nucleotides sequenced (p=0.008 by Spearman’s correlation 

test). 

 

Figure S3. TP53 mutation frequency and characteristics by age for individual patient 

lavages in case-control study Data is parsed by mutation type, CpG dinucleotide site, exon 

type, and cancer-associated hotspots. Patients are divided in cases (women with ovarian cancer) 

and controls (women without ovarian cancer) and ordered by age within each group. For each 
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patient, TP53 mutations frequency was calculated as the number of TP53 mutations identified in 

the coding region divided by the total number of Duplex nucleotides sequenced in that region. 

For each trait, the fraction of mutations corresponding to each of the categories of analysis is 

indicated by color. 

 

Figure S4. TP53 mutation frequency and characteristics by age including uterine lavages 

from the two middle age women in the normal tissue study The two new lavages correspond 

to a 46-year-old woman and a 56-year-old woman and are indicated by arrows. TP53 mutations 

type, frequency in cancer database, activity, pathogenicity, exon 5-8 location, CpG location, and 

hotspot location are indicated by color, with warm colors indicating ‘cancer-like’ features. The 

TP53 mutation frequency and the distribution of mutational cancer-like traits in the two new 

lavages are very similar to the data obtained for women of comparable age in the first part of the 

study. 

 

Figure S5. Mutant allele frequency as a function of Duplex sequencing depth Each dot 

corresponds to a TP53 mutation identified in normal tissue. Mutations are color coded by 

subject. MAF is calculated as the number of times a mutation was observed divided by the depth 

of sequencing at the given position. Because MAF is inversely associated with depth, mutations 

identified in biopsies sequenced at a lower depth (mostly from the 46-year-old woman and 

newborn) present with higher MAF. 

 

Figure S6. Analysis of mutations shared across multiple tissue samples within the same 

individual For each individual, all analyzed samples are listed and color-coded by tissue type. 

Mutations identified in more than one biopsy are indicated in columns with ratios provided for 
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the biopsies in which the mutation was identified. The ratios indicate the number of Duplex reads 

with the given mutation divided by the depth of sequencing in that position. Mutations found at 

MAF>1% and MAF>0.1% are indicated. It should be noted that the first mutation listed for the 

101-year-old woman and the 46-year-old woman is the same and correspond to codon 220, one 

of the most common hotspots in TP53. 

 

Figure S7. TP53 mutation frequency by tissue type (A) Association between number of TP53 

mutations and total number of Duplex nucleotides sequenced in the TP53 coding region. Dots 

correspond to samples and are color-coded by individual of origin. (B) For each sample, TP53 

mutation frequency was calculated as the number TP53 mutations identified in the coding region 

divided by the total number of Duplex nucleotides sequenced in that region. Subject age is 

indicated in the X-axis. 

 

Figure S8. TP53 mutation frequency and characteristics by age for individual tissue 

samples Characterization of TP53 mutations identified in normal tissue from newborn, middle-

aged, and centenarian females. TP53 mutation type, frequency in cancer database, activity, 

pathogenicity, CpG location, exon 5-8 location, and hotspot location are color-coded as leveled 

in the corresponding legends, with warm colors indicating “cancer-like” features. 

 

Figure S9. TP53 mutation characteristics within non-invasively collected body fluids (A) 

heatmap indicating mutation type, frequency in caner database, impact on protein activity, and 

predicted pathogenicity for each of the TP53 mutations identified in leukocytes, cfDNA, 

peritoneal fluid, and uterine lavage. Categories are color-coding are the same as for Figure 6. 

Each column represents a mutation. (B) Comparison of TP53 mutation frequency in all tissues 
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collected from the 46-year-old woman, including liquid biopsies. (C) Comparison of Tp53 

mutational features in all tissues collected from the 46-year-old woman including liquid biopsies 

(indicated by arrows). 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Supplementary Figures 

* Note: The following supplementary information has not been provided here, but is available in 
the published work:  
 

• https://www.biorxiv.org/content/early/2018/11/04/457291 
• Database S1. Seshat’s long form analysis of TP53 mutations identified by DS in uterine 

lavage 
• Database S2. Seshat’s long form analysis of TP53 mutations identified by DS in normal 

tissue 
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• Table S3. TP53 mutations detected by Duplex Sequencing in uterine lavage 
• Table S6. Tp53 mutations detected by Duplex Sequencing in normal tissue 

 
Figure S1. Comparison of mutation detection limit by sequencing accuracy for different 
NGS methods 
 

 
 
Figure S2. Association between number of independent TP53 mutations detected and total 
number of Duplex nucleotides sequenced 
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Figure S3. TP53 mutation frequency and characteristics by age for individual patient 
lavages in case-control study 
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Figure S4. TP53 mutation frequency and characteristics by age including uterine lavages 
from the two middle age women in the normal tissue study 
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Figure S5. Mutant allele frequency as a function of Duplex sequencing depth 
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Figure S6. Analysis of mutations shared across multiple tissue samples within the same 
individual 
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Figure	S7.	TP53	mutation	frequency	by	tissue	type	
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Figure	S8.	TP53	mutation	frequency	and	characteristics	by	age	for	individual	tissue	
samples	
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Figure S9. TP53 mutation characteristics within non-invasively collected body fluids 
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Supplementary Tables 
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Table	S2.	Uterine	lavage	Duplex	Sequencing	coverage

Patient	group Patient	ID
Total	Duplex	
Nucleotides

Duplex	Nucleotides	
in	Coding	Region

Median	Depth	
Coding	Region

Ovarian	Cancer case	1 2,067,165 1,130,319 959
Ovarian	Cancer case	2 1,114,686 613,433 520
Ovarian	Cancer case	3 1,591,699 861,824 731
Ovarian	Cancer case	4 4,183,394 2,313,739 1,962
Ovarian	Cancer case	5 11,366,916 6,142,239 5,210
Ovarian	Cancer case	6 11,599,106 6,173,923 5,237
Ovarian	Cancer case	7 2,450,431 1,294,458 1,098
Ovarian	Cancer case	8 6,772,145 3,769,668 3,197
Ovarian	Cancer case	9 2,421,453 1,349,645 1,145
Ovarian	Cancer case	10 2,294,407 1,284,941 1,090

Control con	1 2,119,288 1,166,096 989
Control con	2 5,398,366 2,956,801 2,508
Control con	3 3,077,667 1,695,730 1,438
Control con	4 2,039,443 1,125,027 954
Control con	5 3,099,332 1,756,846 1,490
Control con	6 3,105,613 1,750,731 1,485
Control con	7 7,388,066 4,348,432 3,688
Control con	8 4,800,008 2,811,580 2,385
Control con	9 3,405,550 1,900,200 1,612
Control con	10 8,963,986 4,951,373 4,200
Control con	11 10,334,636 5,589,891 4,741
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Table	S4.	Clinico-pathological	characteristics	of	individuals	that	provided	norm
al	tissue

Study
Patient	ID

Age
M
enopause

Diagnosis
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Table	S5.	Normal	tissue	Duplex	Sequencing	coverage

Patient	ID Age Tissue Sample
Total	Duplex	
Nucleotides

Duplex	Nucleotides	in	
Coding	Region

Median	
Depth	
Coding	
Region

A001 101	years Leukocytes N1-1 20231850 11142821 9427
A001 101	years Peritoneum N1-2 11488272 6135358 5191
A001 101	years Peritoneum N1-3 15159370 8213620 6949
A001 101	years Endometrium N1-4 16002401 8650922 7319
A001 101	years Endometrium N1-5 18700925 10189381 8620
A004 56	years Leukocytes N1-15 26919646 14541451 12302
A004 56	years Cervix N1-8 13805787 7494026 6340
A004 56	years Cervix N1-9 18798010 10315701 8727
A004 56	years Endometrium N1-6 17911377 9755747 8254
A004 56	years Endometrium N1-7 13268169 7187740 6081
A004 56	years Myometrium N1-14 19930038 10974764 9285
A004 56	years Fallopian	tube N1-10 19055091 10251270 8673
A004 56	years Fallopian	tube N1-11 15144724 8155593 6900
A004 56	years Ovary N1-12 13248888 7136033 6037
A004 56	years Ovary N1-13 18160136 9997998 8459
A004 56	years Uterine	lavage N1-18 9962705 5704924 4827
A006 46	years Leukocytes N2-23 14714971 8079419 6835
A006 46	years Peritoneum N2-21 9090845 4895509 4142
A006 46	years Peritoneum N2-20 2216635 1180319 999
A006 46	years Cervix N2-17 10113295 5407948 4575
A006 46	years Endometrium N2-14 4226008 2243645 1898
A006 46	years Myometrium N2-13 7520919 4008688 3391
A006 46	years Myometrium N2-22 4516257 2516123 2129
A006 46	years Fallopian	tube N2-18 5371583 2850068 2411
A006 46	years Fallopian	tube N2-19 15142991 8084403 6840
A006 46	years Uterine	lavage N2-25-26 6740383 3664977 1550
A006 46	years Peritoneal	lavage N2-24 16568058 9044752 7652
A006 46	years ctDNA N2-27 13061449 7510724 6354
A007 7	months Leukocytes N2-11 24989245 13635782 11536
A008 2	weeks Spleen N2-10 10785100 5776247 4887
A008 2	weeks Peritoneum N2-9 9043367 4808762 4068
A008 2	weeks Cervix N2-1 8000614 4313391 3649
A008 2	weeks Endometrium N2-4 8549897 4552872 3852
A008 2	weeks Endometrium N2-5 7559543 4041398 3419
A008 2	weeks Myometrium N2-6 11292962 6042979 5113
A008 2	weeks Fallopian	tube N2-7 9179478 4873742 4123
A008 2	weeks Fallopian	tube N2-8 9233815 4914615 4158
A008 2	weeks Ovary N2-2 5882208 3117987 2638
A008 2	weeks Ovary N2-3 5989339 3178318 2689
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Table	S7.	Postprocessing	of	Seshat	analytical	variables	into	categorical	variables

Seshat	variable	 Field	description Groups 5	group	labels 2	group	labels

Comment_1_Frequency This	single	nucleotide	variant	is	very	frequent 1 very	frequent common	in	cancer
Comment_1_Frequency This	frameshift	variant	is	very	frequent 1 very	frequent common	in	cancer
Comment_1_Frequency This	single	nucleotide	variant	is	frequent 2 frequent common	in	cancer
Comment_1_Frequency This	frameshift	variant	is	frequent 2 frequent common	in	cancer
Comment_1_Frequency This	single	nucleotide	variant	is	not	frequent 3 not	frequent not	common	in	cancer
Comment_1_Frequency This	single	nucleotide	variant	is	rare 4 rare/unique not	common	in	cancer
Comment_1_Frequency This	single	nucleotide	variant	is	unique 4 rare/unique not	common	in	cancer
Comment_1_Frequency This	frameshift	variant	is	rare 4 rare/unique not	common	in	cancer
Comment_1_Frequency This	frameshift	variant	is	unique 4 rare/unique not	common	in	cancer
Comment_1_Frequency This	variant	has	never	been	identified	in	human	cancer 5 never not	common	in	cancer

Comment_2_Activity Inactive 1 inactive impaired	activity
Comment_2_Activity Splice	site	mutation;	high	probability	of	splicing	defect 2 splice/truncated impaired	activity
Comment_2_Activity The	activity	of	truncated	p53	is	assumed	to	be	nil 2 splice/truncated impaired	activity
Comment_2_Activity This	synonymous	mutation	is	known	to	impair	TP53	splicing 2 splice/truncated impaired	activity
Comment_2_Activity Partial	activity 3 partially	active impaired	activity
Comment_2_Activity Fully	active 4 active active/	likely	active
Comment_2_Activity Hyper	active 4 active active/	likely	active
Comment_2_Activity Synonymous	mutation;	unknown	consequences 5 syn/unknown active/	likely	active
Comment_2_Activity The	consequences	of	this	intronic	mutation	are	unknown 5 syn/unknown active/	likely	active
Comment_2_Activity The	consequences	of	this	mutation	in	the	3'UTR	are	unknown 5 syn/unknown active/	likely	active
Comment_2_Activity The	consequences	of	this	mutation	in	the	5'UTR	are	unknown 5 syn/unknown active/	likely	active
Comment_2_Activity The	consequences	of	this	mutation	targeting	isoforms	beta	are	unknown 5 syn/unknown active/	likely	active
Comment_2_Activity The	consequences	of	this	mutation	targeting	isoforms	gamma	are	unknown 5 syn/unknown active/	likely	active

Pathogenicity Pathogenic 1 pathogenic expected	pathogenic
Pathogenicity Likely	Pathogenic 2 likely	pathogenic expected	pathogenic
Pathogenicity Possibly	pathogenic 3 possibly	pathogenic expected	pathogenic
Pathogenicity Benign 4 benign unlikely	pathogenic
Pathogenicity VUS 5 VUS unlikely	pathogenic
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Abstract 

Next-generation sequencing methods suffer from low recovery, uneven coverage, and false 

mutations. DNA fragmentation by sonication is a major contributor to these problems because it 

produces randomly sized fragments, PCR amplification bias, and end artifacts. In addition, 

oligonucleotide-based hybridization capture, a common target enrichment method, has limited 

efficiency for small genomic regions, contributing to low recovery. This becomes a critical 

problem in clinical applications, which value cost-effective approaches focused on the sequencing 

of small gene panels. To address these issues, we developed a targeted genome fragmentation 

approach based on CRISPR/Cas9 digestion that produces DNA fragments of similar length. These 

fragments can be enriched by a simple size selection, resulting in targeted enrichment of up to 

~49,000-fold.  Additionally, homogenous length fragments significantly reduce PCR amplification 

bias and maximize read usability. We combined this novel target enrichment approach with 

Duplex Sequencing, which employs double-strand molecular tagging to correct for sequencing 

errors. The approach, termed CRISPR-DS, enables efficient target enrichment of small genomic 

regions, even coverage, ultra-accurate sequencing, and reduced DNA input. As proof-of-principle, 

we applied CRISPR-DS to the sequencing of the exonic regions of TP53 and performed side-by-

side comparisons with standard Duplex Sequencing. CRISPR-DS detected previously reported 

pathogenic TP53 mutations present as low as 0.1% in peritoneal fluid of women with ovarian 

cancer, while using 10 to 100-fold less DNA than standard Duplex Sequencing. Whether used as 

stand-alone enrichment or coupled with high-accuracy sequencing methods, CRISPR-based 

fragmentation offers a simple solution for fast and efficient small target enrichment. 
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Introduction 

In the past decade, NGS has revolutionized the fields of biology and medicine. However, 

standard NGS suffers from two major problems that negatively impact multiple applications: the 

limited efficiency of current target selection methods and the high error rate of the sequencing 

process. Targeted genome enrichment is essential to many applications that do not require whole 

genome sequencing and it is performed either by PCR or by hybridization capture. PCR is simple 

and efficient but does not scale well and suffers from biases that result in uneven coverage and 

false mutation calls (Kebschull and Zador 2014; Samorodnitsky et al. 2015). Hybridization capture 

improves coverage uniformity and mutation call accuracy but has low recovery, especially when 

the target region is small, which leads to the requirement of larger amounts of DNA 

(Samorodnitsky et al. 2015).  An additional complication is that DNA is typically fragmented by 

sonication which introduces DNA damage resulting in sequencing errors (Park et al. 2017).  

Moreover, the heterogeneous fragment sizes generated by sonication are subject to PCR bias and 

contribute to uneven coverage. An alternative option to sonication is enzymatic fragmentation. 

This method resolves some issues but introduces different artifacts that also result in sequencing 

errors (Knierim et al. 2011). Thus, at the library preparation step, both methods of target selection 

suffer important limitations that lead to non-optimal sequencing outcomes, including uneven 

coverage, introduction of false mutations, and low recovery. 

The second major problem of NGS is the high error rate inherent to the sequencing process. 

Illumina currently offers the most accurate sequencing platform with an estimated error rate of 10-

3 (Goodwin et al. 2016). This error rate, however, translates into millions of false calls in each 

sequencing run and precludes the detection of low frequency mutations, which is critical for 

applications such as forensics, metagenomics, and oncology (Salk et al. 2018). Sequencing errors 

can be significantly reduced by the use of molecular barcodes, which are random DNA sequences 
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attached to the original DNA molecules before or during PCR. Single-stranded molecular 

barcodes, also known as ‘unique molecular identifiers’ or UMIs, produce a consensus with the 

reads derived from one DNA strand (Kinde et al. 2011) whereas double-stranded molecular 

barcodes introduce an additional level of correction by allowing the comparison of independent 

consensus sequences derived from the two complementary strands of the original DNA molecule 

(Schmitt et al. 2012). This additional level of correction is essential for removing polymerase 

errors occurring in the first round of PCR and subsequently propagated to all reads derived from a 

given DNA strand (Arbeithuber et al. 2016) . Duplex Sequencing (DS), the method that pioneered 

double-strand molecular barcodes (Kennedy et al. 2014; Schmitt et al. 2012), has an estimated 

error rate <10-7, two orders of magnitude less than single-strand molecular barcode methods. This 

translates into the confident detection of mutations present at frequencies <10-5, whereas single-

strand molecular barcode methods show substantial decrease in accuracy at ≲10-3(Salk 2018). The 

extreme sensitivity of DS has been employed in a variety of applications including the detection 

of very low frequency somatic mutations in cancer and aging (Ahn et al. 2016; Kennedy et al. 

2013; Krimmel et al. 2016; Reid-Bayliss et al. 2016; Hoekstra et al. 2016). 

DS successfully addresses the problem of sequencing errors, but it suffers from the 

limitations of hybridization capture, which is required to perform target selection while preserving 

the strand recognition of molecular barcodes. As described above, hybridization capture is highly 

inefficient when selecting small targets (Winters et al. 2017), estimated at only 5-10% of reads are 

on-target for targets <50kb (Schmitt et al. 2015) . In DS, as well as in other panel-based sequencing 

approaches, the region of interest is usually designed to be small as a cost-effective trade-off for 

higher sequencing depth. In this situation, a successful approach for target enrichment is to perform 

two consecutive rounds of capture (Schmitt et al. 2015). However, this approach results in a time 

consuming, costly, and inefficient protocol that requires large amounts of DNA (Kennedy et al. 
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2014). For example, in DS at least 1µg of DNA has historically been needed to produce depths 

>3,000x (Krimmel et al. 2016), which is prohibitive in many applications that rely on small 

samples. 

Here we present CRISPR-DS, a new method that addresses the two main problems of NGS: 

limited efficiency of target selection and high error rate. Target selection is facilitated by an 

enrichment of the regions of interest using the CRISPR/Cas9 system. In vitro digestion with 

CRISPR/Cas9 has been proven to be a useful tool for multiplexed excision of large megabase 

fragments and repetitive sequence regions for PCR-free NGS  (Bennett-Baker and Mueller 2017; 

Shin et al. 2017). We reasoned that targeted in vitro CRISPR/Cas9 digestion could be used to 

excise similar length fragments covering the area of interest, which could then be enriched by size 

selection prior to library preparation. We designed this method to enable target enrichment while 

simultaneously eliminating sonication-related errors and biases arising from random genome 

fragmentation. In addition, by pairing this approach with double-strand molecular barcoding, we 

aimed to produce a method that preserves the sequencing accuracy of DS while increasing the 

recovery rate, thus enabling low DNA input and a simplified protocol for translational applications. 

Results 

Design of CRISPR-DS based on CRISPR/Cas9 target fragmentation and double strand 

molecular barcodes 

CRISPR-DS is based on in vitro CRISPR/Cas9 excision of target sequences to generate 

DNA molecules of uniform length, which are then enriched by size selection. The versatility, 

specificity, and multiplexing capabilities of the CRISPR/Cas9 system enable its application for the 

excision of any target region of interest by simply designing guide RNAs (gRNA) to the desired 

cutting points. As a proof of principle, we developed the method for sequencing the exons of TP53. 

Further, in order to achieve high recovery and sequencing accuracy, we combined it with DS. The 
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main steps of the protocol are illustrated in Figure 1. First, target regions are excised from genomic 

DNA by multiplexed in vitro CRISPR/Cas9 digestion (Fig. 1a), followed by enrichment of the 

excised fragments by size-selection using SPRI beads (Fig. 1b). The selected fragments are then 

coupled with the double-strand molecular barcodes used in DS (Fig. 1c) (Kennedy et al. 2014) . 

These fragments are then amplified and captured with biotinylated hybridization probes as 

previously described for DS (Kennedy et al. 2014), with the exception that only one round of 

hybridization capture is required due to the prior enrichment of target fragments (see below). 

Finally, the library is sequenced and the resulting reads are analyzed to perform error correction 

based on the consensus sequences of both strands of each DNA molecule (Fig. 1d) (Kennedy et 

al. 2014). Due to the requirement of only one round of hybridization capture, the workflow of 

CRISPR-DS is almost one day shorter than standard-DS (Fig. 2, Supplementary Fig. 1), enabling 

a more cost-efficient and applicable method. 

 

CRISPR/Cas9 cut fragments can be designed to be of homogenous length, reducing PCR 

bias and producing uniform coverage  

Typically, genome fragmentation is performed with sonication, which generates randomly 

sized fragments that have different amplification efficiencies (Dabney and Meyer 2012) . Short 

fragments are preferentially amplified, resulting in uneven coverage of the regions of interest and 

decreased recovery. In DS, amplification bias introduces an additional problem because short 

fragments produce an excess of PCR copies that do not further aid error reduction. To produce a 

consensus, only three PCR copies of the same molecule are required. Additional copies waste 

resources because they produce sequencing reads but do not generate additional data. By using 

CRISPR/Cas9, gRNA can be designed such that restriction with Cas9 produces fragments of 

predefined, homogeneous size. We reasoned that these fragments would eliminate PCR bias, 
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leading to homogeneous sequencing coverage and minimizing wasted reads that are PCR copies 

of the same original molecule.  

To test this approach, we designed gRNAs to specifically excise the coding regions and 

their flanking intronic sequence of TP53 (Fig. 1a). Fragment length was designed to be ~500bp in 

order to maximize read space of an Illumina MiSeq v3 600 cycle kit while allowing for sequencing 

of the molecular barcode (10 bp) and 3’-end clipping of 30bp to remove low-quality bases 

produced in the later sequencing cycles. gRNAs were selected based on the highest specificity 

score that produced appropriate fragment length (Supplementary Table 1, Supplementary Data 1) 

(Hsu et al. 2013) . The fragment comprising exon 7 was designed to be shorter than the rest (336 

bp) to avoid a homopolymeric run of T’s in the flanking intronic region which induced poor base 

quality in reads that span this region (Supplementary Fig. 2). 

We performed a side-by-side comparison of library performance (Fig. 3a-c) and 

sequencing coverage (Fig. 3d) of a sample DNA processed with CRISPR-DS vs. standard-DS (see 

Material and Methods). Standard-DS for TP53 had been previously performed using sonication 

and published protocols (Kennedy et al. 2014; Krimmel et al. 2016). Visualization of the resulting 

sequencing library by gel electrophoresis showed that CRISPR restriction produced distinct 

bands/peaks (Fig. 3a-b) corresponding to the predesigned size of target fragments as opposed to 

the characteristic “smear” of libraries prepared by sonication. The discrete peaks allow 

confirmation of correct library preparation and target enrichment, preventing the sequencing of 

suboptimal libraries. Sequencing and mapping of the libraries demonstrated that targeted Cas9 

restriction results in well-defined DNA fragments corresponding to the expected size (Fig. 3d). 

Importantly, these fragments exhibited extremely uniform sequencing depth. In contrast, sonicated 

DNA fragments resulted in significant variability in depth across target regions. Because DS reads 

correspond to individual DNA molecules, the uniform depth achieved by CRISPR-DS indicates a 
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homogenous representation of the original genomic DNA in the final sequencing output, 

confirming the proper excision of all fragments. 

The ability to uniformly control the DNA insert size should not only provide homogenous 

depth, but also a more uniform number of copies of each molecule, minimizing the waste of 

unnecessary reads to produce a consensus sequence. We examined this possibility by counting the 

number of PCR copies for each molecular barcode and plotting it as a function of the DNA 

fragment size (Fig. 3c). Sonicated DNA exhibited a strongly negative association between DNA 

fragment size and the number of PCR copies as expected due to the fact that small DNA fragments 

are preferentially amplified (Fig. 3c, blue). In contrast, targeted fragmentation produced a 

consistent number of PCR copies for all fragments, including the smaller exon 7 fragment (Fig. 

3c, red).  

CRISPR/Cas9 cut fragments can be designed to be of optimal length to maximize read 

usage 

An additional disadvantage of the variable fragment size produced by sonication is 

inefficient read usage: fragments that are too short generate overlapping reads that waste 

sequencing space, whereas fragments that are too long get sequenced on the ends, leaving captured 

but un-sequenced DNA in the middle (Fig. 4a). The programmable nature of Cas9 can be leveraged 

to reduce the amount of data “lost” by generating optimal length fragments tailored to the preferred 

number of sequencing cycles. To illustrate the improvement in read usage, we quantified the 

amount of deviation from the optimal fragment size (defined as the total number of sequencing 

cycles minus the total length of the molecular barcodes and 3’-end clipping) of seven samples 

independently processed with sonication and targeted fragmentation. Sonication produced 

significant variability in the amount of deviation from the optimal fragment size with a large 

fraction of fragments being twice the optimal size for one of the samples (Fig. 4b,c; Supplementary 
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Fig. 3). Indeed, only 9.1±4.2% of reads had inserts that were within 10% deviation from the 

optimal fragment length. Even samples with more stringent size selection had only ~61% of reads 

within the 10%-deviation window (Fig. 4c; Supplementary Fig. 3). In contrast, the same samples 

fragmented with Cas9 had 71.0±3.2% of reads within the same window range, with the vast 

majority of the reads outside the window being due the purposefully shorter Exon 7 fragment (Fig. 

4b,c; Supplementary Fig. 2, 3). Exclusion of exon 7 from this analysis improved the percent of 

reads within the 10%-deviation window to 94.3±2.1%. These data indicate that targeted 

fragmentation can tightly control the fragment size to optimize read usage, thereby increasing the 

efficiency of sequencing.  

 

CRISPR/Cas9 fragmentation enables target enrichment by size selection, eliminates one 

round of hybridization capture, and increases sequencing yield 

While performing two rounds of capture substantially increases the number of on-target 

reads for standard-DS and other small target applications, the process is time consuming, 

expensive, and requires additional PCR steps that introduce further bias (Schmitt et al. 2015). We 

hypothesized that target enrichment via size selection of CRISPR/Cas9 digested fragments would 

sufficiently enrich for on-target DNA fragments and eliminate the need for a second capture. To 

test this hypothesis, we performed CRISPR/Cas9 digestion of targeted TP53 exons (Fig. 1a) on a 

range of DNA input amounts (10-250ng) followed by SPRI size selection to remove undigested 

high molecular weight DNA fragments (>1kb in size). The selected DNA fragments were ligated 

to DS adapters, PCR amplified, and sequenced (see Material and Methods). No hybridization 

capture or any other type of target enrichment was performed. Mapping of raw reads revealed 

between 0.2% to 5% reads on-target (i.e. covering TP53) (Table 1). Given the fact that the TP53 

target region only amounts to 0.0001% of the human genome, this corresponds to ~2,000x to 
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50,000x  enrichment, which matches or exceeds what is typically achieved with solution based 

hybridization for small target size (Schmitt et al. 2015; Winters et al. 2017). Notably, lower DNA 

inputs showed the highest enrichment, potentially reflecting more efficient digestion or improved 

removal of off-target, high molecular weight DNA fragments when they are in lower abundance.  

 These results suggested that a simple size selection step could be used in lieu of a targeted 

hybridization enrichment step. To test this possibility, we performed a side-by-side comparison of 

standard-DS (Kennedy et al. 2014) (both with one and two rounds of hybridization capture) and 

CRISPR-DS with only one round of hybridization capture. Three input amounts of the same 

control DNA extracted from normal human bladder tissue were sequenced in parallel for each of 

the methods. CRISPR-DS with one round of capture achieved >90% raw reads on-target (Fig. 5a), 

a significant improvement over standard-DS which only achieved ~5% raw reads on-target with a 

single capture, consistent with prior work (Schmitt et al. 2015) . In an independent experiment, we 

tested the reproducibility of this result with three different DNA samples that were sequenced with 

CRISPR-DS using one and two rounds of capture (Supplementary Fig. 4). Confirming the prior 

result, the three samples produced >90% raw reads on target using only one round of capture. The 

second round of capture only minimally increased raw reads on-target and is, therefore, 

unnecessary.  

The side-by-side comparison of CRISPR-DS vs. standard-DS also demonstrated a 

substantial increase in recovery using CRISPR-DS. Sequencing recovery, also referred to as yield, 

is typically measured as the fraction or percentage of sequenced genomes equivalents compared 

to input genomes. Consistent with prior studies (Krimmel et al. 2016; Schmitt et al. 2012), 

standard-DS produced a recovery rate of ~1% across the different inputs, while CRISPR-DS 

recovery rate ranged between 6 and 12% (Fig. 5b). Notably, 25ng of DNA prepared with CRISPR-

DS produced a post-processing depth comparable to 250ng with standard-DS, indicating that size 
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selection for excised fragments not only removes a step from the library preparation, but increases 

the recovery of input DNA, thereby enabling deep sequencing with greatly reduced DNA 

requirements. 

 

Validation of CRISPR-DS recovery in an independent set of samples, including low quality 

DNA 

We further confirmed the performance of CRISPR-DS in an independent set of 13 DNA 

samples extracted from bladder tissue (Supplementary Table 3). We used 250ng and obtained a 

median DCS depth of 6,143x, corresponding to a median recovery rate of 7.4%, in agreement with 

the prior experiment. Reproducible performance was demonstrated with technical replicates for two 

samples (B2 and B4, Supplementary Table 3). All samples had >98% reads on-target after consensus 

making, but the percentage of on-target raw reads ranged from 43% to 98%. We noticed that the low 

target enrichment corresponded to samples with DNA Integrity Number (DIN) <7. DIN is a measure 

of genomic DNA quality ranging from 1 (very degraded) to 10 (not degraded) (Jung et al. 2014). 

We reasoned that degraded DNA compromises enrichment by size selection, and the poor yield 

could be mitigated by removing low molecular weight DNA prior to CRISPR/Cas9 digestion. To 

test this hypothesis, we used the pulse-field feature of the BluePippin system to select high molecular 

weight DNA (> 8kb) from two samples with degraded DNA (DINs 6 and 4). This pre-enrichment 

resulted in successful removal of low molecular weight products and increased on-target raw reads 

by 2-fold and DCS depth by 5-fold (Supplementary Fig. 5). These results indicate that enrichment 

of high molecular weight DNA could be used as a solution for successful CRISPR-DS performance 

in partially degraded DNA.  
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Validation of CRISPR-DS for the detection of low-frequency mutations  

Since CRISPR-DS uses a double-strand barcoding technique identical to standard-DS, it 

should theoretically have the same ability to identify low-frequency mutations. To prove this point, 

we sequenced a defined mixture of mutations with both CRISPR-DS and standard-DS. Two samples 

with known TP53 variants were mixed at dilutions of 1:1, 1:10, 1:100 and 1:1000. Because the 

spiked-in sample was heterogenous, this experiment yielded a wide range of expected MAF to be 

compared with the MAF obtained by CRISPR-DS and standard-DS (Supplementary Fig. 6). The 

two methods showed very high correlations between expected and observed MAF (CRISPR-DS 

R2=0.980, standard-DS R2=0.984), as well as very high correlation between observed MAFs with 

each method (R2=0.996). Most importantly, both methods could detect mutations at frequencies of 

~0.001 and CRISPR-DS, but not standard-DS, detected an expected mutation at frequency of 0.0005. 

No additional, unexpected mutations were detected with any of the methods. Thus, these data 

demonstrate that the extremely high sensitivity and accuracy of double-strand molecular barcoding 

employed by standard-DS is preserved with CRISPR-DS. 

To validate the sensitivity of CRISPR-DS with clinical samples, we analyzed four peritoneal 

fluid samples collected during gynecological surgery from women with ovarian cancer and 

previously analyzed for TP53 mutations using the standard-DS protocol (Krimmel et al. 2016). The 

tumor mutation was previously identified in the four samples: in one sample at a high frequency 

(68.5%) and at a very low frequency (around or below 1%) in the remaining 3 samples. CRISPR-

DS detected the tumor mutation in all samples at frequencies comparable to what was reported in 

the original study (Table 2) (Krimmel et al. 2016). In addition to the tumor mutation, standard-DS 

also revealed the presence of extremely low frequency (<0.1%) TP53 mutations in these samples. 

These “biological background” mutations are not  tumor-derived, but age-related (Krimmel et al. 

2016). Standard-DS detected between one and five biological background mutations in each of the 
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samples, representing an overall mutation frequency of about ~1x10-6. Similarly, CRISPR-DS 

identified biological background mutations in the 4 samples at a comparable overall mutation 

frequency (Supplementary Fig. 7). These results indicate that CRISPR-DS matches the performance 

of standard-DS in clinical samples (Krimmel et al. 2016). 

 Table 2 also illustrates a critical advantage of CRISPR-DS compared to standard-DS in terms 

of translational applicability: the reduced requirement of input DNA. Standard-DS of these 

peritoneal fluid samples required between 3-10 µg of DNA to compensate for the ~1% recovery 

rate of standard-DS and to achieve the high depth necessary to detect low frequency tumor mutations. 

With CRISPR-DS, we only used 100ng of DNA (30-100 fold less than what was used for standard-

DS), and obtained comparable DCS depth to standard-DS (Table 2). Recovery rates ranged between 

6 and 12%, as in prior experiments (Fig. 5 and Supplementary Table 3). These results represent an 

efficiency increase of 15x-200x compared to standard-DS with the same DNA. Notably, CRISPR-

DS not only preserved sensitivity for mutation detection, increased sequencing recovery, and 

reduced DNA input, but also shortened the protocol by nearly one day (Supplementary Fig. 1), 

making it a more cost effective option for accurate deep sequencing of samples with limited DNA 

amounts.  

 

Discussion 

Here we have developed a new approach for target enrichment based on CRISPR/Cas9 

fragmentation followed by size selection and we have combined this approach with DS, producing 

a new method called CRISPR-DS. CRISPR-DS merges the increased efficiency provided by 

CRISPR-based targeted genome fragmentation with the high accuracy of sequencing provided by 

double strand molecular barcodes, thus enabling ultra-accurate sequencing of small target regions 

using minimal DNA inputs. In addition to CRISPR-DS, the CRISPR-based target  
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 enrichment approach can be used in combination with other methods for targeted sequencing to 

improve recovery of small targets and to reduce PCR bias and uneven coverage arising from 

random fragment sizes. 

 Targeted sequencing remains a cost effective alternative to whole genome-sequencing, 

especially when high depth is desired (Samorodnitsky et al. 2015). In multiple applications, such 

as oncology, the goal is to sequence a small panel of relevant genes with high accuracy in order to 

find low frequency mutations. While the selected target panel can be amplified by PCR, this 

method creates uneven coverage and false mutations, thus hybridization capture is typically 

preferred (Samorodnitsky et al. 2015). Hybridization capture improves coverage uniformity and 

removes certain artefactual mutations but does not resolve these issues completely. A major 

disadvantage in hybridization-based sequencing methods is the reliance on sonication for genome 

fragmentation, which generates DNA fragments of random size. We have demonstrated that this 

size heterogeneity produces two problems that can be solved by replacing sonication with 

CRISPR-based genome fragmentation. The first problem is PCR bias, which results in the 

preferential amplification of short DNA fragments. PCR bias leads to wasted reads that contain an 

excess of PCR copies of the same molecule. While these reads can be removed bioinformatically 

(Li 2011), the amplification advantage of certain molecules can lead to uneven coverage and 

reduced recovery (Kozarewa et al. 2015). In methods that employ molecular barcodes, such as DS, 

three PCR copies are typically sufficient to generate a consensus sequence (Kennedy et al. 2014).  

Thus, additional sequencing of PCR copies does not produce additional data and only wastes 

resources. We have demonstrated that with CRISPR-based fragmentation all fragments amplify 

similarly. This homogeneous amplification translates into uniform coverage across all targeted 

regions, a critical feature when the goal is to detect low frequency mutations in selected panel of 

genes. 
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The second problem associated with the heterogeneous fragment sizes relates to reduced 

data yield at the read level. Because sonication allows minimal control over fragment size, a large 

proportion of fragments are typically too short or too long compared to the optimal length size 

determined by the number of sequencing cycles. When reads are too short, paired-end reads 

overlap and the middle region is double-sequenced. Conversely, when reads are too long, the 

middle part of the DNA fragment, which may contain a variant or region of interest, remains un-

sequenced. This inefficient read usage is solved with CRISPR-based target selection because the 

fragments are tailored to the desired read length.  

CRISPR-based target fragmentation also offers two additional advantages. First, 

homogeneously sized DNA fragments can be visualized to confirm library target enrichment prior 

to sequencing. In sonication-based hybridization capture, the gel electrophoresis for a target-

enriched library looks identical to a library with no target enrichment. This issue can result in the 

costly waste of a sequencing run where the majority of reads are in off-target regions. We show 

that the defined fragment lengths created by CRISPR-based digestion produce distinct peaks, 

which are easily visualized and confirm that the sequencing library is target-enriched. A second 

advantage of Cas9 digestion over sonication is the elimination of sonication-induced sequencing 

errors (Park et al. 2017) and the preservation of double stranded DNA at the ends of fragments. 

Sonication produces ssDNA at the end of molecules, which is susceptible to damage and converted 

into “pseudo-dsDNA” by end repair. This process has the potential to introduce false variant calls, 

but it is prevented by CRISPR-DS because Cas9 produces blunt ends, which do not require end 

repair. 

In the context of small target sequencing by hybridization-capture, the major advantage 

introduced by CRISPR-based target enrichment is increased recovery, that is, percentage of input 

genomes that produce sequencing data. Hybridization capture is notably inefficient, especially for 
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small target regions (Schmitt et al. 2015; Winters et al. 2017). As demonstrated with our 

experiments and in agreement with prior studies, the average recovery rate of DS is ~1% which 

translates to at least 1 µg of DNA being needed to produce an average depth of ~3,000x. This 

recovery is improved 10-fold by the addition of CRISPR-based target enrichment and the 

elimination of one round of capture. We have demonstrated that by simply excising the genomic 

regions of interest and performing size selection, we can achieve a level of enrichment comparable 

to a single round of capture. By performing this step prior to library preparation, only one round 

of hybridization capture is needed, greatly minimizing DNA loss and increasing recovery. 

Therefore, using CRISPR-based target enrichment prior to DS achieves the same depth with 10 

times less DNA.  

Though CRISPR-DS addresses several needs in targeted NGS, it could still benefit from 

optimizations. First, improvements could be made to increase the recovery of degraded samples. 

Currently, in order to perform efficient target enrichment with CRISPR/Cas9 digestion and size 

selection, degraded samples must be pre-processed to remove low molecular weight fragments. 

We performed this pre-processing using electrophoretic size selection with the BluePippin system. 

However, to minimize loss of DNA, high molecular weight DNA could be selected with alternative 

methods such as micro-column filters. Second, although CRISPR-DS is highly efficient with a 

wide range of DNA inputs (10-500ng), we noticed that the best recovery was achieved with smaller 

starting DNA amounts (10-25ng). Since our goal was to achieve higher depth with low DNA input, 

this was not problematic. However, further efforts can be directed to improve recovery from larger 

DNA inputs, since this would be required if extremely high (>10,000x) target depths are desired.  

Lastly, although CRISPR-DS provides an effective solution for small-target region deep 

sequencing, the method becomes costly for deep sequencing of large genomic regions, an inherent 

problem of deep sequencing. Nevertheless, fragmentation by CRISPR/Cas9 followed by size 
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selection as a generic target enrichment technique can easily be scaled to many genomic regions 

as each region only requires the addition of the appropriate gRNAs for target excision. Sequencing 

of larger fragments can be achieved by tiling the gRNA along the desired fragment. Regarding the 

additional cost arising from the synthesis of gRNAs, it is important to note that a typical synthesis 

results in enough gRNA for thousands of cutting reactions. Over time this upfront cost becomes 

minimal compared with the substantial savings in time and reagents generated by the elimination 

of the second round of hybridization capture and by a more efficient use of sequencing space. 

Thus, CRISPR-DS becomes more economical than standard-DS in the long term, especially for 

small to moderate size panels (1-100kb) that are deployed on large numbers of samples. 

In conclusion, we have demonstrated that CRISPR/Cas9 fragmentation followed by size 

selection enables efficient target enrichment by increasing the recovery of hybridization capture 

and eliminating the need for a second round of capture for small target regions. In addition, it 

eliminates PCR bias, maximizes the use of sequencing resources, and produces homogeneous 

coverage. This fragmentation method can be applied to multiple sequencing modalities that suffer 

from these problems. Here we have applied it to DS in order to produce CRISPR-DS, an efficient, 

highly accurate sequencing method with significantly reduced input DNA requirements. CRISPR-

DS has broad application for the sensitive identification of mutations in situations in which 

samples are DNA-limited, such as forensics and early cancer detection. 

Methods 

Samples 

The samples analyzed included de-identified human genomic DNA from peripheral blood, 

bladder with and without cancer, and peritoneal fluid DNA from a prior study (Krimmel et al. 

2016). Only peritoneal fluid samples had patient information available, which was necessary to 

confirm the tumor mutation. The peritoneal fluid samples were obtained from the University of 
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Washington Gynecologic Oncology Tissue Bank, which collected specimens and clinical 

information after informed consent under protocol number 27077 approved by the University of 

Washington Human Subjects Division institutional review board. Frozen bladder samples were 

obtained from the University of Washington Genitourinary Cancer Specimen Biorepository and 

from unfixed or frozen autopsy tissue with waiver of consent under protocol number 52389 

approved by the Fred Hutchinson Cancer Research Center Human Subjects Division institutional 

review board. The remainder of the study samples were used solely to illustrate technical aspects 

of the technology, no patient information was available, and interpretation of the mutational status 

of TP53 is not reported. DNA was extracted with the QIAamp DNA Mini kit (Qiagen, Inc., 

Valencia, CA, USA) with care being taken to not heat the sample above the recommended 56°C, 

which is essential to preserve the double-stranded nature of each DNA molecule prior to ligation 

of DS adapters. DNA was quantified with a Qubit HS dsDNA kit (ThermoFisher Scientific). DNA 

quality was assessed with Genomic TapeStation tapes (Agilent, Santa Clara, CA) and DNA 

integrity numbers (DIN) were recorded. Peripheral blood DNA and peritoneal fluid DNA had 

DIN>7 reflecting good quality DNA with no degradation. Bladder samples, however, were 

purposely selected to include different levels of DNA degradation. Samples B1 to B13 had DINs 

between 6.8 and 8.9 and were successfully analyzed by CRISPR-DS (Supplementary Table 3). 

Samples B14 and B16 had DINs of 6 and 4, respectively, and were used to demonstrate pre-

enrichment of high molecular weight DNA with the BluePippin system (see below and 

Supplementary Fig. 5). 

CRISPR guide design 

CRISPR/Cas9 uses a gRNA to identify the site of cleavage. gRNAs are composed of a 

complex of CRISPR RNA (crRNA), which contains the ~20bp unique sequence responsible for 

target recognition, and a trans-activating crRNA (tracrRNA), which has a universal sequence (Ran 
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et al. 2013). To select the best gRNAs to excise TP53 exons we used the CRISPR MIT design 

website (http://CRISPR.mit.edu). The selection criteria were: (1) production of fragments of 

~500bp covering exons 2-11 of TP53 and (2) highest MIT website score (Supplementary Table 1 

and Supplementary Data 1). Additionally, we recommend avoiding gRNAs that cover sites with 

known polymorphisms or mutational hotspots as this could potentially decrease the affinity of the 

gRNA and lead to reduced fragment depth. For exon 7, a smaller size fragment was required in 

order to avoid a proximal poly-T repeat (Supplementary Fig. 2). We designed a total of 12 gRNA, 

which excised TP53 into 7 different fragments (Figure 1a). All gRNA had scores >60. 10 gRNAs 

were successful with the first chosen sequence and 2 had to be redesigned due to poor cutting. 

Initially, the quality of the cut was assessed by reviewing the alignment of the final DCS reads 

with Integrative Genomics Viewer (Robinson et al. 2011). Successful guides produced a typical 

coverage pattern with sharp edges in region boundaries and proper DCS depth (Figure 3d). 

Unsuccessful guides led to a drop in DCS depth and the presence of long reads that spanned beyond 

the expected cutting point. In order to simplify and speed up the assessment of guides, especially 

with scores <80, as well as to assess the activity of the Cas9/gRNA complex over time, we 

designed a synthetic GeneBlock DNA fragment (IDT, Coralville, IA) that included all gRNA 

sequences interspaced with random DNA sequences (Supplementary Data 2). 3ng of GeneBlock 

DNA were digested with each of the gRNAs using the CRISPR/Cas9 in vitro digestion protocol 

described below. After digestion, the reactions were analyzed by TapeStation 4200 (Agilent 

Technologies, Santa Clara, CA, USA) (Supplementary Fig. 8). The presence of predefined 

fragment lengths confirms: (1) proper gRNA assembly;  (2) the ability of the gRNA to cleave the 

designed site; (3) proper nuclease activity of Cas9.  
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CRISPR/Cas9 in vitro digestion of genomic DNA 

The in vitro digestion of genomic DNA with S. pyogenes Cas9 Nuclease requires the 

formation of a ribonucleoprotein complex, which both recognizes and cleaves a pre-determined 

site. This complex is formed with gRNAs (crRNA + tracrRNA) and Cas9. For multiplex cutting, 

the gRNAs can be complexed by pooling all the crRNAs, then complexing with tracrRNA, or by 

complexing each crRNA and tracrRNA separately, then pooling. The second option is 

recommended by manufacturers because it eliminates competition between crRNAs, however, in 

the limited set of gRNAs tested here both methods of complexing were comparable. Decreased 

efficiency over time has been observed due to degradation of Cas9 and gRNA. Thus, exposure to 

room temperature and repeated cycles of freeze-thawing should be avoided. The crRNAs and 

tracrRNAs (IDT, Coralville, IA) were complexed into gRNAs by incubating 5 min at  95°C  and 

then 30nM of gRNAs were incubated with Cas9 nuclease (NEB, Ipswich, MA) at ~30nM, 1x NEB 

Cas9 reaction buffer, and water in a volume of 23-27 µL at 25°C for 10 min. Then, 10-250ng of 

DNA was added for a final volume of 30 µL. The reaction was incubated overnight at 37°C and 

then heat shocked at 70°C for 10 min to inactivate the enzyme.  

Size Selection 

Size selection for the predetermined fragment length is critical for target enrichment prior 

to library preparation. AMPure XP Beads (Beckman Coulter, Brea, CA, USA) were used to 

remove off-target, un-digested high molecular weight DNA. After heat inactivation, the reaction 

was combined with a 0.5x ratio of beads, briefly mixed, and then incubated for 3 min to allow the 

high molecular weight DNA to bind. The beads were then separated from the solution with a 

magnet and the solution containing the targeted DNA fragment length was transferred into a new 
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tube. This was followed by a standard AMPure 1.8x ratio bead purification eluted into 50 µL of 

TE Low to exchange the buffer and remove small DNA contaminants.  

A-tailing and ligation 

The fragmented DNA was A-tailed and ligated using the NEBNext Ultra II DNA Library 

Prep Kit (NEB, Ipswich, MA) according to manufacturer’s protocol. The NEB end-repair and A-

tailing (ERAT) reaction was incubated at 20°C for 30 min and 65°C for 30 min. Note that end-

repair is not needed for CRISPR-DS because Cas9 produces blunt ends, but the ERAT reaction 

was used for convenient A-tailing. The NEB ligation master mix and 2.5μl of DS adapters at 15 

μM were added and incubated at 20°C for 15 min according to the manufacturer’s instructions. 

Instead of relying on in-house manufactured adapters using previously published protocols 

(Kennedy et al. 2014; Schmitt et al. 2012), which tend to exhibit substantial batch-to-batch 

variability, we used a commercial adapter prototype of the structure shown in Figure 1c that were 

synthesized externally through arrangement with TwinStrand Biosciences. The two differences 

from the previous adapters are: (1) 10bp random double stranded molecular tag instead of 12bp 

and (2) substitution of the previous 3’ 5bp conserved sequence by a simple 3’-dT overhang to 

ligate onto the 5’-dA-tailed DNA molecules. Upon ligation, the DNA was cleaned by a 0.8X ratio 

AMPure Bead purification and eluted into 23 µL of nuclease free water.  

PCR 

The ligated DNA was amplified using KAPA Real-Time Amplification kit with fluorescent 

standards (KAPA Biosystems, Woburn, MA, USA). 50µl reactions were prepared including 

KAPA HiFi HotStart Real-time PCR Master Mix, 23µl of previously ligated and purified DNA 

and DS primers MWS13, 5’- AATGATACGGCGACCACCGAG-3’, and MWS20, 5’- 

GTGACTGGAGTTCAGACGTGTGC-3’ (Kennedy et al. 2014; Schmitt et al. 2012) at a final 
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concentration of 2 µM. The reactions were denatured at 98°C for 45 sec and amplified with 6-8 

cycles of 98°C for 15 sec, 65°C for 30 sec, and 72°C for 30 sec, followed by final extension at 

72°C for 1 min. Samples were amplified until they reached Fluorescent Standard 3, which typically 

takes 6-8 cycles depending on the amount of DNA input. Reaching Fluorescent Standard 3 

produces a sufficient and standardized number of DNA copies into capture across samples and 

prevents over-amplification. A 0.8X ratio AMPure Bead wash was performed to purify the 

amplified fragment and eluted into 40µL of nuclease free water.  

Capture and post-capture PCR 

TP53 xGen Lockdown Probes (IDT, Coralville, IA) were used to perform hybridization 

capture for TP53 exons as previously reported with minor modifications (Krimmel et al. 2016). 

From the pre-designed IDT TP53 Lockdown probes, we selected 21 probes that cover the entire 

TP53 coding region (exon 1 and part of exon 11 are not coding) (Supplementary Table 2). Each 

CRISPR/Cas9 excised fragment was covered by at least 2 probes and a maximum of 5 probes 

(Supplementary Data 1). To produce the capture probe pool, each of the probes for a given 

fragment was pooled in equimolar amounts, producing 7 different pools, one for each fragment. 

The pools were mixed again in equimolar amounts, except for the pools for exon 7 and exons 8-9, 

which were represented at 40% and 90%, respectively. The decrease of capture probes for those 

exons was implemented after observing consistent overrepresentation of these exons at 

sequencing. The final capture pool was diluted to 0.75 pmol/µl. Of note, it is essential to dilute the 

capture pool in low TE (0.1 mM EDTA) and to aliquot it in small volumes suitable for 2-3 uses. 

Excessive rounds of freeze-thaw severely impact the efficiency of the protocol. Hybridization 

capture was performed according to the IDT protocol, except for 3 modifications. First, we used 

blockers MWS60, 5’-

AATGATACGGCGACCACCGAGATCTACACTCTTTCCCTACACGACGCTCTTCCGATC
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TIIIIIIIIIIIITGACT-3’ and MSW61, 5’-

GTCAIIIIIIIIIIIIAGATCGGAAGAGCACACGTCTGAACTCCAGTCAC-3’, which are specific 

to DS adapters. Second, we used 75μl of Dynabeads M-270 Streptavidin beads instead of 100μl. 

Third, the post-capture PCR was performed with the KAPA Hi-Fi HotStart PCR kit (KAPA 

Biosystems, Woburn, MA, USA) using MWS13 and indexed primer MWS21 at a final 

concentration of 0.8 µM. The reaction was denatured at 98°C for 45 sec and then amplified for 20 

cycles at 98°C for 30 sec, 60°C for 45 sec, and 72°C for 45 sec, followed by extension at 72°C for 

60 sec. The PCR product was purified with a 0.8X AMPure Bead wash. 

Sequencing  

Samples were quantified using the Qubit dsDNA HS Assay Kit, diluted, and pooled for 

sequencing. The sample pool was visualized on the Agilent 4200 TapeStation to confirm library 

quality. The TapeStation electropherogram should show sharp, distinct peaks corresponding to the 

fragment length of the designed CRISPR/Cas9 cut fragments (Figures 3b-c). This step can also be 

performed for each sample individually, prior to pooling, to verify the performance of each 

individual sample. The final pool was quantified using the KAPA Library Quantification kit 

(KAPA Biosystems, Woburn, MA, USA). The library was sequenced on the MiSeq Illumina 

platform using a v3 600-cycle kit (Illumina, San Diego, CA, USA), as specified by the 

manufacturer. For each sample, we allocated ~7-10% of a lane corresponding to ~2 million reads. 

Each sequencing run was spiked with approximately 1% PhiX control DNA.  

Standard-DS experiments 

Three amounts of DNA (25ng, 100ng, and 250ng) from normal human bladder sample B9 

were sequenced with standard-DS with one round and two rounds of capture to provide direct 

comparison with CRISPR-DS. Standard-DS was performed as previously described (Kennedy et 
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al. 2014), with the exception that the KAPA Hyperprep kit (KAPA Biosystems, Woburn, MA, 

USA) was used for end-repair and ligation and the KAPA Hi-Fi HotStart PCR kit (KAPA 

Biosystems, Woburn, MA, USA) was used for PCR amplification. Hybridization capture was 

performed with xGen Lockdown probes that covered TP53 exons 2-11, the same that were used 

for CRISPR-DS. Samples were sequenced on ~10% of a HiSeq 2500 Illumina platform to 

accommodate shorter fragment lengths. Data analysis was perform with the standard-DS analysis 

pipeline (https://github.com/risqueslab/DuplexSequencingScripts). 

CRISPR-DS target enrichment experiments 

Two different experiments were performed to characterize CRISPR-DS target enrichment. 

The first experiment consisted of comparing one vs. two rounds of capture. Three DNA samples 

were processed for CRISPR-DS and split in half after one hybridization capture. The first half was 

indexed and sequenced and the second half was subject to an additional round of capture, as 

required in the original DS protocol. Then the percentage of raw reads on-target (covering TP53 

exons) was compared for one vs. two captures. The second experiment assessed the percentage of 

raw reads on-target without performing hybridization capture to determine the enrichment 

produced exclusively by size selecting CRISPR excised fragments. Fold-enrichment was 

calculated as the fraction of on-target raw reads divided over the expected fraction of on-target 

reads given the size of the target region (bases in the target region/total genome bases). Different 

DNA amounts (from 10ng to 250ng) of three different samples were processed with the protocol 

described above until first PCR, that is, prior to hybridization capture. Then the PCR product was 

indexed and sequenced. The percentage of raw reads on-target was calculated and the fold 

enrichment was estimated considering the size of the targeted region, which is 3,280bp. 
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Pre-enrichment for high molecular weight DNA 

Selection of high molecular weight DNA improves the performance of degraded DNA in 

CRISPR-DS. We performed this selection using a BluePippin system (Sage Science, Beverly, 

MA). Two bladder DNAs with DINs of 6 and 4 were run using a 0.75% gel cassette and high-pass 

setting to obtain >8kb fragments. Size selection was confirmed by TapeStation (Supplementary 

Fig. 5a). Then 250ng of DNA before BluePippin and 250ng of DNA after BluePippin were 

processed in parallel with CRISPR-DS. The percentage of raw reads on-target as well as average 

DCS depth was quantified and compared (Supplementary Fig. 5b.). Alternative methods for size 

selection such as AMPure beads might be suitable to perform this enrichment. 

Data processing 

A custom bioinformatics pipeline was created to automate analysis from raw FASTQ files 

to text files (Supplementary Fig. 7). The primary modification of this pipeline is performing 

consensus making prior to alignment rather than after, as previously described for DS analysis 

(Kennedy et al. 2014; Schmitt et al. 2012). In this pipeline, consensus is executed by custom python 

and bash scripts. After consensus calling, the resulting processed FASTQ files are aligned to the 

reference genome of interest, in this case human reference genome v38, using bwa-mem v.0.7.4 

(Li and Durbin 2009) with default parameters. Mapped reads are re-aligned with GATK Indel-

Realigner and low quality bases are clipped from the ends with GATK Clip-Reads 

(https://software.broadinstitute.org/gatk/). Because of the expected decrease in read quality in the 

latest cycles of sequencing, we performed a conservative clipping of 30 bases from the 3’ end and 

another 7 bases from 5’ end were clipped to avoid the occasional extra overhang left by incorrectly 

synthesized adapters. In addition, overlapping areas of read-pairs, which in our TP53 design 

spanned ~80bp, are trimmed back using fgbio ClipOverlappingReads 
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(https://github.com/fulcrumgenomics/fgbio). Software for CRISPR-DS is available at 

https://github.com/risqueslab/CRISPR-DS.  

Data analysis 

Recovery rate (also called fractional genome-equivalent recovery) was calculated as 

average DCS depth (sequenced genomes) divided by number of input genomes (1ng of human 

genomic DNA corresponds to ~330 haploid genomes). The number of on-target raw reads was 

calculated by counting the number of reads within 100bp window on either side of the 

CRISPR/Cas9 cut sites. Optimal fragment size (Figures 4b-c and Supplementary Fig. 3) was 

calculated as the sequencing read length minus the barcode sequence and minus clipped off bases 

for poor quality at the ends of reads. For peritoneal fluid samples sequenced with both CRISPR-

DS and standard-DS, TP53 biological background mutation frequency was calculated as the 

number of TP53 mutations in TP53 exons 4 to 10 (excluding the tumor mutation) divided by the 

total number of nucleotides sequenced in those exons. The 95% confidence intervals were 

calculated in R using the Clopper-Pearson ‘exact’ method for binomial distributions. 

Software Availability 
Software for CRISPR-DS data analysis is available at https://github.com/risqueslab/CRISPR-DS. 
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Archive (BioProject ID: PRJNA412416).  
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Tables 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 

Table 1: Target enrichment due to size selection 
Sample DNA Input 

(ng) 
Reads On Target  
Pre-Capture (%) 

Fold 
Enrichment 

 
B9 

25 0.76% 7,527 
200 0.25% 2,452 
250 0.21% 2,037 

    PF1 

10 2.85% 28,139 
25 1.99% 19,583 
100 0.68% 6,667 
250 0.70% 6,878 

    PF5 
10 5.05% 49,794 
25 0.96% 9,456 
100 0.34% 3,321 
250 0.22% 2,217 
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Table 2. Comparison of Standard-DS vs. CRISPR-DS for four different samples with TP53 
mutations 
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Figure 1. Schematic representation of key aspects of CRISPR-DS (A) CRISPR/Cas9 digestion of TP53. 
Seven fragments containing all TP53 coding exons were excised via targeted cutting using gRNAs. Dark grey 
represents reference strand and light grey represents the anti-reference strand. (B) Size selection using 0.5x 
SPRI beads. Uncut, genomic DNA binds to the beads and allows the recovery of the homogenously sized 
excised fragments in solution. (C) Double-stranded DNA molecule fragmented and ligated with double-
stranded DS-adapters. Adapters contain 10-bp of random, complementary nucleotides and a 3’-dT overhang. 
(D) Error correction by DS. After creating Single-Strand Consensus Sequence (SSCS) reads, SSCS reads 
derived from same original DNA molecule are compared with one another to create a Double-Strand 
Consensus Sequence (DCS). Only mutations found in both SSCS reads are counted as true mutations in DCS 
reads.  
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Figure 2. Comparison of library preparation protocols for standard-DS vs. CRISPR-DS The primary 
differences between the CRISPR-DS and standard-DS library preparation are the fragmentation methods 
and the number of hybridization capture steps. Instead of fragmentation by sonication as performed in 
standard-DS, CRISPR-DS relies on an in vitro excision of target regions by CRISPR/Cas9 followed by 
size selection for the excised fragments. While this method requires additional preparation to design locus 
specific gRNAs, this is a one step process that then reduces the protocol by nearly a day. The reduction is 
achieved by the elimination of the second round of hybridization capture, which is required for sufficient 
target enrichment in the standard-DS protocol but not in CRISPR-DS. Colored boxes represent 1h of time.   
 
 
 
. 
.  
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Figure 3. Visualization of sequencing libraries and data prepared with CRISPR-DS and standard-
DS (A) TapeStation gels show distinct bands for CRISPR-DS as opposed to a smear for standard-DS. The 
size of bands corresponds to the CRISPR/Cas9 cut fragments with adapters. (B) CRISPR-DS 
electropherograms allow visualization and quantification of peaks for quality control of the library prior 
to sequencing. Standard-DS electropherograms show a diffuse peak that harbors no information about the 
specificity of the library. (C) Dots represent original barcoded DNA molecules. Each DNA molecule has 
multiple copies generated at PCR (x-axis). In CRISPR-DS, all DNA molecules (red dots) have preset sizes 
(y-axis) and generate similar number of PCR copies. In standard-DS, sonication shears DNA into variable 
fragment lengths (blue dots). Smaller fragments amplify better and generate an excess of copies that waste 
sequencing resources. (D) Integrative Genomics Viewer of TP53 coverage with DCS reads generated by 
CRISPR-DS and standard-DS. CRISPR-DS shows distinct boundaries that correspond to the 
CRISPR/Cas9 cutting points and an even distribution of depth across positions, both within a fragment 
and between fragments. Standard-DS shows the typical ‘peak’ pattern generated by random shearing of 
fragments and hybridization capture, which leads to variable coverage.  
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Figure 4. CRISPR/Cas9 fragmentation produces optimal fragment lengths (A) Sonication 
produces fragments that are either too short or too long, corresponding to redundant or lost 
information, respectively. CRISPR-DS produces optimally sized fragments, which are perfectly 
covered by the sequencing reads. (B-C) Comparison of histograms of the insert sizes of two 
samples prepared with standard-DS (blue, left panels), which uses sonication for fragmentation, 
and CRISPR-DS (red, right panels), which uses CRISPR/Cas9 digestion for fragmentation. The 
x-axis represents the percent difference from the optimally sized fragment, e.g. fragment size that 
matches the sequencing read length after adjustments for molecular barcodes and clipping. Yellow 
shading highlights range of fragment sizes, which are within 10% difference from optimal size.  
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Figure 5. Technical comparison of 250ng, 100ng and 25ng of DNA sequenced with both 
standard-DS and CRISPR-DS Measurements were obtained by sequencing samples prepared 
with standard-DS (blue) using one and two rounds of hybridization capture and CRISPR-DS (red) 
with only one round of hybridization capture. (A) The percentage of raw sequencing reads on-
target (covering TP53) post-capture(s) was comparable between Standard-DS with two rounds of 
capture and CRISPR-DS with one round of capture, demonstrating the target enrichment efficiency 
of the novel method. (B) Percentage recovery was calculated as the percentage of genomes in input 
DNA that produced DCS reads. CRISPR-DS increases recovery thanks to the initial CRISPR-
based target enrichment, which eliminates one round of hybridization capture. (C) After creating 
DCS reads, the median DCS depth across all targeted regions was calculated for each input 
amount. The increased recovery enabled by CRISPR-DS translates into 5-10 times more 
sequencing depth for the same input DNA.  
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Supplementary Figure Legends 

 
Figure S1. Timeline of library preparation for CRISPR-DS and standard-DS CRISPR-DS 

reduces the time required for library preparation by nearly an entire day, with just a short set-up 

for the CRISPR/Cas9 digestion on Day 1. ERAT: End-Repair and A-Tailing; BW; bead wash. 

 

Figure S2. Homopolymer region produces suboptimal sequencing near TP53 exon 7 The 

IGV plot shows suboptimal sequencing quality in standard-DS reads that contain the Poly-T 

repeat. To avoid this problem, the CRISPR-DS gRNA had to be placed in the small region 

between the Poly-T repeat and the beginning of exon 7, constraining the size of that fragment. 

 

Figure S3. Fraction of reads within 10% of optimal insert size: CRISPR-DS vs. standard-

DS The fraction of reads within 10% of optimal insert size corresponds to the yellow highlighted 

regions in Fig. 4b, c. Markers with matching colors between the two fragmentation methods 

represent the same sample. This comparison includes seven samples in the study that were 

analyzed with both methods: 4 peritoneal fluid DNAs (Table 2) and one normal bladder control 

DNA processed with 250ng, 100ng, and 25ng input DNA (Figure 5). 

 

Figure S4. Target enrichment for CRISPR-DS with one vs. two captures Three de-identified 

blood DNA samples were processed for CRISPR-DS and split in half after one hybridization 

capture. The first half was indexed and sequenced and the second half was subject to an 

additional round of capture, as required in the original DS protocol. After one capture, all three 

samples had nearly ~90% of raw reads on-target, indicating successful enrichment of the target 

region. Performing an additional capture slightly increased enrichment to 99%. However, this 

minimal gain is unnecessary as 90% of raw reads on-target is sufficient enrichment for 
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successful analysis. Note that raw reads are converted to DCS reads, which are typically >98% 

on-target. 

 

Figure S5. Pre-enrichment for high molecular weight (MW) DNA with BluePippin Two 

samples with degraded DNA (B14, DIN=6; B16, DIN=4) were run on a BluePippin 0.75% gel 

cassette using high-pass setting to obtain >8kb fragments. (a) Genomic TapeStation 

demonstrating successful removal of lower MW DNA products by BluePippin. (b) Comparison 

of percentage of on-target raw reads and DCS depth for the same DNA sequenced before and 

after BluePippin pre-enrichment for high MW DNA. Pre-enrichment resulted in ~2-fold increase 

in percentage of on-target raw reads and about a 5-fold increase on average DCS depth.  

 

Figure S6. Comparison of mutant allele fraction (MAF) detected by CRISPR-DS and 

standard-DS Two samples with known MAF for 6 different variants were mixed at 1:1, 1:10, 

1:100 and 1:1000. The resulting mixtures were sequenced with both CRISPR-DS and standard-

DS. (a) The expected MAF as well as the resulting MAF by each technique, for each variant, are 

reported in this table. ND: not detected. Note that the mutation at frequency 0.0001 was not 

expected to be detected with either method because the mean depth of sequencing was ~2,000x. 

(b-c) Expected MAF of mixture samples vs. MAF from sequencing samples with CRISPR-DS 

(red) and standard-DS (blue), with least-squares regression line shown. R2 = 0.980 and 0.984 

respectively. (d) MAF of mixture samples sequenced with CRISPR-DS on x-axis and MAF by 

standard-DS on y-axis, least-squares regression line shown, R2 = 0.996.  

 

Figure S7. Comparison of TP53 biological background mutation frequency measured by 

Standard-DS and CRISPR-DS Four peritoneal fluid samples previously analyzed with 



	

226	
	

Standard-DS were processed with CRISPR-DS. TP53 biological background mutation was 

calculated as the number of TP53 mutations not including the tumor mutation divided by the 

total number of nucleotides sequenced. Error bars correspond to the 95% confidence intervals 

calculated using the Clopper-Pearson ‘exact’ method for binomial distributions.   

 

Figure S8. Overview of CRISPR-DS data processing Raw FastQ files from the Illumina 

platform MiSeq sequencer are used to create Single Stranded Consensus Sequence (SSCS) FastQ 

files and double-stranded consensus sequence (DCS) FastQ files. DCS FastQ files are then 

aligned to the reference genome using BWA-mem, and then post-processed using GATK and 

fgbio software. After pileup and filtering for the region of interest, a custom python script creates 

a text file (‘mutpos’ file) with mutant calls.  

 

Figure S9. Control CRISPR/Cas9 digestion of TP53 gRNAs (a) A 500-bp synthetic dsDNA 

was designed to contain the 12 TP53 gRNA sequences used in the study. Each guide is 23-bp 

long, and they are separated by 17 bp of spacer sequence. The colored boxes represent the gRNA 

sequence and the grey boxes represent spacer DNA sequence. (b) List of the 12 TP53 gRNAs 

used in the study (as in Supplementary Table 1) and their predicted fragment lengths after cutting 

the synthetic DNA. (c) TapeStation gel image shows distinct bands corresponding to the 

expected fragment lengths for each of the gRNAs, demonstrating successful cutting.  

 
 
 
 

Supplementary Figures 

 
Figure S1. Timeline of library preparation for CRISPR-DS and standard-DS 
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Figure S2. Homopolymer region produces suboptimal sequencing near TP53 exon 7 
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Figure S3. Fraction of reads within 10% of optimal insert size: CRISPR-DS vs. standard-
DS 
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Figure S4. Target enrichment for CRISPR-DS with one vs. two captures 
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Figure S5. Pre-enrichment for high molecular weight DNA with BluePippin 
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Figure S6. Comparison of mutant allele fraction detected by CRISPR-DS and standard-DS 
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Figure S7. Comparison of TP53 biological background mutation frequency measured by 
Standard-DS and CRISPR-DS 
 

a
MIXTURE POSITION VARIANT

EXPECTED 
MAF

CRISPR-DS 
MAF

STANDARD-
DS MAF

1:1 7577407 A>C 0.610 0.596 0.607
1:1 7577427 G>A 0.610 0.595 0.626
1:1 7578275 G>A 0.219 0.218 0.199
1:1 7579472 G>C 0.338 0.330 0.349
1:1 7579619 G>T 0.052 0.046 0.047
1:1 7579801 G>C 0.346 0.365 0.342
1:10 7577407 A>C 0.522 0.509 0.528
1:10 7577427 G>A 0.522 0.509 0.566
1:10 7578275 G>A 0.044 0.032 0.027
1:10 7579472 G>C 0.466 0.473 0.472
1:10 7579619 G>T 0.010 0.009 0.008
1:10 7579801 G>C 0.477 0.445 0.438
1:100 7577407 A>C 0.502 0.513 0.492
1:100 7577427 G>A 0.502 0.514 0.476
1:100 7578275 G>A 0.004 0.001 0.002
1:100 7579472 G>C 0.494 0.505 0.488
1:100 7579619 G>T 0.001 0.002 0.001
1:100 7579801 G>C 0.506 0.524 0.463
1:1000 7577407 A>C 0.500 0.486 0.458
1:1000 7577427 G>A 0.501 0.487 0.445
1:1000 7578275 G>A 0.0004 0.0005 ND
1:1000 7579472 G>C 0.497 0.488 0.510
1:1000 7579619 G>T 0.0001 ND ND
1:1000 7579801 G>C 0.509 0.495 0.489
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Figure S8. Overview of CRISPR-DS data processing 
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Figure S9. Control CRISPR/Cas9 digestion of TP53 gRNAs 
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SYNTHETIC DNA WITH TP53 gRNA sequences 
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gRNA 
Target 
TP53 
Exon: 

TP53 guide RNA 

TP53 
Exon(s) 
Targeted

Left 
Fragment 
(bp)

Right 
Fragment  
(bp)

TP5e11_US 11 24 476
TP5e11_DS 11 64 436
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Supplementary Data 

Data S1. TP53 sequence with crRNA and capture probes 
 

 
 

 



	

240	
	

 
 

 
 
 
 
 
 
 
 
 
 



	

241	
	

Data S2. GeneBlock sequence 
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Conclusions 
  
 The results presented here contribute to the understanding of precancer and early cancer 

detection in several contexts. Chapters 1 and 2 were dedicated to expanding our knowledge of 

the early genetic events that lead to cancer through the study of mtDNA mutations in ulcerative 

colitis-associated preneoplasia. Chapter 3 used TP53 mutations in HGSOC as a means for the 

detection of this deadly cancer type using minimally invasive biopsies and illustrated the need 

for understanding age-related somatic mutations in normal tissue in order to calibrate potential 

cancer biomarkers. Chapter 4 described a modification to the DS methodology that increases the 

efficiency of the technology while maintaining its high degree of accuracy. Altogether, this work 

demonstrates that ultra-accurate sequencing methods have the power to improve our 

understanding of the genetic events that occur during tumorigenesis and to facilitate the 

development of non-invasive liquid biopsies. 

The data presented in Chapters 1 and 2 focused on the role of clonal expansions and 

mitochondrial DNA mutations in UC tumorigenesis. In Chapter 1, we discussed the contribution 

of the field effect in ulcerative colitis as an indicator of early cancer progression. We posit that 

identification of clonally expanded fields by the detection of their molecular alterations might be 

useful for risk stratification and could enable individually tailored treatment plans in which 

patients with very few or small clonal fields might be able to undergo surveillance colonoscopy 

less frequently than patients with multiple, large fields. Such a paradigm shift in treatment may 

help reduce costs per patient and increase provider and patient compliance. This is a departure 

from the current prevailing surveillance methods, which rely entirely on visual identification of 

dysplastic lesions. While these methods have decreased the number of patients that do progress 

to cancer by recommending patients that develop a certain degree of dysplasia undergo a 

colectomy, interval cancers still occur. Our work in Chapter 1 suggests that molecular tests that 
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identify field effects may help decrease morbidity for these patients through the proposed risk 

stratification theme. 

In Chapter 2, we used DS to extensively characterize mitochondrial DNA mutations at 

the different dysplastic stages of ulcerative colitis tumorigenesis. We found that mitochondrial 

DNA mutations increase in number and frequency from negative to low grade dysplasia and then 

a decrease in number in high grade and cancer, in agreement with our hypothesis based on prior 

mitochondrial protein measurements by IHC. High grade and cancer biopsies, however, retain 

larger, mostly synonymous clones. Mutations in early dysplasia were also more likely to be 

deleterious, as evidenced by the higher proportion of nonsynonymous and likely pathogenic 

mutations. These appear to be removed by a bottleneck event in later dysplasia and cancer, 

restoring mitochondrial function and allowing the expansion of passenger clones.  

Our results may reconcile controversy in the field of mitochondrial mutations in cancer. 

Some believe that oxidative damage must cause mitochondrial DNA mutations that render the 

organelles non-functional and that this process must contribute to carcinogenesis (1-4) while 

others believe that functional mitochondria are necessary for tumorigenic progression (5). Our 

results partially support both theories, as they demonstrate abundant mitochondrial DNA 

mutations in early tumorigenesis, as well as a decrease in the overall number of mutations and 

their pathogenic traits in cancer. Our results, however, disagree with a major role of oxidative 

damage in the production of mtDNA mutations. While some biopsies showed contribution by 

oxidative damage, the majority of the mutations we identified were caused by DNA replication 

errors. We find, therefore, that mtDNA mutations are accumulated and tolerated in early 

preneoplasia up unto a threshold, at which point functional mitochondria must be restored. While 

a direct extrapolation cannot definitely be made from an inflammatory, preneoplastic disease to 
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cancer generally, our results do correspond to findings in many, non-inflammatory cancer types 

(6,7) as well as in aging tissues (8). 

mtDNA mutations have historically been neglected for study in favor of the nuclear 

genome due to the high number of mtDNA copies within each cell which poses a formidable 

technical challenge to analyze accurately. Improvements like DS have led to closer examination 

of the role of mitochondria in tumorigenesis, but this area of research is still growing. Our work 

is novel, not only because it comprehensively characterizes these mutations in precancer, but 

because it exploits the stepwise progression of UC preneoplasia to elucidate the changes in 

mitochondrial mutations over the course of cancer progression 

There are several directions in which this work could be continued. First, sequencing of 

many samples from many more UC colons at different stages of progression would elucidate the 

size and number of fields of mitochondrial DNA mutations and allow correlations to be made 

between progression and the extent of the fields with these mutations. Such an approach could 

potentially lead to the development of biomarkers for early cancer detection based on the 

presence, number,  and size of clonally expanded fields. Second, sequencing of longitudinal 

biopsies from patients at each of their colonoscopies or colectomies over the duration of their 

disease would facilitate building a natural history of the changes to mitochondrial mutations over 

the course of UC carcinogenesis in real time. An understanding of the development of mutations 

over the course of progression could potentially lead to improved methods early cancer 

prediction by building a catalogue of the expected mutational landscape at each stage of cancer 

development.  A further avenue of interest is single-cell sequencing of mitochondrial DNA 

mutations. Such an endeavor would allow accurate resolution of heteroplasmy at the single cell 

level and would be informative of the bottleneck process by which functional mitochondria are 

restored and large, synonymous clones are fixed. Such studies would test our proposed model of 
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progression as described in Chapter 2, and may point to which, if any, of the three suggested 

mechanisms of mitochondrial restoration is at play in UC carcinogenesis. 

While mtDNA mutations harbor biomarker potential, the sequencing of the whole 

mitochondrial genome with DS is expensive, which currently limits its clinical utility. For the 

purpose of developing an affordable, clinically usable biomarker based on clonal expansions, our 

group is focusing on sequencing mononucleotide guanine repeat tracts (PolyG), which are 

repeats of 15-20 guanine bases found in non-coding regions of the genome (9,10). Previous work 

by our group has shown by Sanger sequencing that clonal insertions and deletions in these 

regions are indicative of UC progression (9). Because PolyG mutations are non-coding, they 

serve as passenger indicators of the extent of proliferation. With the accuracy and sensitivity of 

DS, we will be able to resolve even subclonal mutation populations (11,12). In addition to being 

highly mutagenic, these tracts are convenient because they are very short, thus requiring less 

total coverage than the entire mitochondrial genome and fewer sequencing resources overall. 

This allows for multiplexing of many PolyG regions. Of note, some of our purported fields of 

mitochondrial DNA mutations correspond to fields found via PolyG analysis. We are hopeful 

that PolyG analysis may be useful in combination with current surveillance methods to improve 

the prediction of UC progression and prevention of interval cancer. 

 Our work in Chapter 3 describes the application of DS to the early detection of HGSOC 

using uterine lavage. We were able to detect known tumor-causing mutations with 80% 

sensitivity; 70% of those identified were found about the 1% MAF cut-off established to 

distinguish cases from controls. This work is among the most successful attempts to detect 

ovarian cancer in a research setting (13), a disease for which there is still no effective screening 

test. The potential consequence of this work is the development of a clinically viable early 

detection method that could save patient lives. 
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Of note, with increasing age, we found higher mutation frequency and stronger positive 

selection for mutations in gynecological tissue as well as peripheral blood. This trend was 

identified not only in HGSOC patients, but also in normal tissue from control patients, from 

newborn to centenarian. This work, along with previous studies that found similar background 

mutations in otherwise healthy individuals (14-16) demonstrates the vital need to identify and 

classify age-related background mutations to remove these as potential confounders for early 

detection. While DS increases the detection rate of cancer-causing mutations, our results serve as 

a cautionary tale for the development of biomarkers. Calibration of such early detection tests 

must take into account the somatic evolution operative throughout human lifespan. Greater 

success in early detection is likely to be achieved through combination with complementary 

biomarkers, such as proteomics.  

Continued work on this potential cancer prediction tool will require a much larger sample 

size than that analyzed here. Efforts are ongoing to validate our findings in many more patients. 

We have shown that we can detect intermediate and late stage cancers, but a viable biomarker 

must be able to detect tumors at early stages when they are most curable. Because most HGSOCs 

are not found until late stage, it will be more realistic to focus on high-risk populations such as 

BRCA mutation carriers. 

In addition to these ongoing efforts for early detection of HGSOC, our group is also 

working on the development of tests for cancer prediction in high-risk women. We are currently 

analyzing TP53 mutations in the blood and fallopian tissue of BRCA wild type patients (Group 

1), BRCA mutant patients without HGSOC (Group 2), and BRCA mutant patients with HGSOC 

(Group 3) using CRISPR-DS as described in Chapter 4. Our goal is to determine whether a 

constitutionally higher level of background TP53 mutations for a given age is associated with 

higher risk of ovarian cancer. If so, the measurement of TP53 mutational burden in blood could 
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be used as a potential tool for risk stratification and cancer risk management in BRCA carriers. 

While successfully sequencing fallopian tube tissue has proved challenging due to the low 

amount of DNA available in such small OCT biopsies as we have used, we have begun to 

resolve mutations for these samples. We hope to determine whether women with higher 

mutational loads in blood also have higher mutational load in the fallopian tubes. More 

importantly, we hypothesize that we will see an increase in the overall burden of TP53 mutations 

from Group 1 to Group 2 and finally Group 3. If our final data does support our hypothesis, our 

work, in conjunction with the concept of age-related calibration, may lead to the development of 

a non-invasive cancer prediction test for HGSOC. Efforts in this direction will be bolstered to 

improvements to the CRISPR-DS method, to be described below. 

 Finally, the results presented in Chapter 4 describe the development of a modified DS 

method, which harnesses the power of CRISPR/Cas9 digestion not for genome editing, but for 

target enrichment. Isolation of the TP53 exons of interest by size selection prior to library 

preparation increased our recovery rate by 10 to 100-fold. The main benefit of CRISPR-DS is 

that it leverages the extreme accuracy of DS while lowering the required amount of input DNA. 

Standard DS requires ~500-1000ng of DNA for an average read depth of ~3000x. CRISPR-DS, 

however, can achieve this depth with only 10ng, opening DS to a range of clinical applications 

that rely on minimal amounts of DNA. For instance, CRISPR-DS could be used to detect very 

small, mutated clones within non-dysplastic biopsies or to detect subclones with mutations that 

confer therapy resistance within cancer biopsies.  

A further benefit of this methodology is that it can be applied in any number of settings in 

which the gene of interest in known. For example, in UC, one could feasibly analyze TP53 

mutations, which are known to be early driver mutations in UC carcinogenesis, and then 

correlate these mutations with the extent of PolyG clonal fields. Additionally, one could 
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sequence genes associated with DNA repair mechanisms to see whether mutations in these genes 

correlate with the extent of accumulated DNA repair errors in the mitochondrial genome (17-19). 

The multiple applications of ultra-accurate sequencing have already been reviewed (20) and 

range from forensics to antimicrobial resistance and immunological mosaicism. The 

development of CRISPR-DS enhances the success and translational potential of most of those 

applications by improving yield, reducing DNA input requirements, and increasing cost-

effectiveness.  

While CRISPR-DS greatly increases the efficiency of DS, there is still DNA lost during 

the hybridization capture step of library preparation. In order to enable an even wider rage of 

applications, including analysis of degraded DNA from FFPE tissue alterations must be made to 

further reduce DNA losses, ideally through removal of hybridization capture from DS library 

preparation. Next steps in this work require the implementation a PCR-based CRISPR-DS 

approach. In such an approach, the exons of interest would still be excised using Cas9-mediated 

digestion, but instead of relying on hybridization capture, nested PCR reactions would generate 

sufficient copies of the molecules of interest. These molecules would then be isolated through a 

simple size-selection step, thus preserving much more DNA. We anticipate that our efforts on 

this front will be applicable to a broad range of biological and medical questions and will open 

up archives of FFPE tissue for analysis. 

The work presented in this thesis not only demonstrates two applications of DS for early 

cancer detection, but makes findings critical to several fields. In the field of UC, our suggestions 

could shift the surveillance methods used for detection while improving patient quality of life 

and decreasing provider workload. Further, we have provided one of the first descriptions of the 

contribution of mtDNA mutations to UC carcinogenesis, shedding light on the early mutagenic 

processes in this disease. We have also possibly bridged the divide between those who believe 
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mitochondria are necessarily dysfunctional in cancer progression and those who believe function 

mitochondria are vital to tumor development. Finally, we have used two iterations of the DS 

method to better understand background variation in normal and precancerous tissues and have 

worked toward the development of a viable biomarker for HGSOC detection and prediction. This 

work illustrates that cancer is an evolutionary process fostered by genetic mutations that 

accumulate through life. Ultra-accurate sequencing has enabled us to detect these mutations with 

unprecedented resolution, increasing our knowledge of the dynamics of somatic mutations in 

aging, precancer, and cancer. Based on this knowledge, we now appreciated the existence of 

background aging mutations and have improved our ability to develop cancer tests that take into 

consideration these mutations and are optimized for early cancer detection and prediction. We 

hope these efforts will improve patient survival and lead to the development of tests that take us 

closer to our ultimate goal of eliminating cancer at an earlier stage. 

 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
References 
 



	

250	
	

1. Chatterjee A, Dasgupta S, Sidransky D. Mitochondrial subversion in cancer. Cancer Prev 
Res (Phila) 2011;4:638-54 

2. Sanchez-Arago M, Chamorro M, Cuezva JM. Selection of cancer cells with repressed 
mitochondria triggers colon cancer progression. Carcinogenesis 2010;31:567-76 

3. Larman TC, DePalma SR, Hadjipanayis AG, Cancer Genome Atlas Research N, 
Protopopov A, Zhang J, et al. Spectrum of somatic mitochondrial mutations in five 
cancers. Proc Natl Acad Sci U S A 2012;109:14087-91 

4. Yu M. Somatic mitochondrial DNA mutations in human cancers. Adv Clin Chem 
2012;57:99-138 

5. Ward PS, Thompson CB. Metabolic reprogramming: a cancer hallmark even warburg did 
not anticipate. Cancer Cell 2012;21:297-308 

6. Ju YS, Alexandrov LB, Gerstung M, Martincorena I, Nik-Zainal S, Ramakrishna M, et 
al. Origins and functional consequences of somatic mitochondrial DNA mutations in 
human cancer. Elife 2014;3 

7. Ericson NG, Kulawiec M, Vermulst M, Sheahan K, O'Sullivan J, Salk JJ, et al. 
Decreased mitochondrial DNA mutagenesis in human colorectal cancer. PLoS Genet 
2012;8:e1002689 

8. Kennedy SR, Salk JJ, Schmitt MW, Loeb LA. Ultra-sensitive sequencing reveals an age-
related increase in somatic mitochondrial mutations that are inconsistent with oxidative 
damage. PLoS Genet 2013;9:e1003794 

9. Salk JJ, Salipante SJ, Risques RA, Crispin DA, Li L, Bronner MP, et al. Clonal 
expansions in ulcerative colitis identify patients with neoplasia. Proc Natl Acad Sci U S 
A 2009;106:20871-6 

10. Salipante SJ, Horwitz MS. Phylogenetic fate mapping. Proc Natl Acad Sci U S A 
2006;103:5448-53 

11. Kennedy SR, Schmitt MW, Fox EJ, Kohrn BF, Salk JJ, Ahn EH, et al. Detecting 
ultralow-frequency mutations by Duplex Sequencing. Nat Protoc 2014;9:2586-606 

12. Schmitt MW, Kennedy SR, Salk JJ, Fox EJ, Hiatt JB, Loeb LA. Detection of ultra-rare 
mutations by next-generation sequencing. Proc Natl Acad Sci U S A 2012;109:14508-13 

13. Wang Y, Li L, Douville C, Cohen JD, Yen T-T, Kinde I, et al. Evaluation of liquid from 
the Papanicolaou test and other liquid biopsies for the detection of endometrial and 
ovarian cancers. Science Translational Medicine 2018;10 

14. Jaiswal S, Fontanillas P, Flannick J, Manning A, Grauman PV, Mar BG, et al. Age-
Related Clonal Hematopoiesis Associated with Adverse Outcomes. New England Journal 
of Medicine 2014;371:2488-98 

15. Krimmel JD, Schmitt MW, Harrell MI, Agnew KJ, Kennedy SR, Emond MJ, et al. Ultra-
deep sequencing detects ovarian cancer cells in peritoneal fluid and reveals somatic TP53 
mutations in noncancerous tissues. Proc Natl Acad Sci U S A 2016;113:6005-10 

16. Martincorena I, Roshan A, Gerstung M, Ellis P, Van Loo P, McLaren S, et al. Tumor 
evolution. High burden and pervasive positive selection of somatic mutations in normal 
human skin. Science 2015;348:880-6 

17. Wisnovsky S, Jean SR, Liyanage S, Schimmer A, Kelley SO. Mitochondrial DNA repair 
and replication proteins revealed by targeted chemical probes. Nature Chemical Biology 
2016;12:567 

18. Alexeyev M, Shokolenko I, Wilson G, LeDoux S. The Maintenance of Mitochondrial 
DNA Integrity—Critical Analysis and Update. 2013 

19. Druzhyna NM, Wilson GL, LeDoux S, P. Mitochondrial DNA repair in aging and 
disease. 2008 



	

251	
	

20. Salk JJ, Schmitt MW, Loeb LA. Enhancing the accuracy of next-generation sequencing 
for detecting rare and subclonal mutations. Nat Rev Genet 2018;19:269-85 
 


