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Department of Genome Sciences

When cells die, they don’t simply vanish without a trace. Instead, they leave behind fin-

gerprints of their genetic and epigenetic identities in the form of cell-free DNA (cfDNA), or

the scant amount of highly fragmented DNA circulating in human plasma. As the detritus

of apoptotic and necrotic cell death in multiple tissues throughout the body, this class of

molecule serves as a powerful biomarker for noninvasive detection and monitoring of dis-

ease processes and physiological conditions, including pregnancy, organ transplantation,

and a growing number of cancers.

Despite this promise, current methods for interrogating cfDNA are challenged by lim-

ited resolution, imperfect accuracy, and constrained breadth. Taken as a whole, these fac-

tors restrict the set of conditions that might in principle be detected or monitored with this

molecular evidence. In this dissertation, I directly address these limitations with the goal

of expanding the scope and precision of the “liquid biopsy,” or the noninvasive monitoring

of health status through cfDNA analysis.

I first address the limited resolution of cfDNA testing in the context of pregnancy by de-

veloping statistical methods for inference of the entire fetal genome at the single nucleotide

level, including both inherited and de novo variation. I show that the use of parental haplo-

types and maternal cfDNA in a hidden Markov model can yield highly accurate prediction



of inherited fetal genotypes. I next determine that the length of parental haplotype blocks is

a key parameter driving the prediction accuracy, and demonstrate a method for increasing

block length and downstream inference. I explain how these approaches, coupled with im-

proved methods for detection of de novo variation, open the door to a single, noninvasive

test with the possibility of prenatal detection of more than 3,000 highly penetrant single-

gene disorders.

I next demonstrate a method for improving the accuracy and positive predictive value

(PPV) of noninvasive screening for fetal aneuploidy. In the most popular screening method-

ologies, PPVs of cfDNA-based tests are limited by a combination of the low incidence of

trisomic pregnancies and the small number of false-positive tests in which truly euploid

pregnancies are incorrectly classified as aneuploid. I investigate the causes of false-positive

test results in a small cohort, and determine that maternal copy-number variants (CNVs)

substantially contributes to the burden of spurious findings. I further develop a statistical

framework for quantifying the likely impact of maternal CNVs by size and tested chromo-

some. I then propose a straightforward method for addressing this analytical limitation

and improving test accuracy.

Finally, I develop a new approach to disentangle the various tissues or cell types con-

tributing to cfDNA in a biological sample, potentially expanding the breadth of physiologi-

cal conditions that can be monitored in this way. Here, I show that the locations of cfDNA

fragment endpoints evidence the positions of proteins on the DNA in vivo in the contribut-

ing cells, and use these endpoints to infer the spacing of nucleosomes and transcription

factors genome-wide. I demonstrate that these positions correlate with gene expression

profiles, and use these data to model cell type contributions in healthy individuals, where

the expected myeloid and lymphoid cell lineages are recovered. I then apply this analyti-

cal framework to a cohort of individuals with advanced cancers, and recover the tissue-of-

origin of the primary tumor for a subset of the cancers.
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Chapter 1

INTRODUCTION

A sea change is underway in noninvasive clinical screening and testing. Tests based on

quantifying and characterizing a blood analyte, cell-free DNA, have quickly emerged in pre-

natal medicine and oncology as promising, low-risk alternatives to “gold standard” invasive

tests such as amniocentesis or tumor biopsy. In recent years, the resolution, accuracy, and

breadth of this testing methodology have increased, expanding the range of conditions that

can be monitored noninvasively and improving the precision with which these conditions

can be tracked. However, the vast quantities of genetic data these tests provide may some-

times complicate, rather than clarify, clinical decision-making.

In this chapter, I briefly review the history of cell-free DNA investigation, describe major

applications of this biomarker to clinical questions, and provide background on the tech-

nologies and analytical methodologies used in these applications. I further detail the types

of information that this class of noninvasive testing can provide to clinicians and patients,

and the potential directions for and implications of its continued growth.

1.1 Detritus	of	cell	death: the	origins	of	cell-free	DNA

Cell-free DNA (cfDNA) is the detritus of cell death, and consists of the many short and

short-lived fragments that circulate in the blood and other bodily fluids of all individuals,

regardless of disease state. Despite its discovery in blood in 1948 (Mandel and Métais,

1948), circulating DNA remained essentially a curiosity until the detection, nearly 40 years

later, of tumor-shed fragments of cfDNA in the plasma of cancer patients (Stroun et al.,

1987). Another decade later came the first report of fetal-derived cell-free DNA in the cir-
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culation of pregnant women, along with the suggestion that the “use of maternal plasma or

serum for the detection of fetal DNA for non-invasive (sic) prenatal diagnosis may therefore

be possible” (Lo et al., 1997).

The twenty-year period since that prescient remark has witnessed explosive growth in

the use of cfDNA for noninvasive testing – not just in pregnancy, but also for the detection

and monitoring of a growing number of cancers, early warning of allograft rejection, and

tracking of viral infection over time. Indeed, to date, cfDNA’s “greatest value has been to

measure the proportion of foreign genomes within an individual” (Quake, 2012), particu-

larly when these measurements are used to guide clinical decision-making. While nonin-

vasive, indirect cfDNA-based assays have generally not yet reached diagnostic status, their

clinical uptake has grown rapidly both in the US and abroad.

The rapid development of cfDNA-based methods with direct application to clinical ques-

tions, discussed below, has in some ways meant putting the cart before the horse. Sev-

eral fundamental questions about the origins and properties of cfDNA remain unanswered,

some of which are directly addressed in Chapter 4 of this dissertation. Nevertheless, many

of the basic parameters have been sketched out. The major biological source of plasma-

borne cfDNA in healthy individuals is apoptotic nucleated blood cells (Koh et al., 2014; Lui

et al., 2002; Sun et al., 2015), with contributions from other tissues in the context of al-

tered physiology. Typically, cfDNA is present at approximately 1-10 nanograms (ng) per

milliliter (mL) of plasma (Fleischhacker and Schmidt, 2007), so that a 10 mL blood draw

will contain roughly 1500-15,000 genomic equivalents in the plasma fraction. In individu-

als with physiological conditions such as obesity, pregnancy, or cancer, the concentration

of cfDNA can increase markedly. Most fragments of cfDNA are double-stranded and short,

overwhelmingly less than 200 base-pairs (bp). Although some debate remains about the

length distribution of cfDNA fragments and the extent to which it may vary based on disease

processes (Thierry et al., 2010), typical fragments observed in high-throughput sequencing

libraries tend to be 147-167 bp (Fan et al., 2008; Lo et al., 2010), leading to the hypothe-

sis that cfDNA fragments are predominantly nucleosomal in origin. The half-life of these
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fragments is quite short, on the order of 15 minutes (Lo et al., 1999), suggesting a model

of ongoing degradation and filtration of these fragments from the circulation, although the

exact mechanisms of this clearance are not yet clear. At least some cfDNA is filtered from

the circulation by the kidneys, leading to detectable cfDNA in urine (Botezatu et al., 2000).

Fragments of cfDNA purified from urine or from cerebrospinal fluid may also have limited

clinical utility in specific contexts (Angert et al., 2004; Rhodes et al., 1994), although to

date, most studies and applications have focused on plasma-borne cfDNA.

Below, I discuss some of the success stories of these applications of cfDNA analysis to

clinical questions. I also highlight the limitations of existing analytical methodologies, and

discuss ways in which these challenges might be overcome.

1.2 Prenatal	testing	with	cell-free	DNA

The impact of cfDNA-based testing on clinical practice has nowhere been stronger than in

prenatal and reproductive medicine. The application of high-throughput, massively paral-

lel sequencing to cfDNA, fittingly termed “next-generation sequencing and the next gener-

ation” (Chitty and Bianchi, 2015), has dramatically increased the number of potential dis-

eases and disorders that can be profiled in utero. While noninvasive screening for fetal ab-

normalities is not new – well-established techniques including maternal serum screening,

triple and quad screening, and fetal ultrasounds present virtually zero risk to the mother

or the fetus – the accuracy and resolution of the new class of cfDNA-based genetic tests

for aneuploidy, collectively termed “noninvasive prenatal testing” or “NIPT,” has led to an

unparalleled rate of adoption in clinical practice. Even where high resolution is less im-

portant – for example, in screening for fetal trisomies – cfDNA-based testing now rivals

diagnostic “gold standard” assays for accuracy and eliminates risks involved with invasive

tests (Bianchi et al., 2014).

Despite the lack of FDA approval for NIPT, recent decisions by major health insurance

payors Anthem and Blue Cross Blue Shield to reimburse NIPT costs for average-risk preg-

nancies now open the door to increasing uptake in the United States. Indeed, a recent
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study of maternal-fetal medicine specialists in the US and internationally found that 94.3%

of respondents were offering NIPT to at least some patients (Haymon et al., 2014). Clinical

uptake of this new testing paradigm has been so strong that noninvasive prenatal testing

for aneuploidy using cfDNA may be the fastest growing molecular test in the history of

medicine (Chitty and Bianchi, 2015), and represents the biggest success story for genomic

medicine to date.

How can profiling of maternal cfDNA yield insight into fetal health? During gestation,

a portion of cfDNA in the maternal circulation is derived from apoptotic trophoblast cells

in the placenta (Alberry et al., 2007; Masuzaki et al., 2004). These molecules constitute the

so-called “fetal fraction,” which varies from approximately 5% to 25% of total cfDNA and

generally increases with gestational age (Nygren et al., 2010). Proceeding on the assump-

tion that the placental genome mirrors the genome of the developing fetus, cfDNA-based

analysis can make inference about the fetus while only “indirectly” accessing its genetic ma-

terial. The rapid clearance of this placenta-derived cfDNA after delivery suggests that the

half-life of this placental material is roughly 15 minutes (Lo et al., 1999) and argues that a

biological sample from a pregnant mother contains, in essence, a snapshot of fetal health

development over a narrow time window, and importantly a snapshot that contains the

entirety of the fetal genome (Lo et al., 2010).

NIPT methodologies to identify common fetal aneuploidies typically involve one of three

approaches. In the first method, cell-free DNA is sequenced, and fragments unambiguously

derived from each chromosome are tallied. In the rare event of a fetal trisomy or monosomy,

the number of fragments from a given chromosome will deviate significantly from the ex-

pected result – in other words, there will be a detectable over- or underrepresentation of the

relevant chromosome compared to a reference cohort of euploid pregnancies (Chiu et al.,

2008; Fan et al., 2008). A second method modifies this approach to sequence only targeted

regions of selected chromosomes, potentially reducing the likelihood of incidental findings

(Sparks et al., 2012). In the third method, a genome-wide panel of common SNPs is in-

vestigated by multiplex PCR of cfDNA followed by sequencing of the resulting amplicons.
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Jointly considered, the ratios of the alleles observed at each site should be consistent across

chromosomes, and deviations from this expectation signal possible aneuploidy (Zimmer-

mann et al., 2012).

Test performance from each of these methodologies has been consistently high in both

high- and average-risk cohorts (Bianchi et al., 2014; Dar et al., 2014; Norton et al., 2015),

with most test metrics comparing favorably with standard screening. However, as with any

rare disease, even a small number of false-positive tests can severely limit the positive pre-

dictive value (PPV) of screening. This number – the probability that a positive test result

truly indicates fetal aneuploidy – is particularly relevant in average-risk cohorts, where the

prior probability of disease is by definition lower than in cohorts defined by advanced ma-

ternal age, medical history, or other risk factor. Concerns about the PPVs of NIPT, among

other factors, have led to the continued and joint recommendation by two professional orga-

nizations, the American College of Obstetricians and Gynecologists (ACOG) and the Society

for Maternal-Fetal Medicine (SMFM), that NIPT be considered non-diagnostic, with inva-

sive followup procedures suggested for all positive tests (Committee on Genetics, Society

for Maternal-Fetal Medicine, 2015).

As the number of administered tests in average-risk patient groups increases, the num-

ber false-positive results can be expected to grow concomitantly. If ACOG and SMFM ad-

vice is heeded, the uptake of this noninvasive testing framework may paradoxically lead

to growth in the number of invasive, diagnostic procedures – specifically, procedures that

likely would not have happened had noninvasive alternatives not been available. In order

to avoid this unfortunate eventuality, attention has turned to the enumeration of the var-

ious causes of false-positive tests and the ways in which such results might be minimized

or avoided. Plausible causes of spurious findings include inevitable statistical errors, poor

sample handling, and other technical issues with the tests themselves; or true biological

phenomena including maternal copy-number variation or confined placental mosaicism,

the latter of which in effect violates the assumption that the placental genome provides a

mirror into the genetic makeup of the fetus. A more complete treatment of this topic is
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provided in Chapter 3.

The resolution of NIPT continues to improve, enabling clinicians to evaluate the risk

of additional classes of genetic insults beyond whole-chromosome aneuploidy. Recently,

cfDNA-based tests able to detect sub-chromosomal abnormalities, such as microdeletions

implicated in Prader-Willi or Angelman syndromes, have been described (Srinivasan et al.,

2013; Wapner et al., 2015) and added to some existing NIPT offerings, although it should

be noted that ACOG and SMFM guidelines currently discourage such screening (Commit-

tee on Genetics, Society for Maternal-Fetal Medicine, 2015). Assays for risk assessment in

the context of monogenic disorders, in which detection of specific risk alleles is required1,

are either in development or already in limited use for a variety of conditions, including

Huntington’s disease (van den Oever et al., 2015) and cystic fibrosis (Hill et al., 2015).

Rather than designing hundreds or thousands of cfDNA-based tests targeting single-

gene disorders, microdeletion syndromes, and other diseases, each of which must be in-

dividually validated, it may be preferable to develop a single, comprehensive test that can

simultaneously interrogate a pregnancy for risk of aneuploidy, pathogenic structural varia-

tion, and the more than 3,000 Mendelian disorders with known molecular bases (Amberger

et al., 2009): in other words, to sequence the fetal genome noninvasively. The comprehen-

sive determination of the inherited and de novo variation present in a given fetus, described

in Chapter 2, is now technically within reach (Fan et al., 2012; Kitzman et al., 2012). De-

spite the promise of such a test for impacting reproductive outcomes, multiple challenges

to widespread adoption remain. First and foremost is the challenge of interpretation of ex-

haustive test results: how much information is too much for a clinician, a genetic counselor,

or a prospective parent? Second, substantial technical and logistical obstacles – includ-

ing experimental complexity, scalability, necessary expertise, and cost – remain significant

impediments to clinical adoption. Early reports of “first draft” versions of such tests col-

1Although outside the scope of this dissertation, carrier screening of parents for risk alleles – for example,
on the basis of genetic ancestry or family history of genetic disease – followed by preimplantation genetic
diagnosis of fertilized embryos represents an alternative course of action for prospective parents (Kumar
et al., 2015).



7

lectively have examined only a handful of pregnancies, with no larger studies planned or

underway. Finally, the ethical considerations surrounding prenatal testing, which are not

unique to cfDNA-based NIPT, are magnified in light of increasing resolution, with potential

for eventual prenatal prediction of traits such as color blindness or male pattern baldness.

1.3 The	“liquid	biopsy”	for	cancer

Fragments of cfDNA can be shed not only by myeloid and lymphoid cells and placental

trophoblasts, but by other tissues in the body, including neoplastic cells during oncogen-

esis (Stroun et al., 1987). These tumor-derived fragments are often termed “[c]irculating

[t]umor DNA” or “ctDNA,” and represent a fraction of total cfDNA that correlates imper-

fectly with tumor stage, treatment status, and cancer type. The analysis of ctDNA to pro-

vide insights into disease progression, or to guide or measure response to treatment, is now

called the “liquid biopsy” for its potential to supplement or eventually replace direct biop-

sies of cancerous tissue.

How do liquid biopsies provide insight into disease status? Most such tests rely on the

fact that tumor genotypes will differ from the germline genetic makeup of an individual pa-

tient. The number and classes of mutations in a given individual’s tumor may vary, but all

tumors should be marked by at least a small handful of somatic mutations, the collection of

which constitutes a genetic fingerprint of a tumor. This list of variant loci can be obtained

directly by conventional tumor biopsy and sequencing of the purified tumor DNA, or less

accurately by assuming the presence of one or more stereotyped, typically activating muta-

tions in a given tumor. By scanning the plasma-borne cfDNA for this panel of mutations,

the burden of mutant fragments can be assessed. This burden correlates with tumor stage

and volume (Newman et al., 2014), and the whorls and loops of this genetic fingerprint may

in some cases suggest therapeutic strategies (discussed below).

The identification of mutant fragments to quantify disease burden is challenged on sev-

eral fronts. First, the human genome is large, requiring substantial sequencing costs to

cover each base repeatedly. Second, the number of mutant fragments in a sample at any
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given locus may be quite small, often less than a single copy per mL of plasma (Diehl et al.,

2007), suggesting that highly sensitive methods may be needed to cover the full spectrum of

ctDNA load. Third, while some cancer-associated mutations, such as theBRAF V600E mu-

tation in melanoma or the IDH1R132H mutation in glioma, are repeatedly observed across

a large number of patients, many mutations in a given patient may be rare and specific to

a single tumor, while simultaneously being relevant for directing the selection of a thera-

peutic intervention. Thus, while technologies that target specific, stereotyped mutations

in the cfDNA using quantitative or digital PCR (Li et al., 2006; Thierry et al., 2014) may

be useful in limited contexts, more promising are frameworks that capture and interrogate

panels of relevant genes with high sensitivity (Forshew et al., 2012; Newman et al., 2014).

Whole-genome strategies, even those using molecular barcoding to enable precise counting

of unique mutant molecules (Kinde et al., 2011), suffer from greatly expanded search space

and inefficiencies introduced during library preparation, which typically yields conversion

rates under 5% when using cfDNA as input material.

The extent to which tumors contribute ctDNA to the plasma compartment varies both

within and between cancer subtypes. While noninvasive detection of many brain tumors is

complicated by the blood-brain barrier’s role in restricting ctDNA from entering the circu-

lation, the picture is somewhat less grim for a wide variety of other subtypes. In a recent

study (Bettegowda et al., 2014), ctDNA was detected in 82% of individuals with solid tumors

outside the brain, with particularly high rates of detection in bladder, colorectal, gastroe-

sophageal, and ovarian cancers, albeit with a limited number of cases examined. Within a

cancer subtype, the number of mutant fragments detected can vary widely, with one study

of colorectal cancer finding anywhere from just over one to several thousand copies of a

mutant allele at a single gene within a sample (Diehl et al., 2007), in broad agreement with

another study using a different methodology (Thierry et al., 2014). Although one hypothesis

for this high variance between samples is the copy-number amplification in some tumors,

the fact that consistent estimates obtained across genes within an individual sample (Diehl

et al., 2007) argues that other factors may play a larger role in this variability. Finally, it is
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important to note that these studies identify mutant fragments by profiling a small number

of recurrently mutated genes, and thus may underestimate the true number of cancers with

detectable ctDNA.

At least two other uses for the liquid biopsy have been proposed. First is the assess-

ment of tumor heterogeneity both within and between tumors in a single individual, a goal

that otherwise would require multiple biopsies within and across primary and metastatic

tumors in various parts of the body along with concomitant risks (Diaz and Bardelli, 2014).

Second, ctDNA-based monitoring allows detection of markers of resistance to treatment,

either prior to or in response to treatment (Diaz et al., 2013; Murtaza et al., 2013). Interest-

ingly, a single test may provide insight into both of these clinical considerations: by apply-

ing a target enrichment strategy to a ctDNA sample from an individual with non-small cell

lung cancer, two tumor subclones were identified, one with an activating EGFR mutation,

suggesting treatment by erlotinib; and another with a different EGFR mutation conferring

resistance to erlotinib (Newman et al., 2014).

Despite continued improvements to both data acquisition and analysis, ctDNA-based

screening is still in its infancy. Uptake of this class of noninvasive monitoring has yet to rival

the growth in the use of prenatal screening, but the promise of tailoring cancer therapeutics

to the specific genetic makeup of the constellation of tumors within an individual with late-

stage metastatic disease suggests continued refinement to and availability of these methods

in clinical settings. Whether or not patient outcomes are directly impacted, these methods

may open the door to a greater understanding of the heterogeneity and evolution of cancers,

particularly those typically grouped on the basis of histological or anatomical similarity.

1.4 Noninvasive	monitoring	of	allograft	health

A third success story for noninvasive monitoring with cfDNA is in the surveillance of the

health of transplanted organs. Anecdotal correlations between the burden of cfDNA in a

transplant recipient and the probability of acute rejection of the allograft have led to more

complete investigations into the potential link between these two phenomena. Donor geno-
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types – present in the transplanted organ – typically differ sufficiently from recipient geno-

types to allow assignment of the origin of specific cfDNA fragments to one or the other

genomes, and thus to the transplanted organ or to uninvolved tissue. By monitoring the

levels of donor-derived cfDNA over time, increasing evidence now suggests the health of

the allograft can be noninvasively followed, and in some cases, acute rejection events may

even be predictable.

The presence of donor-derived cfDNA fragments was described as early as 1998, when

fragments of the Y chromosome were detected by PCR in the plasma of female liver and kid-

ney transplant recipients receiving organs from male donors (Lo et al., 1998b). Despite sim-

ilar findings in a cohort of sex-mismatched bone marrow transplant recipients (Lui et al.,

2002), contradictory reports from modest numbers of heart, liver, and kidney transplant

recipients argued that such fragments might make up a small fraction of total cfDNA (Lui

et al., 2003). The advent of high-throughput sequencing in the ensuing years allowed more

precise quantification of rare fragments, and confirmed contributions from donated heart

(De Vlaminck et al., 2014; Snyder et al., 2011) and lung (De Vlaminck et al., 2015), often

detectable within a single postoperative day.

Although a full treatment of this topic is outside the scope of this dissertation, the in-

creasing numbers of transplant recipients surveilled in this way may lead to more accurate

modeling for prediction of acute rejection. Already, classification models based on quanti-

fying the burden of donor DNA can group patients into those likely to have the most severe

rejection events and those likely to have no rejection with areas under the curve (AUC) of

0.9. In particular, by combining this testing framework with additional evidence from stan-

dard clinical tests, classification performance rivals “gold standard” assays in at least some

clinical contexts (De Vlaminck et al., 2015).

1.5 Tissues	of	origin: expanding	the	breadth	of	cfDNA-based	testing

In principle, since cfDNA represents a snapshot of cell death in many cell types and tissues

within a narrow time window, the application of high-throughput genomic technologies
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to cfDNA investigation should allow the noninvasive and temporally relevant monitoring

of the health of a wide variety of tissues with a routine blood draw. This monitoring could

include not only the detection and classification of disease processes, but also the evaluation

of the response to treatment and potential disease recurrence. Given this promise, why have

such screens lagged?

In practice, the deconvolution of this mixture of cfDNA – the assignment of fragments

to the tissues or cell types from which they originated – has proved a limiting factor in the

uptake of this approach in the clinic. This problem is exacerbated by the possibility that

many of the contributions may be both modest in magnitude and clinically relevant, such

that this deconvolution process should ideally identify not just the dominant contributors,

but minority ones as well. Circulating cfDNA typically consists of a small mass of short,

degraded fragments with brief half-lives. What features of these molecules might be inter-

rogated to learn about their origins?

Existing methods for disentangling the complex mixture of cell types and tissues whose

apoptosis and necrosis give rise to cfDNA most commonly involve identification and quan-

tification of genotypic differences between tissues in an individual. These genotypic dif-

ferences can take several forms. Perhaps most intuitive is the application of cfDNA to the

detection and monitoring of cancer: the so-called “liquid biopsy” currently in limited clin-

ical use and discussed briefly above. Here, tumor-specific somatic variation, which may

include stereotyped driver mutations, copy-number changes, or aneuploidy, can be discov-

ered through conventional tumor biopsy followed by sequencing or microarray analysis.

Once identified, these variants can be searched for in the circulating cfDNA, a portion of

which will be derived from the tumor, and used to build a model of disease burden or tu-

mor progression. A similar approach can be applied to questions in pregnancy, where fetal

or placental cfDNA fragments should evidence paternally inherited genotypes distinguish-

able from the maternal background, and in organ transplantation, where the donated organ

sheds fragments of the donor’s genome, again separable on the basis of DNA sequence from

the patient’s own genetic material. Downstream analysis proceeds on the basis of observ-



12

ing the concentration or kinetics of such foreign fragments and comparing these findings

to expectations derived from reference cohorts.

This straightforward and attractive approach is hamstrung, though, by its reliance on

the presence of such genotypic differences between contributing cells. In most cases, such

differences may not exist, or if they do exist, the location and composition of the differences

may not be known a priori. As a concrete example, severe inflammation of the kidneys may

result in the shedding of renal cfDNA fragments into the circulation, but the genetic makeup

of those dead cells is not likely to differ from that of the white blood cells that contribute

the majority of cfDNA fragments. How would a clinical assay for nephritis try to identify

kidney-derived cfDNA fragments?

Two strategies have been proposed to address this question. The first strategy relies

on epigenetic differences between tissues in the body: specifically, the DNA methylation

profiles of these tissues. The collected cfDNA is subjected to bisulfite conversion and se-

quencing, and the methylation status of the observed sample is compared to previously as-

certained methylation maps of various tissues using a quadratic programming approach to

model the number and proportions of contributing tissues (Sun et al., 2015). This strategy

is challenged by the difficulty of constructing complex cfDNA sequencing libraries following

bisulfite conversion, which has the effect of limiting the number of informative molecules

in a typical experiment, and by the modest number of tissue-specific DNA methylation loci

– no more than a few dozen sites for a given tissues (Sun et al., 2015). In addition, the

DNA methylation pattern within a tissue can vary with age or environmental exposures,

potentially confounding inference. A second strategy relies on the detection and quantifi-

cation of a different class of circulating nucleic acid, in this case cell-free RNA (cfRNA).

As cell types differ in their gene expression profiles, identifying tissue-specific transcripts

or transcriptional programs and modeling cfRNA contributions on the basis of transcript

counting can provide insight into the composition of the cfDNA (Koh et al., 2014). As of

this writing, the interrogation of cfRNA has been applied in very limited contexts, and per-

formance characteristics of the methodology are as yet unknown. Typical cfRNA yield is
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low in biological samples, and because of the risk of co-purification of cfDNA and cfRNA,

quantitation of cell type-specific fragments may be confounded by the presence of cfDNA in

a sample. Additionally, because cfRNA is highly degraded, detection of tissue-specific iso-

forms is challenging. Nevertheless, this strategy may prove particularly useful for specific

applications, such as the identification of RNA virus infection.

In Chapter 4, I revisit the question of deconvolution of cfDNA fragments into their tis-

sues of origin. I investigate whether the very enzymatic processes that give rise to cfDNA

during cell death might inform the tissues-of-origin of this mixed population. In partic-

ular, I ask whether plasma-borne cfDNA fragments are protected from nuclease degrada-

tion by association with nucleosomes, transcription factors (TFs), and other DNA-binding

proteins, and whether the footprints of such factors might be used to model the various

contributors.

1.6 Organization	of	this	dissertation

In this dissertation, I aim to improve the resolution, accuracy, and breadth of cfDNA-based

testing using high-throughput sequencing. I explain how a more complete understanding

of cfDNA ontology suggests new strategies for cfDNA-based screening and demonstrate

proof-of-concept embodiment of one such strategy.

In the second chapter of this dissertation, I describe a strategy for increasing the reso-

lution of cfDNA-based testing in prenatal medicine by determining the whole genome se-

quence, including both inherited and de novo variation at the single nucleotide level, of a

human fetus. I explain how this increased resolution in principle represents a step towards

the prenatal diagnosis of the more than 3,000 genetic diseases with known causes.

In the third chapter, I explain how the accuracy of prenatal, cfDNA-based screening

for aneuploidy is negatively impacted by maternal copy-number variation, and develop a

statistical framework for estimating the likely impact of this finding based on specific test-

ing frameworks. I further describe straightforward modifications to current analytical ap-

proaches that, if applied, mitigate this potential confounder.
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In the fourth chapter, I first describe key biological features of cfDNA, shedding light on

the mechanisms through which it is created in healthy and diseased individuals. I show that

contributions from cancerous tissues can be identified in cfDNA solely on the basis of the

locations of the fragment endpoints and comparison to reference gene expression datasets.

I use these findings to explain how the breadth of cfDNA-based screening, currently limited

to specific cancers, pregnancy, and organ transplantation, might be expanded to additional

physiological conditions not currently amenable to this type of investigation.

In the final chapter, I discuss opportunities and challenges of these distinct areas of

investigation moving forward, particularly with regard to clinical adoption. I close with

thoughts about the promise and pitfalls of precision medicine informed by genomic inves-

tigation.



15

Chapter 2

NONINVASIVE WHOLE GENOME SEQUENCING OF A HUMAN FETUS

This chapter has been adapted with changes from: Kitzman, JO; Snyder, MW; Ventura, M; Lewis, AP; Qiu,

R; Simmons, LE; Gammill, HS; Rubens, CE; Santillan, DA; Murray, JC; Tabor, HK; Bamshad, MJ; Eichler, EE;

and Shendure, J. Non-invasive whole genome sequencing of a human fetus. Science Translational Medicine

4(137):137ra76 (2012)

and from: Snyder, MW; Simmons, LE; Kitzman, JO; Santillan, DA; Santillan, MK; Gammill, HS; and Shen-

dure, J. Noninvasive fetal genome sequencing: a primer. Prenatal Diagnosis 33(6):547-554 (2013)

and from: Snyder, MW; Adey, A; Kitzman, JO; and Shendure, J. Haplotype-resolved genome sequencing:

experimental methods and applications. Nature Reviews Genetics 16(6):344-358 (2015).

My specific contributions to this project were the creation of the computational and statistical methods used

for fetal genome and de novo mutation inference, preparation of all figures excluding 2.2 and 2.4, performing

the analysis of downsampling, and drafting portions of the manuscript.

Abstract

Analysis of cell-free fetal DNA in maternal plasma holds promise for the development of

noninvasive prenatal genetic diagnostics. Previous studies have been restricted to detec-

tion of fetal trisomies (Chiu et al., 2008; Fan et al., 2008), specific paternally inherited

mutations (Lo and Chiu, 2007), or to genotyping common polymorphisms using material

obtained invasively e.g. through chorionic villus sampling (Lo et al., 2010). Here, we com-

bine genome sequencing of two parents, genome-wide haplotyping (Kitzman et al., 2011)

of a mother and deep sequencing of maternal plasma DNA to noninvasively determine the

genome sequence of a human fetus at 18.5 weeks gestation. Inheritance was predicted at

2.8x106 parental heterozygous sites with 98.1% accuracy. Furthermore, 39 of 44 de novo

point mutations in the fetal genome were detected, albeit with limited specificity. Subsam-

pling these data and analyzing a second family trio by the same approach indicate that ∼300
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kilobase parental haplotype blocks combined with shallow sequencing of maternal plasma

DNA is sufficient to substantially determine the inherited complement of a fetal genome.

However, ultra-deep sequencing of maternal plasma DNA is necessary for the practical de-

tection of fetal de novo mutations genome-wide. Although technical and analytical chal-

lenges remain, we anticipate that noninvasive analysis of inherited variation and de novo

mutations in fetal genomes will facilitate prenatal diagnosis of both recessive and dominant

Mendelian disorders.
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2.1 Introduction

On average, ∼13% of cell-free DNA isolated from maternal plasma during pregnancy is fe-

tal in origin (Nygren et al., 2010). The concentration of cell-free fetal DNA in the maternal

circulation varies between individuals, increases during gestation, and is rapidly cleared

postpartum (Lo et al., 1998a, 1999). Despite this variability, cell-free fetal DNA has been

successfully targeted for noninvasive prenatal diagnosis including for development of tar-

geted assays for single gene disorders (Lo and Chiu, 2007). More recently, several groups

have demonstrated that shotgun, massively parallel sequencing of cell-free DNA from ma-

ternal plasma is a robust approach for noninvasively diagnosing fetal aneuploidies such as

trisomy 21 (Chiu et al., 2008; Fan et al., 2008).

Ideally, it should be possible to noninvasively predict the whole genome sequence of a

fetus to high accuracy and completeness, potentially enabling the comprehensive prenatal

diagnosis of Mendelian disorders and obviating the need for invasive prenatal diagnostic

procedures such as chorionic villus sampling with their attendant risks. However, several

key technical obstacles must be overcome for this goal to be achieved using cell-free DNA

from maternal plasma. First, the sparse representation of fetal-derived sequences poses the

challenge of detecting low frequency alleles inherited from the paternal genome as well as

those arising from de novo mutations in the fetal genome. Second, maternal DNA predom-

inates in the mother’s plasma making it difficult to assess maternally inherited variation at

individual sites in the fetal genome.

Recently, Lo et al. showed that fetal-derived DNA is distributed sufficiently evenly in

maternal plasma to support the inference of fetal genotypes, and furthermore they demon-

strated how knowledge of parental haplotypes could be leveraged to this end (Lo et al.,

2010). However, their study was limited in several ways. First, the proposed method de-

pended on the availability of parental haplotypes, but at the time of their work, no tech-

nologies existed to measure these experimentally on a genome-wide scale. Therefore, an

invasive procedure, chorionic villus sampling, was used to obtain placental material for fe-
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Figure 2.1: Schematic	of	dense	haplotyping. Genomic	DNA is	extracted	from	a	large	number	of	cells.
The	resulting	sample	contains	a	mixture	of	both	haplotypes (blue	and	red	fragments) from	every	genomic
region. After	gentle	 fragmentation, high	molecular	weight	DNA is	size-selected, in	 this	example	by	gel
electrophoresis, to	enrich	for	fragments	35-40	kilobases	in	length. The	resulting	pool	of	fragments	is	used
to	produce	a	fosmid	library (not	shown), which	is	then	diluted	to	a	large	number	of	reaction	chambers,
such	that	each	chamber	has	zero	or	one	copies	of	any	given	genomic	region	–	and	thus, no	more	than	a
single	haplotype	at	any	locus. An	indexed	sequencing	library	is	prepared	separately	from	each	diluted	pool.
After	sequencing, reads	are	aligned	to	the	genome, and	compared	to	a	list	of	heterozygous	sites	produced
by	conventional	shotgun	sequencing	followed	by	variant	calling. Islands	of	coverage	overlapping	between
two	or	more	pools (grey	boxes) are	stitched	together	on	the	basis	of	allele	sharing	at	heterozygous	sites.
The	resulting	haplotype	blocks, arbitrarily	labelled	A and	B,	densely	cover	the	variation	within	the	windows
defined	by	overlapping	islands	of	coverage, with	few	variants	left	unphased (yellow	stars). However, conti-
guity	between	adjacent	blocks	is	unknown, and	haplotypes	longer	than	one	to	two	megabases	are	typically
not	obtainable.
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tal genotyping. Second, parental genotypes and fetal genotypes obtained invasively were

used to infer parental haplotypes. These haplotypes were then used in combination with

the sequencing of DNA from maternal plasma to predict the fetal genotypes. Although ne-

cessitated by the lack of genome-wide haplotyping methods, the circularity of these infer-

ences makes it difficult to assess how well the method would perform in practice. Third,

their analysis was restricted to several hundred thousand parentally heterozygous sites of

common single nucleotide polymorphisms (SNPs) represented on a commercial genotyp-

ing array. These common SNPs are only a small fraction of the several million heterozygous

sites present in each parental genome, and include few of the rare variants that predomi-

nantly underlie Mendelian disorders (MacArthur et al., 2012). Fourth, Lo et al. did not

ascertain de novo mutations in the fetal genome. As de novo mutations underlie a sub-

stantial fraction of dominant genetic disorders, their detection is critical for comprehensive

prenatal genetic diagnostics. Therefore, although the Lo et al. study demonstrated the first

successful construction of a genetic map of a fetus, it required an invasive procedure and

did not attempt to determine the whole genome sequence of the fetus. We and others re-

cently demonstrated methods for experimentally determining haplotypes for both rare and

common variation on a genome-wide scale (Fan et al., 2010; Kitzman et al., 2011; Ma et al.,

2010; Yang et al., 2011). In the current study, we set out to integrate the haplotype-resolved

genome sequence of a mother, the shotgun genome sequence of a father, and the deep se-

quencing of cell-free DNA in maternal plasma to noninvasively predict the whole genome

sequence of a fetus.

2.2 Results

We set out to predict the whole genome sequence of a fetus in each of two mother-father-

child trios (I1, a first trio at 18.5 weeks gestation; G1, a second trio at 8.2 weeks gestation).

We focus here primarily on the trio for which considerably more sequence data was gener-

ated (I1) (Table 2.1).

In brief, the haplotype-resolved genome sequence of the mother (I1-M) was determined
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plasma	DNA sequences	were ∼13%	fetal-derived	based	on	read	depth	at	chrY and	alleles	specific	to	each
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sites	in	isolation	(left	histogram, yellow=shared	allele	transmitted, green=maternal-specific	allele	transmit-
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allele	had	been	transmitted	(96.8%, n=561,552). (D) Validated de	novo missense	mutation	in	the	gene
ACMSD detected	in	3	of	93	plasma	reads, creating	a	leucine-to-proline	substitution	at	a	conserved	site	in
a	gene	implicated	in	Parkinson’s	disease	by	GWAS (International	Parkinson	Disease	Genomics	Consortium
et al., 2011).
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by first performing shotgun sequencing of maternal genomic DNA from blood to 32-fold

coverage (coverage = median-fold coverage of mapping reads to the reference genome after

discarding duplicates). Next, by sequencing complex haploid subsets of maternal genomic

DNA while preserving long-range contiguity (Kitzman et al., 2011), we directly phased 91.4%

of 1.9 x 106 heterozygous SNPs into long haplotype blocks (N50 of 326 kilobases (kbp) (Fig-

ure 2.1). The shotgun genome sequence of the father (I1-P) was determined by sequenc-

ing of paternal genomic DNA to 39-fold coverage, yielding 1.8 x 106 heterozygous SNPs.

However, paternal haplotypes could not be assessed because only relatively low molecular

weight DNA obtained from saliva was available. Shotgun DNA sequencing libraries were

also constructed from 5 mL of maternal plasma (obtained at 18.5 weeks gestation), and this

composite of maternal and fetal genomes was sequenced to 78-fold nonduplicate coverage.

The fetus was male, and fetal content in these libraries was estimated at 13% (Figure 2.2A).

To properly assess the accuracy of our methods for determining the fetal genome solely

from samples obtained noninvasively at 18.5 weeks gestation, we also performed shotgun

genome sequencing of the child (I1-C) to 40-fold coverage via cord blood DNA obtained

after birth.

Our analysis comprised four parts: (1) predicting the subset of ‘maternal-only’ heterozy-

gous variants (homozygous in the father) transmitted to the fetus; (2) predicting the subset

of ‘paternal-only’ heterozygous variants (homozygous in the mother) transmitted to the fe-

tus; (3) predicting transmission at sites heterozygous in both parents; (4) predicting sites of

de novomutation – that is, variants occurring only in the genome of the fetus. Allelic imbal-

ance in maternal plasma, manifesting across experimentally determined maternal haplo-

type blocks, was used to predict their maternal transmission (Figure 2.2B). The observation

(or lack thereof) of paternal alleles in shotgun libraries derived from maternal plasma was

used to predict paternal transmission (Figure 2.2C). Finally, a strict analysis of alleles rarely

observed in maternal plasma, but never in maternal or paternal genomic DNA, enabled the

genome-wide identification of candidate de novo mutations (Figure 2.2D). Fetal genotypes

are trivially predicted at sites where the parents are both homozygous (for the same or dif-
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Figure 2.3: Inference	of	the	fetal	genome	on	a	site-by-site	basis. (A) Observed	parental	genotypes	at	a
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(top)	and	paternal	(bottom)	heterozygous	sites. At	these	sites, either	allele	could	be	transmitted, yielding
different	expected	allelic	fractions. (C) Schematic	of	inference	of	fetal	inheritance	at	maternal	heterozygous
sites. Numbers	shown	assume	a	constant	sequencing	depth	of	100X at	each	site	and	do	not	represent	real
data. After	sequencing	the	cfDNA,	observed	allele	counts	are	compared	to	expected	allele	counts	at	each
site, and	in	each	case, the	more	likely	scenario	is	chosen	(purple	boxes). (D) Schematic	of	inference	of
fetal	inheritance	at	paternal	heterozygous	sites. Numbers	are	presented	as	in (C).	At	each	site, presence	of
the	B allele	is	unexpected	in	cases	where	the	father	transmits	the	“A” allele. At	the	rightmost	site, the	single
observed	“B” allele	could	be	evidence	of	true	“B” transmission	or	an	error	introduced	during	the	sequencing
process.

ferent allele) (Figure 2.3A).

We first sought to predict transmission at ‘maternal-only’ heterozygous sites (Figure

2.3B-C). Given the fetal-derived proportion of ∼13% in cell-free DNA, the maternal-specific

allele is expected in 50% of reads aligned to such a site if it is transmitted, versus 43.5%

if the allele shared with the father is transmitted. However, even with 78-fold coverage of

the maternal plasma “genome”, the variability of sampling is such that site-by-site predic-

tion results in only 64.4% accuracy (Figure 2.4). We therefore examined allelic imbalance
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across blocks of maternally heterozygous sites defined by haplotype-resolved genome se-

quencing of the mother (Figures 2.1 and 2.2B). As anticipated given the haplotype assembly

N50 of 326 Kb, the vast majority of experimentally defined maternal haplotype blocks were

wholly transmitted, with partial inheritance in a small minority of blocks (0.6%, n=72) cor-

responding to switch errors from haplotype assembly and to sites of recombination.
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Figure 2.4: Accuracy	of	fetal	genotype	inference	from	maternal	plasma	DNA sequencing. Accuracy	is
shown	for	paternal-only	heterozygous	sites, and	for	phased	maternal-only	heterozygous	sites, either	using
maternal	phase	information (black) or	instead	predicting	inheritance	on	a	site-by-site	basis (gray).

We developed a Hidden Markov model (HMM) to identify likely switch sites and thus

more accurately infer the inherited alleles at maternally heterozygous sites (Figures 2.5

and 2.6). Using this model, accuracy of the inferred inherited alleles at 1.1 x 106 phased,

‘maternal-only’ heterozygous sites increased from 98.6% to 99.3% (Table 2.2). Remain-

ing errors were concentrated among the shortest maternal haplotype blocks (Figure 2.7),

which provide less power to detect allelic imbalance in plasma DNA data compared with

long blocks. Among the top 95% of sites ranked by haplotype block length, prediction ac-

curacy rose to 99.7%, suggesting that remaining inaccuracies can be mitigated by improve-

ments in haplotyping.

As a result of this observation, we sought to improve both the length and the density of

the haplotype blocks used for the fetal genome inference. We reasoned that, like the fetal
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Figure 2.5: Prediction	of	maternally	transmitted	alleles. Hidden	Markov	model-based	predictions	(blue
and	gold	bars)	correctly	predict	maternally	transmitted	alleles	across ∼1	Mbp	on	chromosome	10, despite
site-to-site	variability	of	allelic	representation	among	maternal	plasma	DNA sequences (red).

genome is a mosaic of the parental haplotypes, the parental haplotypes are mosaics of pop-

ulation haplotypes. We used a reference panel of haplotypes inferred from population-level

sequencing by the 1000 Genomes Project towards two goals: first, to phase a portion of the

8.6% of maternal heterozygous variants left out of the maternal haplotype blocks described

above; and second, to stitch together maternal haplotype blocks into longer aggregates (Fig-

ure 2.8).

Using this approach in conjunction with the haplotype inference software BEAGLE,

(Browning and Browning, 2007), we phased 73,257 additional maternally heterozygous

sites initially left out of the maternal haplotype assembly, representing 66% of maternal

unphased sites, and predicted the inheritance of those sites, using the HMM approach de-

scribed above, with 96.0% accuracy. The slight reduction in accuracy at this set of sites rel-

ative to the genome-wide accuracy at directly phased, maternally heterozygous sites likely

reflects a combination of errors in the population reference panel, incomplete IBD sharing,

and the indirect, heuristic nature of our approach. To address this limitation, we developed



25

0.0

0.2

0.4

0.6

0.8

1.0

115.6 Mb 115.8 Mb 116.0 Mb 116.2 Mb
Position (Chromosome 12)

P
ro

b.
 H

ap
 A

 T
ra

ns
m

itt
ed

0%
10%
20%
30%
40%
50%
60%
70%
80%
90%
100%

43.4 Mb43.6 Mb43.8 Mb44.0 Mb44.2 Mb
Position (Chromosome 10)

H
aplotype A

 A
llele Frequency

0%
10%
20%
30%
40%
50%
60%
70%
80%
90%

100%

0%
10%
20%
30%
40%
50%
60%
70%
80%
90%

100%

H
ap

lo
ty

pe
 A

 A
lle

le
 F

re
qu

en
cy

A

B

HMM 
OR 

Figure 2.6: Hidden	Markov	model-based	 detection	 of	 recombination	 events	 and	 haplotype	 assembly
switch	errors. A maternal	haplotype	block	of	917	Kbp	on	chromosome	12q	 is	 shown, with	 red	points
representing	the	frequency	of	haplotype	A alleles	among	plasma	reads, and	the	black	line	indicating	the
posterior	probability	of	 transmission	for	haplotype	A computed	by	the	HMM at	each	site. A block-wide
odds	ratio	test	(OR) predicts	transmission	of	the	entire	haplotype	B,	resulting	in	incorrect	prediction	at	272
of	587	sites	 (46.3%). The	HMM predicts	a	switch	between	chromosomal	coordinates	115,955,900	and
115,978,082, and	predicts	transmission	of	haplotype	B alleles	from	the	centromeric	end	of	the	block	to	the
switch	point, and	haplotype	A alleles	thereafter, resulting	in	correct	predictions	at	all	587	sites. All	three
overlapping	informative	clones	support	the	given	maternal	phasing	of	the	SNPs	adjacent	to	the	switch	site,
suggesting	that	the	switch	predicted	by	the	HMM results	from	a	maternal	recombination	event	rather	than
an	error	of	haplotype	assembly.

a confidence score for the phase assignment at each heterozygous site. When selecting only

the top 90% of sites ranked by confidence score, accuracy improved to 97.7%. We next iden-

tified haplotype blocks containing the fewest sites, for which prediction accuracy was lowest

(Figure 2.7). Using evidence from reference haplotypes, we merged 2,989 sites into neigh-

boring, longer haplotype blocks, reducing the overall error rate of inheritance predictions

at maternal heterozygous sites by 16%.

We performed simulations to characterize how the accuracy of haplotype-based fetal

genotype inference depended upon haplotype block length, maternal plasma sequencing

depth, and the fraction of fetal-derived DNA. To mimic the effect of less successful phasing,
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Figure 2.7: Accuracy	of	maternal	transmission	inference, by	haplotype	block	size. Maternal-only	het-
erozygous	sites	were	ranked	in	decreasing	order	by	haplotype	block	size	(the	number	of	other	maternal-
heterozygous	sites	phased	in	the	same	block). Blue	dotted	lines	denote	cutoffs	retaining	95%	of	sites. (A)
Cumulative	distribution	of	maternal-only	heterozygous	sites	by	block; 95%	of	such	sites	are	contained	in
the	top	45%	of	haplotype	blocks. (B) and (C).	Cumulative	accuracy	among	maternal-only	heterozygous
sites	ranked	by	block	size. Cumulative	accuracy	is	99.7%	among	the	95%	of	sites	 in	 the	 largest	haplo-
type	blocks, and	falls	 to	99.3%	when	the	remaining	5%	of	sites	are	included. (B) Cumulative	accuracy
including	all	blocks. (C) Cumulative	accuracy	when	removing	the	largest	block, which	resides	among	a
duplication-rich	region	at	43.7	Mb	-	44.3	Mb	on	chromosome	17q.

we split the maternal haplotype blocks into smaller fragments to create a series of assem-

blies with decreasing contiguity. We then subsampled a range of sequencing depths from

the pool of observed alleles in maternal plasma, and predicted the maternally contributed

allele at each site as above (Figure 2.9A). The results suggest that inference of the inher-

ited allele is robust to either decreasing sequencing depth of maternal plasma, or to shorter

haplotype blocks, but not both. For example, using only 10% of the plasma sequence data

(median depth = 8X) in conjunction with full-length haplotype blocks, we successfully pre-
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dicted inheritance at 94.9% of ‘maternal-only’ heterozygous sites. We achieved nearly iden-

tical accuracy (94.8%) at these sites when highly fragmented haplotype blocks (N50 = 50

Kb) were used with the full set of plasma sequences. We next simulated decreased propor-

tions of fetal DNA in the maternal plasma by spiking in additional depth of both maternal

alleles at each site and subsampling from these pools, effectively diluting away the signal of

allelic imbalance used as a signature of inheritance (Figure 2.9B). Again, we found the accu-

racy of the model to be robust to either lower fetal DNA concentrations or shorter haplotype

blocks, but not both.

We next sought to predict transmission at ‘paternal-only’ heterozygous sites (2.3D). At

these sites, when the father transmits the shared allele, the paternal-specific allele should

be entirely absent among the fetal-derived sequences. If instead the paternal-specific allele

is transmitted, it will on average constitute half the fetal-derived reads within the maternal

plasma “genome” (∼5 reads given 78-fold coverage, assuming 13% fetal content). To assess

these, we performed a site-by-site log-odds test; this amounted to taking the observation

of one or more reads matching the paternal-specific allele at a given site as evidence of

its transmission, and conversely the lack of such observations as evidence of nontransmis-

sion (Figure 2.2C). In contrast to maternal-only heterozygous sites, this simple site-by-site

model was sufficient to correctly predict inheritance at 1.1 x 106 paternal-only heterozygous

sites with 96.8% accuracy (Table 2.2). We anticipate that accuracy could likely be improved

by deeper sequence coverage of the maternal plasma DNA (Figure 2.10), or alternatively by

taking a haplotype-based approach if high molecular weight genomic DNA from the father

is available.

We next considered transmission at sites heterozygous in both parents. We predicted

maternal transmission at such shared sites phased using neighboring ‘maternal-only’ het-

erozygous sites in the same haplotype block. This yielded predictions at 576,242/631,721

(91.2%) of shared heterozygous sites with an estimated accuracy of 98.7% (Table 2.2). Al-

though we did not predict paternal transmission at these sites, we anticipate that analogous

to the case of maternal transmission, this could be done with high accuracy given paternal
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Figure 2.8: Improving	density	and	contiguity	of	haplotype	blocks	with	reference	panels. (A) Dense	meth-
ods	for	obtaining	haplotypes	produce	phased	haplotype	blocks, here	arbitrarily	labeled	a	and	b, that	compre-
hensively	encompass	variation	contained	within	the	blocks. Contiguity	between	adjacent	blocks, however,
is	unknown. Large	reference	panels	of	previously	ascertained	haplotypes, for	example	those	produced	by
the	1000	Genomes	Project, lack	many	of	the	rare	or	private	variants	phased	by	direct	methods, but	contain
information	about	population-level	linkage	disequilibrium	patterns	between	common	variants. By	model-
ing	the	directly	phased	sample	as	a	mosaic	of	haplotypes	segregating	in	the	population, contiguity	between
pairs	of	nearby	dense	blocks	can	inferred. (B) Dilution	pool-based	methods	may	produce	haplotype	blocks
containing	a	small	number	of	common	variants	whose	experimentally	determined	phase	is	incompatible
with	previously	ascertained	haplotypes, and	may	leave	a	portion	of	common	variants	unphased	(Figure 2.1).
By	again	using	patterns	of	linkage	disequilibrium	observed	in	large	or	population-specific	reference	panels,
the	phase	can	be	correctly	assigned.
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Figure 2.9: Impact	of	coverage, haplotype	length, and	fetal	fraction	on	statistical	inference. Simulation
of	effects	of	reduced	coverage, haplotype	length, and	fetal	DNA concentration	on	fetal	genotype	inference
accuracy, defined	as	 the	percentage	of	 sites	at	which	 the	 inherited	allele	was	correctly	 identified	out	of
all	sites	where	prediction	was	attempted. Heatmaps	of	accuracy	after	in	silico	fragmentation	of	haplotype
blocks	and (A) shallower	sequencing	of	maternal	plasma, or (B) reduced	fetal	concentration	among	plasma
sequences.

haplotypes. We note that shared heterozygous sites primarily correspond to common al-

leles (data not shown), which are less likely to contribute to Mendelian disorders in non-

consanguineous populations.

True de novo mutations in the fetal genome are expected to appear within the mater-

nal plasma DNA sequences as ‘rare alleles’ (Figure 2.2D), similar to transmitted paternal-

specific alleles. However, the detection of de novo mutations poses a much greater chal-

lenge: unlike the 1.8 x 106 paternally heterozygous sites defined by sequencing the father

(of which ∼50% are transmitted), the search space for de novo sites is effectively the full

genome, throughout which there may be only ∼60 sites given a prior mutation rate esti-

mate of ∼1 x 10-8 (Conrad et al., 2011). Indeed, whole genome sequencing of the offspring

(I1-C) revealed only 44 high-confidence point mutations (‘true de novo sites’; Table 2.3).

Taking all positions in the genome at which at least one plasma-derived read had a high-

quality mismatch to the reference sequence, and excluding variants present in the parental

whole genome sequencing data, we found 2.5 x 107 candidate de novo sites, including 39
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Figure 2.10: Inference	accuracy	for	paternal	transmission	at	paternal-only	heterozygous	sites, by	depth.
Inference	accuracy	is	generally	higher	at	more	deeply	sequenced	sites. At	sites	with	low	overall	coverage,
too	few	fetal-derived	reads	are	sampled, and	the	paternally	transmitted	allele	is	more	likely	to	go	unobserved.
On	the	other	end, sites	with	extremely	high	coverage	may	reside	in	regions	of	high	copy	number	or	dense
repeat	content	that	are	recalcitrant	to	accurate	mapping	and	variation	calling	with	short	reads.

of the 44 true de novo sites. At baseline, this corresponds to sensitivity of 88.6% with a

signal-to-noise ratio of 1-to-6.4x105.

We applied a series of increasingly stringent filters (Figure 2.11) intended to remove

sites prone to sequencing or mapping artifacts. We first removed alleles found in at least

one read among any other individual sequenced in this study, known polymorphisms from

dbSNP (release 135), and sites adjacent to 1-3mer repeats, reducing the number of candi-

date de novo sites to 1.8 x 107. We next filtered out sites with insufficient evidence (fewer

than two independent reads supporting the variant allele, or variant base qualities sum-

ming to less than 105) as well as those with excessively many reads supporting the variant

allele (uncorrected P < 0.05, per-site one-sided binomial test using fetal-derived fraction

of 13%), cutting the total number of candidate sites to 3,884, including 17 true de novo

sites. This candidate set is substantially depleted for sites of systematic error, and is in-

stead likely dominated by errors originating during PCR, as even a single round of amplifi-
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Figure 2.11: Detecting	sites	of de	novo mutation	among	maternal	 fetal	plasma	sequences. Shown	on
a	 log10 scale	are	counts	of	candidate	and	 true	 single-base de	novo substitution	variants	 remaining	after
application	of	successive	quality	filters (filled	gray	area	and	red	points, respectively).

cation with a proofreading DNA polymerase with an error rate of 1 x 10-7 would introduce

hundreds of false positive candidate sites. Of note, this ∼2,800-fold improvement in signal-

to-noise ratio reduced the candidate set to a size that is an order of magnitude fewer than

the number of candidate de novo sites requiring validation in a previous study involving

pure genomic DNA from parent-child trios within a nuclear family (Roach et al., 2010). In

a clinical setting, validation efforts would be targeted to those sites considered most likely

to be pathogenic. For example, only 33 of the 3,884 candidate sites (0.84%) are predicted

to alter protein sequence, and only a subset of these in genes associated with Mendelian

disorders.

The improvements to the signal-to-noise ratio due to filtering were in no small part the

result of careful fitting of a set of hard cutoffs to the observed sequencing data. These thresh-

olds – for example, requiring a minimum sum of base quality scores supporting a particular

variant – are unlikely to be generalizable to future data with different sequencing depths,

fetal fractions, and error profiles. To attempt to address this limitation, we built a Support

Vector Machine (SVM) classifier to distinguish between true de novo sites and errors. We
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trained this classifier on high-confidence, paternally-inherited alleles at paternal-only het-

erozygous sites, which should mimic true de novo sites in the data, as well as a randomly

selected set of unfiltered candidate de novo sites, likely to contain exclusively errors. We

normalized all relevant features before training to plausibly enable classifier reuse across

experiments. The performance of the resulting classifier was comparable to the results from

the model built with manual filtering, achieving slightly higher sensitivity (43% vs. 38%)

with slightly worse specificity (∼6,000 false positives vs ∼4,000) (Figure 2.12).

0.4

0.5

0.6

0.7

0.001 0.002 0.003 0.004
1 - Specificity

S
en
si
tiv
ity

Figure 2.12: SVM-based	classification	of	candidate de	novo mutations. A Support	Vector	Machine-based
classifier	 trained	on	 inherited	paternal	alleles	after	 feature	normalization	was	used	 to	classify	candidate
de	novo mutations. Probability	 estimates	 for	 each	 site	were	 generated	using	 a	 10-fold	 cross-validation
approach. The	sensitivity	and	specificity	of	the	classifier	for	a	range	of	classification	thresholds	is	shown.

2.3 Discussion

We have demonstrated noninvasive prediction of the whole genome sequence of a human

fetus through the combination of haplotype-resolved genome sequencing (Kitzman et al.,

2011) of a mother, shotgun genome sequencing of a father, and deep sequencing of ma-

ternal plasma DNA. Notably, the types and quantities of materials used were consistent

with those routinely collected in a clinical setting (Table 2.1). To replicate these results, we
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repeated the full experiment for a second trio (G1) from which maternal plasma was col-

lected earlier in the pregnancy, at 8.2 weeks after conception. Both the overall sequencing

depth and the fetal-derived proportion were each lower relative to the first trio (by 28%

and 51%, respectively), resulting in an average of fewer than four fetal-derived reads per

site. Nevertheless, we achieved 95.7% accuracy for prediction of inheritance at maternal-

only sites, consistent with accuracy obtained under simulation with data from the first trio

(Figure 2.9). These results underscore the importance of specific technical parameters in

determining performance, namely the length and completeness of haplotype-resolved se-

quencing of parental DNA, and the depth and complexity of sequencing libraries derived

from low starting masses of plasma-derived DNA (less than 5 ng for both I1 and G1 in our

study).

There remain several key avenues for improvement. First, although we predicted inher-

itance at 2.8 x 106 heterozygous sites with high accuracy (98.2% overall), there were 7.5 x

105 sites for which we did not attempt prediction (Table 2.2). These include 6.3 x 105 shared

sites heterozygous in both parents for which we could not assess paternal transmission, and

1.2 x 105 “maternal-only” heterozygous sites which were not included in our haplotype as-

sembly. The shared sites are in principle accessible but require haplotype-resolved (rather

than solely shotgun) sequencing of paternal DNA, which was not possible here with either

the I1 or G1 trio due to unavailability of high molecular weight DNA from each father. Figure

2.13 schematically illustrates a method for fetal genome inference, including at shared het-

erozygous sites, when paternal haplotypes are available. The unphased maternal sites are

also in principle accessible but require improvements to haplotyping technology to enable

phasing of SNPs residing within blocks of relatively low heterozygosity as well as within seg-

mental duplications. More generally, despite recent innovations from our group and others

(Fan et al., 2010; Kitzman et al., 2011; Ma et al., 2010; Yang et al., 2011), there remains a

critical need for genome-wide haplotyping protocols that are at once robust, scalable, and

comprehensive. Significant reductions in cost, along with standardization and automation,

will be necessary for compatibility with large-scale clinical application.
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Figure 2.13: Inference	of	the	fetal	genome	from	haplotype	blocks. (a). Phasing	of	maternal	heterozygous
sites	into	haplotype	blocks (red	bars). Haplotype	blocks	contain	dozens	or	hundreds	of	such	sites	and	cover
over	300	kilobases	on	average. A single	chromosome	may	have	over	100	haplotype	blocks; contiguity	be-
tween	blocks	is	not	defined. Approximately	90%	of	all	heterozygous	sites	are	incorporated	into	haplotype
blocks. Sites	shown	do	not	represent	real	data. (b). Phasing	of	paternal	heterozygous	sites	into	haplotype
blocks (blue	bars). Paternal	and	maternal	blocks	may	overlap	but	are	independently	defined. (c). Schematic
of	inference	of	fetal	inheritance	of	maternal	haplotype	blocks. Numbers	shown	assume	a	constant	sequenc-
ing	depth	of	100X at	each. After	sequencing	the	cfDNA,	evidence	of	deviations	from	expected	allele	counts
is	aggregated	over	each	site	in	haplotype	blocks	“A” and	“B”,	and	the	more	likely	block	is	predicted. Block-
level	predictions	in	turn	determine	predictions	at	each	contained	site. The	site	in	the	center	of	the	block
would	be	incorrectly	predicted	if	sites	were	considered	independently; its	inclusion	in	a	haplotype	block
mitigates	sampling	noise	and	corrects	the	prediction. (d). Schematic	of	inference	of	fetal	inheritance	of
paternal	haplotype	blocks. Numbers	are	presented	as	in (c). The	observed	“G” allele	at	the	rightmost	site,
likely	to	cause	an	incorrect	prediction	if	sites	were	considered	independently, is	now	correctly	identified	as
an	error	introduced	during	the	sequencing	process	rather	than	evidence	of	transmission	of	the	“G” allele.
(e). The	inferred	fetal	genome	is	a	composite	of	the	parental	haplotype	blocks.
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Second, although we were successful in detecting nearly 90% of de novo single nu-

cleotide mutations by deep sequencing of maternal plasma DNA, this was with very low

specificity. The application of a series of filters resulted in a ∼2,800-fold gain in specificity

at a ∼2-fold cost in terms of sensitivity. However, there is clearly room for improvement

if we are to enable the sensitive and specific prenatal detection of potentially pathogenic

de novo point mutations at a genome-wide scale, a goal that will likely require deeper than

78-fold coverage of the maternal plasma “genome” (Ajay et al., 2011) in combination with

targeted validation of potentially pathogenic candidate de novomutations.

Third, our analyses focused exclusively on single nucleotide variants, which are by far

the most common form of both non-pathogenic and pathogenic genetic variation in hu-

man genomes (Consortium, 2010; Stenson et al., 2009). Clinical application of noninva-

sive fetal genome sequencing will require more robust methods for detecting other forms of

variation, e.g. insertion-deletions, copy number changes, repeat expansions, and structural

rearrangements. Ideally, techniques for the detection of other forms of variation could de-

rive from short sequencing reads in a manner that is directly integrated with experimental

methods and algorithms for haplotype-resolved genome sequencing.

The ability to noninvasively sequence a fetal genome to high accuracy and completeness

will undoubtedly have profound implications for the future of prenatal genetic diagnostics.

Although individually rare, when considered collectively, the ∼3,500 Mendelian disorders

with a known molecular basis (Amberger et al., 2009) contribute substantially to morbid-

ity and mortality (Bell et al., 2011). Currently, routine obstetric practice includes offering

a spectrum of screening and diagnostic options to all women. Prenatal screening options

have imperfect sensitivity and focus mainly on a small number of specific disorders, includ-

ing trisomies, major congenital anomalies, and specific Mendelian disorders. Diagnostic

tests, generally performed through invasive procedures, such as chorionic villus sampling

and amniocentesis, also focus on specific disorders and confer risk of pregnancy loss that

may inversely correlate with access to high-quality care. Noninvasive, comprehensive di-

agnosis of Mendelian disorders early in pregnancy would provide much more information
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to expectant parents, with the greater accessibility inherent to a noninvasive test and with-

out tangible risk of pregnancy loss. The less tangible implication of incorporating this level

of information into prenatal decision-making raises many ethical questions that must be

considered carefully within the scientific community and on a societal level. A final point

is that as in other areas of clinical genetics, our capacity to generate data is outstripping

our ability to interpret it in ways that are useful to physicians and patients. In other words,

although the noninvasive prediction of a fetal genome may be technically feasible, its inter-

pretation – even for known Mendelian disorders – will remain a major challenge (Cooper

and Shendure, 2011).
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2.4 Methods

2.4.1 Whole-genome	shotgun	library	preparation	and	sequencing

Genomic DNA was extracted from whole blood, as available, or alternatively from saliva,

with the Gentra Puregene Kit (Qiagen), or OrageneDx (DNA genotek), respectively. Puri-

fied DNA was fragmented by sonication with a Covaris S2 instrument (Covaris). Indexed

shotgun sequencing libraries were prepared using the Kapa Library Preparation Kit (Kapa

Biosystems), following the manufacturer’s instructions. All libraries were sequenced on

HiSeq 2000 instruments (Illumina) using paired-end 101 bp reads with an index read of 9

bp.

2.4.2 Maternal	plasma	library	preparation	and	sequencing

Maternal plasma was collected by standard methods and split into 1 ml aliquots which were

individually purified with the Qiaamp Circulating Nucleic Acids kit (Qiagen). DNA yield was

measured with a Qubit fluorometer (Invitrogen). Sequencing libraries were prepared with

the ThruPlex-FD kit (Rubicon Genomics), comprising a proprietary series of end-repair,

ligation, and amplification reactions. Index read sequencing primers compatible with the

whole-genome sequencing and fosmid libraries from this study were included during se-

quencing of maternal plasma libraries to permit detection of any contamination from other

libraries. The percentage of fetal-derived sequences was estimated from plasma sequences

by counting alleles specific to each parent as well as sequences mapping specifically to the

Y chromosome.

2.4.3 Maternal	haplotype	resolution	via	clone	pool	dilution	sequencing

Haplotype-resolved genome sequencing was performed essentially as previously described

(Kitzman et al., 2011), with minor updates to facilitate processing in a 96-well format.

Briefly, high molecular weight DNA was mechanically sheared to mean size ∼38 kbp using a

Hydroshear instrument (DigiLab), with the following settings: volume=120 ul, cycles=20,
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speed code=16. Sheared DNA was electrophoresed through 1% Low Melting Point Ultra-

Pure agarose (Invitrogen) with the buffer (0.5X TBE) chilled to 16˚C, using the following

settings on a BioRad ChefDR-II pulsed field instrument: 170V, initial A=1, final A=6. After

running for 17 h, lanes containing size markers (1 kbp extension ladder, Invitrogen) were ex-

cised, stained with SYBR Gold dye (Invitrogen), and placed alongside the unstained portion

of the gel on a blue light transilluminator. The band between 38-40 kbp was then excised,

melted for 10 min in a 70˚C water bath, spun at 15,000 rpm to pellet debris, and incubated

at 47˚C for 1 h with 0.5 units beta-agarase (Promega) per 200 mg gel to digest the agarose.

Sheared, size-selected DNA was precipitated onto Ampure XP beads (Beckman Coulter) as

follows: 100 ul of beads in the supplied buffer were supplemented with additional binding

buffer (2.5M NaCl + 20% PEG 8000) to match the volume of the digested gel and DNA. The

beads and buffer were then gently mixed with the DNA/agarase reaction mixture, pelleted

and rinsed following the manufacturer’s directions, and finally eluted into 60 ul H2O. DNA

was next end-repaired with the End-IT kit (Epicentre), cleaned up by precipitation onto

30ul Ampure XP beads supplemented with 70ul additional binding buffer, and eluted into

12ul H2O. Ligation to the fosmid vector backbone pCC1Fos and clone packaging were con-

ducted as previously described using the CopyControl Fosmid Construction Kit (Epicentre).

A single bulk infection per maternal sample was performed using each phage library and

each was then split by dilution into 1.5 ml cultures (LB + 12.5ug/ml chloramphenicol) across

a deep-well 96-well plate. The resulting master culture was grown overnight at 37˚C shak-

ing at 225 rpm. The following day, subcultures were made by in 96-well plates by adding

200ul inoculum from each master culture well into fresh outgrowth media (LB + 12.5ug/ml

chloramphenicol + 1X final autoinduction solution) to a final volume of 1.5ml per well. After

overnight outgrowth (37˚C, 225 rpm shaking), clone pool DNA was extracted by alkaline

lysis mini-preparation in 96 well plates, following standard procedures. Indexed Illumina

sequencing libraries were prepared in sets of 96 using the Nextera library preparation kit

as previously described (Adey et al., 2010), followed by library pooling and size selection to

350-650 bp.
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2.4.4 Variant	calling

Reads were split by index, allowing up to edit distance of 3 to the known barcode sequences,

and then mapped to the human reference genome sequence (hg19) using bwa v0.6.1. After

removing PCR duplicate read pairs using the Picard toolkit (http://picard.sourceforge.net/),

local realignment around indels, variant discovery, quality score recalibration and filter-

ing to 99% estimated sensitivity among known polymorphisms was performed using the

Genome Analysis Toolkit (DePristo et al., 2011) using “best practices” parameters provided

by the software package’s authors (http://www.broadinstitute.org/gsa/wiki/index.php).

Of note, there was no evidence of uniparental disomy or a numerical chromosomal ab-

normality; the former would have manifested as a large volume of chromosome-specific

Mendelian errors, whereas the latter would have been detected by chromosome-specific

read-depth imbalance.

2.4.5 Haplotype	assembly

Reads were split per dilution pool by barcode, and a sliding-window read depth measure

was used to infer clone positions (Kitzman et al., 2011). Using custom scripts, clone pool

reads were re-genotyped against heterozygous SNPs ascertained by shotgun sequencing,

and overlapping clones from different pools were assembled into haplotype blocks with a

custom implementation of the HapCUT algorithm (Bansal and Bafna, 2008).

2.4.6 Inference	of	the	fetal	genome	sequences

A Hidden Markov model (HMM) was constructed to infer the inherited maternal allele at

each maternal-specific heterozygous site. The model’s latent state defines which of the two

phased maternal haplotype blocks is inherited at each site, with a third state representing

a between-block region at which phase is unknown. The HMM emits allele counts at each

phased site, with probabilities given by binomial distribution parameterized as follows: if

the maternally inherited allele is identical to the paternal (homozygous) allele at a given
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“maternal-only” heterozygous site, the probability of observing k such alleles amongN total

reads with fetal percentage F is

Pr(K = k|N,F ) = Bin(N,
(1− F )

2
+

F

2
+

F

2
)

where the first term in the second binomial parameter represents the expected allele

balance in the maternally-derived DNA in the maternal plasma, the second term represents

the expected contribution of the paternal allele via the fetus, and the third term represents

the expected contribution of the inherited maternal allele via the fetus.

If the inherited maternal allele and the paternal allele differ at a given site, the proba-

bility of observing k inherited maternal alleles simplifies to

Pr(K = k|N,F ) = Bin(N,
(1− F )

2
+

F

2
) = Bin(N, 0.5)

Inferred transitions within phased blocks represent either true recombination events

or switch errors in maternal phasing. Transition probabilities within phased blocks were

held constant at 10-5; changing this parameter did not substantially affect either the num-

ber of inferred transitions within blocks nor the final accuracy. Finally, the most probable

path through the observed data was determined using the Viterbi algorithm for inference

of the latent state at each site, corresponding to a prediction of the inherited maternal al-

lele. Prediction accuracy was determined by comparing the predicted to actual inheritance

determined from the offspring’s genotype.

Inheritance at “paternal-only” heterozygous sites was predicted using a binomial model.

At each such site, either the paternal-specific allele or the allele shared with the mother can

be transmitted. Let F represent the fetal DNA concentration in the maternal plasma and N

represent the depth at a given site. If the paternal-specific allele is transmitted, we expect

to observe it in N × F
2 times in the maternal plasma. Similarly, if the paternal-specific

allele is not transmitted, we expect to observe it 0 times. The likelihoods of observing K

such alleles from N total under each inheritance models were compared, and prediction

was determined by choosing the model that yielded a higher likelihood.
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At each shared heterozygous site (i.e., heterozygous in both parents), the maternally

contributed allele was predicted based on the inferred inheritance of the block in which

the site is situated, as determined by “maternal-only” heterozygous sites within the same

block. In the rare event that a block was identified to be partially inherited, either due to a

real recombination event or a switch error in phasing, the inferred inheritance of the nearest

“maternal-only” heterozygous site within the block was used to assign a prediction.

True de novo mutations in each offspring were identified from the trio shotgun whole

genome sequences as follows: starting with all sites called as heterozygous in the offspring

and homozygous reference in both parents, known variants were removed (dbSNP v135

and 1000 Genomes Pilot 1 sites), as were sites with low coverage in either parent (< 15

reads for the I1 trio, < 10 reads for the G1 trio). Candidate de novo alleles present at high

quality positions in at least one read in any other individual (Phred-scaled base quality >=

10 and mapping quality >= 20) were removed. Finally, a minimum variant quality score

threshold of 230 was applied. Denovomutations were validated by PCR and direct capillary

sequencing (Table 2.3).

2.4.7 Downsampling

The effect of reduced fetal contribution to the maternal plasma sequences was investigated

by diluting the fetal-specific sequences in silico and reanalyzing the modified data. Simu-

lated dilution of fetal content was carried out as follows. At each maternal-specific heterozy-

gous site, alleles A and B were observed with counts NA andNB among the full dataset, with

NTOTAL = NA + NB . For a given dilution coefficient D
F where 0 < D < F , the total pool

of observed counts was diluted by first increasing NTOTAL by a factor of F
D , with additional

counts allocated by assigning each new allele randomly to NA or NB with equal probability,

and then sampling counts from the temporarily expanded pool by discarding each allele

from NA and NB with probability 1–D
F . Updated counts and fetal content estimates were

used as input into the Hidden Markov model described above. Reduced coverage within

plasma data was separately simulated by subsampling a portion of the observed counts at
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each site. For a given proportion S, each observed base was discarded with probability 1–S.

Updated counts were then used as input into the Hidden Markov model as described.
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Table 2.1: Summary	of	sequencing. Individuals	sequenced, type	of	starting	material, and	final	fold-coverage

of	the	reference	genome	after	discarding	PCR or	optical	duplicate	reads. GA,	gestational	age.

Individual Biological	sample
Depth	of

coverage

Mother (I1-M)
Plasma (5 ml, GA 18.5 wk) 78

Whole blood (<1 mL) 32

Father (I1-P) Saliva 39

Offspring (I1-C) Cord blood at delivery 39
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Table 2.2: Accuracy	of	fetal	genome	inference. Number	of	sites	and	accuracy	of	fetal	genotype	inference

from	maternal	plasma	sequencing	(percentage	of	transmitted	alleles	correct	out	of	all	predicted)	by	parental

genotype	and	phasing	status. Sites	 later	determined	by	trio	sequencing	(including	the	offspring)	 to	have

poor	genotype	quality	scores	or	genotypes	that	violated	Mendelian	inheritance	were	discarded	the	purpose

of	evaluating	accuracy	(14,000	maternal-only, 32,233	paternal-only, and	480	shared	heterozygous	sites, or

1.5%	of	all	sites). †Among	biparentally	heterozygous	sites, accuracy	was	assessed	only	where	the	offspring

was	homozygous	(48.8%, n=631,721), allowing	the	“true”	transmitted	alleles	to	be	unambiguously	inferred

from	trio	genotypes.

Individual Site
Other	parental

genotype

Number	of

sites
Accuracy

Mother (I1-M)

Heterozygous,

phased

Homozygous 1,064,255 99.3%

Heterozygous 576,242 98.7% †

Heterozygous,

not phased
All 121,425 N.D.

Father (I1-P) Heterozygous
Homozygous 1,134,192 96.8%

Heterozygous 631,721 N.D.
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Table 2.3: De	novo point	mutations	identified	by	whole-genome	shotgun	sequencing. Each	event	in	trio

“I1”	was	targeted	for	validation	by	PCR and	direct	capillary	sequencing. Amplification	and	sequencing	suc-

ceed	at	35	of	44	sites; of	those, all	35	validated	as	true de	novo point	mutations	(i.e., offspring	heterozygous

and	parents	homozygous	for	reference	allele).

Chrom. Position
Ref.

Allele

Alt.

Allele
Validated? Genes	overlapped

chr1 14827232 A C Yes Intergenic

chr1 21959596 G A Yes Intron of RAP1GAP

chr1 62642578 C T Yes Intergenic

chr1 158061739 G A Yes Intron of KIRREL

chr1 176538426 C T Yes Intron of PAPPA2

chr1 197602948 G A Yes Intron of DENND1B

chr2 32296201 A T Yes Intron of SPAST

chr2 58060266 T C Assay failed Intergenic

chr2 135596281 T C Yes
ACMSD exon 1,

p.Leu10Pro

chr2 238760708 G T Yes Intergenic

chr3 17614899 C T Yes Intron of TBC1D5

chr3 18023875 C T Yes Intergenic

chr3 36828198 T C Yes Intergenic

chr3 79639506 G A Assay failed Intron of ROBO1

chr3 188400668 G A Assay failed Intron of LPP

chr4 28535313 G C Yes Intergenic

chr4 32286182 G A Yes Intergenic

chr4 38294675 G A Yes Intergenic

Continued on Next Page…
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Table 2.3 – Continued

Chrom. Position
Ref.

allele

Alt.

allele
Validated? Genes	overlapped

chr5 5059500 T C Yes Intergenic

chr5 19601463 T A Yes Intron of CDH18

chr5 133747799 G T Yes Intergenic

chr6 63446051 T G Yes Intergenic

chr7 77442453 A G Assay failed Intron of PHTF2

chr7 85735259 T C Yes Intergenic

chr9 18393440 A G Yes Intergenic

chr9 31764904 G C Assay failed Intergenic

chr9 36929059 A G Yes Intron of PAX5

chr9 38730375 G A Assay failed Intergenic

chr10 92799212 G A Yes Intergenic

chr11 18977014 A G Yes Intergenic

chr11 74729193 C T Yes Intergenic

chr13 43751146 G T Yes Intergenic

chr14 27178898 A G Yes Intergenic

chr14 38414572 G A Yes Intergenic

chr15 59850650 C T Assay failed Intergenic

chr15 67184470 C T Yes Intergenic

chr16 74871390 G C Yes Intergenic

chr17 38242084 C G Assay failed Intron of THRA

chr18 67786028 C T Yes Intron of RTTN

chr21 32940951 A C Yes Intergenic

Continued on Next Page…
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Table 2.3 – Continued

Chrom. Position
Ref.

allele

Alt.

allele
Validated? Genes	overlapped

chr21 41369734 C T Yes Intergenic

chr22 26530011 C T Assay failed Intergenic

chr22 47178447 A T Yes Intron of TBC1D22A

chrX 47330402 C T Yes Intron of ZNF51
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Chapter 3
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IN PRENATAL ANEUPLOIDY SCREENING

This chapter has been adapted with minor changes from: Snyder, MW; Simmons, LE; Kitzman, JO; Coe,
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positive prenatal aneuploidy screening results. New England Journal of Medicine 372(17):1639-45 (2014).

In the published manuscript, I share first author credit with Dr. Simmons. My specific contributions to this

project were the processing of biological samples, preparation of sequencing libraries, data analysis, statistical

modeling, preparation of all figures excluding 3.3, and writing the first draft of the manuscript.

Abstract

Investigations of noninvasive prenatal testing (NIPT) for aneuploidy by analysis of circulat-

ing cell-free DNA have demonstrated high sensitivity and specificity in high- and low-risk

cohorts. However, the overall low incidence of aneuploidy limits the positive predictive

value of these tests. Currently, the causes of false-positive results are poorly understood.

We investigated four pregnancies with discordant prenatal test results, and found in two

cases that maternal duplications on chromosome 18 were the likely cause of the discordant

results. Modeling based on population-level copy number variation supports the possibil-

ity that some false-positive results with NIPT may be attributable to maternal copy number

gains.
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3.1 Introduction

Methods for noninvasive prenatal testing (NIPT) have rapidly matured in clinical practice,

with aneuploidy screening based on analysis of circulating cell-free DNA (cfDNA) now rou-

tinely offered to women with high-risk pregnancies. Due to the high reported accuracy of

these tests (Ashoor et al., 2012; Palomaki et al., 2012), attention has shifted to low-risk co-

horts, where reduced incidence of aneuploidy may limit the positive predictive value (PPV)

of NIPT (Nicolaides et al., 2012). A recent prospective analysis of cfDNA-based NIPT in

1,914 low-risk pregnancies reported false-positive rates of 0.3%, 0.2%, and 0.1% for tri-

somies 21, 18, and 13, respectively – outperforming standard screening (Bianchi et al.,

2014). However, the PPVs were 45.5% and 40.0% for trisomies 21 and 18 (Bianchi et al.,

2014), respectively, highlighting the need for follow-up diagnostic testing. Norton et al. re-

port higher PPVs for cfDNA-based NIPT with a different method, albeit with a higher “no

call” rate that may include ambiguous results (Norton et al., 2015).

Mechanisms underlying false-positive cfDNA-based NIPT results remain incompletely

elucidated (Mennuti et al., 2013). Explanatory hypotheses include maternal mosaicism

(Lau et al., 2013; Wang et al., 2013), undetected tumors (Osborne et al., 2013), vanish-

ing twin syndrome (Lau et al., 2014) or confined placental mosaicism (CPM) (Grati et al.,

2014; Mao et al., 2014), as well as technical errors. While case reports have documented ex-

amples of underlying causes of both false positives and other aberrant results, only a small

proportion have been comprehensively explained (Lau et al., 2013).

Methodologies for cfDNA-based NIPT include massively multiplex PCR (Zimmermann

et al., 2012), shotgun sequencing (Chiu et al., 2008; Fan et al., 2008), or targeted sequenc-

ing (Sparks et al., 2012). Illumina Verifi and Sequenom MaterniT21 PLUS are based on

counting statistics naturally arising from shotgun sequencing of total cfDNA in maternal

plasma. After isolation, sequencing, and alignment of cfDNA fragments, a minority of

which are feto-placentally derived (mean 13%, but with considerable variance during and

between pregnancies (Nygren et al., 2010)), the reads are sorted into bins. Each bin con-
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tains reads unambiguously derived from a specific chromosome, and the distributions for

each chromosome are converted to standard normal distributions. A newly analyzed cfDNA

sample is compared to reference distributions, yielding per-chromosome z-scores that esti-

mate the likelihood of fetal aneuploidies. In diploid pregnancies, false-positive detection of

trisomy may occur due to infrequent sampling of extreme values – typically z-scores above

4.0 – from the normalized distributions of reads derived from the relevant chromosomes.

In statistical terms, this probability is given by Pr(Z > 4.0), or roughly 3 in 100,000.

This approach implicitly assumes that every woman carries the same proportion of ge-

netic material on a given chromosome. In fact, chromosomes vary slightly in composition

and size between individuals due to inherited or de novo copy number variants (CNVs),

in which a genomic region is deleted or duplicated. For example, a maternal duplication

effectively increases the length of the chromosome on which it resides, thereby increasing

the proportion of cfDNA derived from that chromosome. In such an individual, sequencing

of cfDNA would yield overrepresentation of reads deriving from the CNV-containing chro-

mosome relative to reference individuals, potentially leading to false interpretation as fetal

trisomy (Figure 3.1).

The capacity of a maternal CNV to alter interpretation of NIPT is augmented by the

fact that the vast majority of cfDNA is maternally derived. In a diploid pregnancy in which

the mother carries a duplication, the increased number of reads derived from the additional

copy of the duplicated region shifts the sampling distribution for this pregnancy to the right

relative to the underlying reference distribution (Figure 3.2). The probability of a false-

positive statistical test would then exceed Pr(Z > 4.0), with the extent of excess driven

primarily by the size of the duplication.

We sought to investigate whether maternal CNVs could give rise to false-positive NIPT

results. As a proof-of-principle, we enrolled four pregnant women who had discordant find-

ings: positive cfDNA-based screening with normal clinical outcomes. Subsequently, we

modeled the potential population-level impact of maternal CNVs on false-positive results.
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Fetal diploidy, 
No CNV 
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Figure 3.1: Schematic	representation	of	cfDNA analysis. Schematic	 representation	of	cfDNA analysis.
The	cfDNA in	maternal	plasma	contains	primarily	maternal	cfDNA (green)	and	a	smaller	proportion	of	fetal
cfDNA (blue). The	threshold	for	triggering	a	positive	cfDNA test	is	indicated	by	the	vertical	dashed	line. From
top: First, the	combination	of	fetal	diploidy	and	the	absence	of	a	maternal	copy	number	variant	(CNV) results
in	a	true	negative	test	(TN).	Second, fetal	trisomy	results	in	a	true	positive	test	(TP).	Third, the	combination	of
fetal	diploidy	and	the	presence	of	a	maternal	CNV duplicating	a	portion	of	a	relevant	chromosome	results	in
a	false	positive	test	(FP).	Fourth, hypothetically, the	combination	of	fetal	trisomy	on	a	specific	chromosome
and	the	presence	of	a	maternal	CNV deleting	a	portion	of	 the	same	chromosome	could	result	 in	a	false
negative	test	(FN).

3.2 Results

We enrolled four subjects, each with discordant NIPT results and clinical findings. In each

case, NIPT was performed by Illumina Verifi. Three subjects received screen results positive

for trisomy 18 and one for trisomy 13 (complete clinical information in Table 3.3). In two of

the three cases screen-positive for trisomy 18, we identified maternal CNVs on chromosome

18 (Figure 3.3).

Case 1 was a 35-year-old primigravida. NIPT at 18 gestational weeks reported fetal tri-

somy 18. Ultrasound at 20 gestational weeks was consistent with normal fetal anatomy and

concordant biometry. Diagnostic testing by genetic amniocentesis was consistent with a

diploid male pregnancy. The remainder of the pregnancy was uncomplicated and a healthy

male infant was delivered at term.
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Figure 3.2: Maternal	CNVs	and	sampling	distributions. Schematic	representation	of	the	impact	of	a	ma-
ternal	CNV on	the	probability	of	a	false	positive	test	result. Maternal	duplications	shift	the	test’s	sampling
distribution	to	the	right, while	the	underlying	reference	distribution	is	unchanged.

Case 3 was a 34-year-old multigravida. NIPT at 12 gestational weeks was consistent

with fetal trisomy 18. At 12, 16 and 20 gestational weeks, fetal ultrasound examinations

demonstrated normal anatomy and concordant biometry. Genetic amniocentesis was de-

clined. The remainder of the pregnancy was uncomplicated and a healthy female infant was

delivered at term.

Analysis of Case 1 cfDNA identified a duplicated region on chromosome 18 containing

portions of 18p11.31 and 18p11.23 (1.15 Mb). Analysis of Case 3 cfDNA identified a duplica-

tion on chromosome 18 covering a region of 18p11.31 (487 kb) (Figure 3.3). For both cases,

maternal DNA from PBMC was used to validate the CNV by PCR and Sanger sequencing

(Table 3.4, Figures 3.5 and 3.6).

To model the effect of these duplications on the risk of false-positive NIPT results, we

calculated the theoretical fold-increase in the probability of false-positive results for a range

of CNV sizes on chromosomes 13, 18, and 21 (Figures 3.7 and 3.8). The calculated increase
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Figure 3.3: Copy	number	profile	in	pregnancy	cohort. Copy	number	profile	based	on	normalized	cfDNA
read-depth	demonstrating	duplicated	sequence	on	chromosome	18	in	two	of	four	analyzed	cases. Profiles
of	Cases	2	and	4	are	consistent	with	 two	copies	 throughout	 the	 region	of	 interest. Cases	1	and	3	each
demonstrate	increased	copy	number	in	contiguous	regions, suggestive	of	duplications.

depends on several factors, including total number of reads per sample, coefficient of vari-

ation for the chromosome in question (Rava et al., 2013), fetal fraction, and fetal inheri-

tance of the maternal CNV (Table 3.5). As the fetal fraction increases, the signal of over-

representation is dampened if the CNV is not transmitted to the fetus, and increasingly large

duplications are necessary to reach the same fold increase in probability of a false-positive.

Conversely, if the CNV is transmitted to the fetus, the maternally inherited chromosome

also contributes to the signal of overrepresentation, obviating dependency on the fetal frac-

tion. We estimate that the CNV present in Case 1, duplicating 1.15 Mb and inherited by
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Figure 3.4: Validation	of	CNVs	with	multiplex	PCR.	PCR primers	were	designed	to	yield	a	product	of	the
expected	size	in	the	event	of	a	tandem	duplication	in	the	region	of	 interest. Patient	1	demonstrated	the
expected	730	bp	product	in	maternal	PBMC DNA;	the	infant	inherited	the	CNV.	Patient	3	demonstrated
the	expected	580	bp	product	in	maternal	PBMC DNA;	the	infant	did	not	inherit	the	CNV.	Additional	PCR
primers	for	chromosome	18	were	designed	to	yield	a	229	bp	product	for	all	samples	as	a	positive	control.
PCR products	were	purified	and	Sanger	sequenced	for	breakpoint	confirmation	(Figures 3.5 and 3.6). NTC:
no-template	control.
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Figure 3.5: Structure	and	validation	of	maternal	duplication	 in	Patient	1. Structure	and	validation	of
maternal	duplication	in	Patient	1. A schematic	of	18p11.31	and	18p11.23	is	shown	at	bottom, with	red	block
arrows	representing	copies	of	the	1.15Mb	duplicated	region. Green	arrows	represent	placement	of	primers
for	PCR and	Sanger	sequencing	of	the	breakpoint	window	(meaning	the	window	to	which	the	breakpoint
has	been	narrowed; the	precise	breakpoint	cannot	be	determined	with	single	nucleotide	resolution	due	to
microhomology). A partial	Sanger	sequencing	trace	of	the	PCR amplicon	using	the	forward	primer	is	shown.

the fetus, increased the probability of a false-positive statistical test on chromosome 18 ap-

proximately 15,650-fold, such that in the absence of fetal aneuploidy, the test was nearly

equivalent to flipping a coin. The 487 kb CNV present in Case 3, but not inherited by the

fetus, had a more modest estimated effect, yielding a 128- to 262-fold increase in the prob-

ability of false-positive results for plausible fetal fractions between 5% and 20%.

We identified two population factors that contribute to the impact of maternal CNVs.

First, the distribution of CNV sizes varies by chromosome length, with chromosomes 13 and

18 having excesses of large duplications relative to the smaller chromosome 21 (Figure 3.7).

Chromosomes with higher CNV burdens should be more susceptible to false-positive results

caused by maternal CNVs, suggesting that false-positive calls, consequent to maternal CNV,
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Figure 3.6: Structure	and	validation	of	maternal	duplication	 in	Patient	3. Structure	and	validation	of
maternal	duplication	 in	Patient	3. A schematic	of	18p11.31	 is	shown	at	bottom, with	red	block	arrows
representing	copies	of	the	487	kb	duplicated	region. Green	arrows	represent	placement	of	primers	for	PCR
and	Sanger	sequencing	of	the	breakpoint	window	(meaning	the	window	to	which	the	breakpoint	has	been
narrowed; the	precise	breakpoint	cannot	be	determined	with	single	nucleotide	resolution	due	to	the	long
polyT stretch)	Partial	Sanger	sequencing	 traces	of	 the	PCR amplicon	using	 the	 forward	 (top)	and	reverse
(bottom)	 primers	 are	 shown	and	 aligned	 at	 the	 breakpoint	window. The	base	 calls	 and	 trace	 from	 the
reverse	primer	were	reverse	complemented	for	clarity. The	duplication	is	mediated	by	microhomology	in
the	breakpoint	window, where	a	long	polyT stretch	challenges	Sanger	sequencing	instruments.



57

1

10

100

1000

10000

100 kb 200 kb 300 kb 400 kb 500 kb 600 kb 700 kb 800 kb 900 kb 1.0 Mb 1.1 Mb 1.2 Mb 1.3 Mb 1.4 Mb 1.5 Mb 1.6 Mb 1.7 Mb 1.8 Mb 1.9 Mb 2.0 Mb
CNV size

Fo
ld

 in
cr

ea
se

 in
 p

ro
ba

bi
lit

y 
of

 fa
ls

e-
po

si
tiv

e 1/10

1/50

1/100

1/500

1/1000

1/5000

1/10,000

< 1/19,584

Population C
N

V frequency 

Chromosome 21 

CNV transmitted 
5%   Fetal Fraction 
10% Fetal Fraction 
15% Fetal Fraction 
20% Fetal Fraction 

1

10

100

1000

10000

100 kb 200 kb 300 kb 400 kb 500 kb 600 kb 700 kb 800 kb 900 kb 1.0 Mb 1.1 Mb 1.2 Mb 1.3 Mb 1.4 Mb 1.5 Mb 1.6 Mb 1.7 Mb 1.8 Mb 1.9 Mb 2.0 Mb
CNV size

Fo
ld

 in
cr

ea
se

 in
 p

ro
ba

bi
lit

y 
of

 fa
ls

e-
po

si
tiv

e 1/10

1/50

1/100

1/500

1/1000

1/5000

1/10,000

  1/19,584

Population C
N

V frequency 

Chromosome 13 

CNV transmitted 
5%   Fetal Fraction 
10% Fetal Fraction 
15% Fetal Fraction 
20% Fetal Fraction 

1

10

100

1000

10000

100 kb 200 kb 300 kb 400 kb 500 kb 600 kb 700 kb 800 kb 900 kb 1.0 Mb 1.1 Mb 1.2 Mb 1.3 Mb 1.4 Mb 1.5 Mb 1.6 Mb 1.7 Mb 1.8 Mb 1.9 Mb 2.0 Mb
CNV size

Fo
ld

 in
cr

ea
se

 in
 p

ro
ba

bi
lit

y 
of

 fa
ls

e-
po

si
tiv

e 1/10

1/50

1/100

1/500

1/1000

1/5000

1/10,000

< 1/19,584

Population C
N

V frequency 

Chromosome 18 

CNV transmitted 
5%   Fetal Fraction 
10% Fetal Fraction 
15% Fetal Fraction 
20% Fetal Fraction 

C
as

e 
1 

C
as

e 
3 

Figure 3.7: Population	 frequency	and	estimated	 impact	on	 false-positive	 test	 rates	of	maternal	CNVs.
Population	frequency	and	estimated	impact	on	false-positive	test	rates	of	maternal	CNVs. The	burden	of
non-pathogenic	copy-number	increases	on	chromosomes	13, 18	and	21	in	a	cohort	of	19,584	individuals
predominantly	of	European	ancestry	is	displayed	for	a	range	of	CNV sizes (blue, right	vertical	axis). CNV
frequencies	in	each	size	bin	refer	to	CNVs	of	the	given	size	or	larger. For	each	size	bin, the	estimated	fold
increase	of	the	probability	of	a	false-positive	test	resulting	from	the	copy-number	increase	is	shown	for	a
range	of	fetal	fractions	(gray	and	colored	lines, left	vertical	axis). The	sizes	of	the	CNVs	present	in	Cases	1
and	3	are	highlighted (dashed	vertical	lines).
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of trisomy 13 and trisomy 18 are more likely than trisomy 21. Second, the coefficient of

variation of sequence reads for each chromosome modulates the effect of CNV size on the

probability of false-positive results. For example, chromosome 13, which has the highest of

the three examined coefficients of variation, is the most buffered from the effects of CNVs

(Figure 3.7).

3.3 Discussion

Recent advances in cfDNA-based NIPT have yielded screening techniques with substan-

tially better test performance characteristics than previous approaches (Bianchi et al., 2014;

Norton et al., 2015). However, PPV remains limited in both high- and low-risk populations,

and optimization of these screens, including delineation of potential mechanisms of false-

positive results, will be essential as uptake of this form of screening continues to acceler-

ate. We demonstrated and validated large maternal CNVs on chromosome 18 as plausible

causes of discordant results in two of four pregnancies with false-positive NIPT results.

Furthermore, using CNV frequencies from a largely European cohort, we estimated that

maternal CNVs may substantially contribute to an elevated risk of false-positive results.

Our study has several limitations. First, the study samples were not obtained at the

same time as the initial samples sent for commercial testing, potentially masking underly-

ing biological changes during gestation. While the presence of maternal CNVs is invariant

to sample collection timing, the impact of these CNVs in statistical inference of fetal ploidy

does depend on fetal inheritance and fetal fraction, the latter of which increases with gesta-

tional age. Thus, later in gestation, marginally larger CNVs are generally required to achieve

the same fold increase in false-positive probability when the CNV is not transmitted (Fig-

ure 3.7, Table 3.5). Second, we did not directly observe any large CNVs underlying NIPT

false-positives on chromosomes 13 or 21. Third, our preliminary estimates of impact from

modeling based on population-wide CNV frequencies are only as good as the assumptions

and data that went into them, which include the methods themselves (which are not neces-

sarily optimal or static), the coefficients of variation for each chromosome, the set of unique
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genomic regions potentially harboring CNVs (Figure 3.8), and the joint distribution of CNV

sizes and allele frequencies. For example, the spectra of CNV sizes and frequencies may

differ between European and non-European populations, underscoring the importance of

future studies with diverse patient groups.

A small cohort such as ours is insufficient to determine the precise impact of mater-

nal CNVs on aggregate cfDNA-based NIPT false-positive rates. Other cfDNA-based NIPT

methodologies, such as the targeted analysis of cfDNA from selected genomic regions, may

be more or less susceptible to false-positive results owing to maternal CNVs. However,

even as larger studies are warranted, implementations of NIPT based on counting statis-

tics arising from shotgun sequencing may be immediately modifiable to reduce maternal

CNVs as a source of false-positives. For example, when a maternal CNV is identified (in

cfDNA or PBMC-derived DNA, with the latter unconfounded by the fetus), reads derived

from the affected region could be discarded or proportionally discounted, or the effective

size of the chromosome adjusted. Alternatively, analogous to methods developed by oth-

ers (Srinivasan et al., 2013), z-scores could be calculated in fixed genome bin sizes, rather

than for whole chromosomes, such that region-specific outliers potentially corresponding

to maternal CNVs could be flagged or discarded.

Our study has several potential implications for the spectrum of causes of discordant

prenatal test results. First, while the incidence of fetal aneuploidy increases with maternal

age, the risk of a false-positive NIPT result caused by a maternal CNV would not depend on

maternal age, with affected women likely to experience recurrent false-positive results in

subsequent pregnancies. Second, while not directly addressed here, the presence of mater-

nal copy number losses or deletions of sequence could potentially induce the opposite effect

– that is, false-negative NIPT results in truly aneuploid pregnancies (Figure 3.1). Although

the impact of CNV size for hypothetical false-negatives cannot be quantified without co-

efficients of variation based on truly aneuploid pregnancies, the co-occurrence of trisomic

pregnancy and statistically relevant deletions is expected to be very infrequent.

In conclusion, although prospective studies have demonstrated excellent performance
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Figure 3.8: Population	frequency	and	estimated	impact	on	false-positive	test	rates	of	maternal	CNVs	with
less	stringent	filtering. The	burden	of	non-pathogenic	CNVs	on	chromosomes	13, 18, and	21	in	a	cohort
of	19,584	individuals	predominantly	of	European	ancestry	is	displayed	for	a	range	of	CNV sizes (blue, right
vertical	axis), as	in	Figure 3.7. Here, unlike	in	Figure 3.7, reference	panel	CNVs	were	not	filtered	for	overlap
with	unique	genomic	regions. This	less	conservative	approach	accounts	for	the	uncertainty	of	reference
panel	CNV breakpoints	and	unspecified	coordinates	of	unique	genomic	regions	used	by	NIPT providers.
CNV frequencies	in	each	size	bin	refer	to	CNVs	of	the	given	size	or	larger. For	each	size	bin, the	estimated
fold	increase	of	the	probability	of	a	false-positive	test	is	shown	for	a	range	of	fetal	fractions	(gray	and	colored
lines, left	vertical	axis). The	sizes	of	the	CNVs	carried	by	Patient	1	and	Patient	3	are	highlighted (top, dashed
vertical	lines).
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for cfDNA-based NIPT, the PPV remains limited and follow-up diagnostic testing remains

essential. The impact of false-positive screening results goes beyond the clinical risks and

financial costs of diagnostic testing and includes potential significant psychological stress

imposed on patients. Our modeling based on population-wide CNV frequencies provides

initial estimates upon which larger, more definitive studies can be based. Though currently

focused clinically on high-risk populations, cfDNA-based NIPT will likely become increas-

ingly broadly utilized as a primary screening test over time. Throughout this transition,

continued investigation and refinement of methodology to improve NIPT performance will

be critical.
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3.4 Methods

3.4.1 Patients	and	sample	processing

Subjects were identified from a population of consecutive false-positive cases referred for

perinatal genetic counseling at UW. After delivery, normal clinical outcomes were con-

firmed; all subjects had fetal diploidy based on antenatal genetic amniocentesis and/or

normal newborn exams.

From each pregnancy, maternal peripheral blood samples were drawn at the time of

enrollment, and cord blood samples were collected at delivery. Plasma was purified, and

cfDNA was isolated, sequenced, and aligned to the reference genome with standard meth-

ods. Maternal peripheral blood mononuclear cells (PBMC) were concurrently collected,

and DNA was isolated from these cells for validation of CNVs.

3.4.2 Maternal	plasma	library	preparation	and	sequencing

Maternal plasma was collected by standard methods and stored in 1 mL aliquots at -80ºC

until use. Circulating cfDNA was purified from plasma with the QIAamp Circulating Nu-

cleic Acid kit (Qiagen). DNA yield was measured with a Qubit fluorometer (Invitrogen). Se-

quencing libraries were prepared with the ThruPLEX-FD kit (Rubicon Genomics). Library

amplification was monitored by real-time PCR to avoid over-amplification. All libraries

were sequenced on HiSeq 2000 instruments (Illumina) using paired-end 101 bp reads with

an index read of 9 bp.

3.4.3 Read	mapping

Reads were mapped to the 1000 Genomes human reference genome sequence including

decoy sequences (hs37d5) with BWA v0.7.3a (Li and Durbin, 2009). PCR duplicate read

pairs were removed using the Picard toolkit (http://picard.sourceforge.net/).



63

3.4.4 Identification	of	CNVs

Read depth from shotgun sequencing of maternal cfDNA was calculated in non-overlapping

genomic windows of varying sizes, each containing 10,000 singly unique k-mers (SUNKs),

as described previously (Sudmant et al., 2010). Read depth profiles include only those reads

unambiguously derived from each chromosome. GC-correction was applied separately to

each window. Read depth profiles were examined for overrepresentation of portions of

chromosomes 13, 18, or 21. Candidate CNVs >250 kb in size were first identified by vi-

sual inspection of read-depth profiles on relevant chromosomes and validated by PCR and

Sanger sequencing of maternal PBMC DNA and cord blood DNA.

3.4.5 Modeling

For a range of maternal CNV sizes, we calculated the fold-increase in the probability of a

false-positive statistical test for each chromosome, based on the properties of the Z distribu-

tion underlying the test. The mean numbers of additional reads expected to be derived from

the duplicated regions were converted to chromosome-specific standard deviation units,

which were then used to calculate adjusted probabilities of false-positive results. Next, we

estimated the population frequencies of non-pathogenic CNVs on chromosomes 13, 18, and

21. For this, a CNV reference panel of 19,584 individuals predominantly of European de-

scent (Table 3.2) was filtered for duplications on relevant chromosomes and with at least

50% overlap with unique genomic regions.

The Illumina Verifi test (from which NIPT results for all four subjects were derived)

reportedly uses an average of 26.2 million reads per sample (Chiu et al., 2008) and retains

only reads uniquely assignable to a single genomic origin. Per-chromosome coefficients of

variation (Rava et al., 2013) were used to estimate the standard deviation of the number of

reads mapping to each chromosome i using the formula

CVi =
sdi
µi

where µi was estimated from the average total number of reads (26.2M) for each sample
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and the total length of uniquely mappable sequence on each chromosome (Table 3.4). Given

sdi, the minimum number of additional reads required to reach a k unit shift in z-score (i.e.,

k standard deviations above the mean) is k × sdi. For a given copy-number gain (i.e., du-

plication of sequence) of size s on autosomal chromosome i, Cs,i represents the proportion

of unique sequence on i duplicated by the CNV. The number of additional reads expected

to result from this duplication is

µi ×
Cs,i

2
× [1.0− (FF × I)]

where FF represents the fetal fraction of the sample and I is an indicator variable equal

to 0 if the CNV is inherited by the fetus and 1 if the CNV is not inherited. The CNV size

required to reach an expected z-score of k for a given autosome can be calculated by setting

this expression equal to k×sdi and solving this equation for Cs,i. Table 3.3 provides details

of this calculation for representative fetal fractions. Again given sdi, the minimum deficit

of reads required to reach a −k unit shift in z-score (i.e., k standard deviations below the

mean) is k × sdi. For a given copy-number loss (i.e., deletion of sequence) of size s on the

X chromosome, Cs,X represents the proportion of unique sequence on the X chromosome

deleted by the CNV. The deficit of reads expected to result from this deletion is

µX × Cs,X

2
× [1.0− (FF × I)]

if the fetal karyotype is 46,XX, where FF represents the fetal fraction of the sample and I

is an indicator variable equal to 0 if the CNV is inherited by the fetus and 1 if the CNV is not

inherited. The CNV size, in this case a deletion of sequence, required to reach an expected

z-score of −k for the X chromosome can be calculated by setting this expression equal to

k×sdi and solving this equation for Cs,X . If the fetal karyotype is 46,XY, the expectation of

the number of reads derived from the X chromosome may be adjusted downward by an ad-

ditional factor of [1–(0.5×FF )] to account for the different sex chromosome compositions

of the maternal and fetal compartments of the cfDNA. This calculation assumes that the

presence of absence of reads derived from the Y chromosome is not relevant to the z-score

calculation or inference of fetal karyotype. Table 3.4 provides details of this calculation.
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The fold increase in the probability of false-positive results was determined for each

CNV size by first finding the value of k associated with a CNV of that size on a particular

chromosome (as detailed above), and then calculating

Pr (Z > (4.0− k))

Pr (Z > 4.0)

for 0 < k < 4.
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Table 3.1: Calculation	of	 standard	deviations	 in	number	of	 reads	derived	 from	chromosomes	13, 18,

and	21. From	a	fixed	number	of	uniquely	mapped	reads, the	mean	number	of	reads	derived	from	each

chromosome	is	calculated	based	on	the	amount	of	unique	sequence	on	that	chromosome. In	combination

with	this	mean, the	coefficient	of	variation	(CV) for	each	chromosome	(Rava	et al., 2013)	determines	the

standard	deviation	in	truly	diploid	pregnancies.

Uniquely

mapped	reads

per	sample

Chrom. CV

Uniquely

mappable

sequence	(bp)

Proportion

of	all

mappable

sequence

Mean	#	of

reads	from

26.2M

1	SD in

diploid

samples

13 0.0045 80,382,000 0.03543 928,190 4176.86

26,200,000 18 0.0023 62,670,000 0.02762 723,644 1664.38

21 0.0044 27,966,000 0.01233 322,929 1420.89
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Table 3.4: Breakpoints	and	PCR primers	for	detection	of	maternal	CNVs. Breakpoints	are	in	hg19	coordi-

nates. The	chromosome	18	amplification	positive	control, used	in	Figure 3.4, is	expected	to	produce	a	229

bp	amplicon.

Patient Breakpoints Band
CNV

size
PCR Primers

1

chr18:

6,935,598 -

8,087,852

18p11.31 –

18p11.23

1.15

Mb

5’-TGACCACTTTCAGCATGCCA-3’

5’-GCTTGGAAGAAGACTCAGTGGA-3’

3

chr18:

6,351,540 -

6,839,310

18p11.31 487 kb
5’-AGGGACTTTCTACTTGAGAAGCA-3’

5’-CCTTCTTGGCAGGGGGAAAT-3’

Amplification positive control
5’-TCGAAGTGTGCTTTCCCTGA-3’

5’-ACATTTTCCAGAGGCCGACA-3’
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Table 3.5: The	role	of	CNV size	and	fetal	fraction	in	false-positive	NIPT results. Z score	increases	refer

to	the	number	of	normalized	units	the	sampling	distribution	is	shifted	relative	to	the	underlying	reference

distribution	by	a	maternal	CNV.	The	CNV size	depends	on	the	transmission	of	the	CNV and, for	CNVs	that

are	not	transmitted, on	the	fetal	fraction	of	cfDNA in	the	maternal	plasma. The	population	burden	of	such

CNVs, as	estimated	from	a	cohort	of	19,584	controls	of	predominantly	European	ancestry	(Table 3.2), is

given	for	each	fetal	fraction. All	calculations	assume	that	the	pregnancy	is	diploid, and	are	based	on	26.2

million	reads	per	sample.

Estimated	false-positive	rates	are	reported	by	Bianchi	and	colleagues	(Bianchi	et al., 2014). The	rate	for

chromosome	13	includes	the	899	patients	for	whom	standard	screening	was	available	as	well	as	the	1,015

patients	for	whom	only	cfDNA-based	results	were	available.

FP:	false-positive	NIPT result	for	the	given	chromosome.

Chrom
False-

positive

rate

CNV transmitted CNV not	transmitted

Z score

increase
CNV size

Population

prevalence

Fetal

Fraction
CNV size

Population

prevalence

13
3 / 1,914

(0.16%)

1.0

(43-fold)
723 kb

8 / 19,584

(0.041%)

5% 762 kb
7 / 19,584

(0.036%)

10% 804 kb
7 / 19,584

(0.036%)

15% 851 kb
7 / 19,584

(0.036%)

20% 904 kb
6 / 19,584

(0.031%)

2.0

(718-fold)

1.45 Mb
1 / 19,584

(0.005%)

5% 1.52 Mb
1 / 19,584

(0.005%)

10% 1.61 Mb
1 / 19,584

(0.005%)

15% 1.70 Mb
1 / 19,584

(0.005%)

20% 1.81 Mb
1 / 19,584

(0.005%)

Continued on Next Page…
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Table 3.5 – Continued

Chrom
False-

positive

rate

CNV transmitted CNV not	transmitted

Z score

increase
CNV size

Population

prevalence

Fetal

Fraction
CNV size

Population

prevalence

18
3 / 1,905

(0.16%)

1.0

(43-fold)
288 kb 58 / 19,584

(0.296%)

5% 303 kb
58 / 19,584

(0.296%)

10% 320 kb
51 / 19,584

(0.260%)

15% 339 kb
45 / 19,584

(0.230%)

20% 360 kb
45 / 19,584

(0.230%)

2.0

(718-fold)

577 kb
14 / 19,584

(0.071%)

5% 607 kb
13 / 19,584

(0.066%)

10% 641 kb
10 / 19,584

(0.051%)

15% 678 kb
9 / 19,584

(0.046%)

20% 721 kb
5 / 19,584

(0.026%)

Continued on Next Page…
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Table 3.5 – Continued

Chrom
False-

positive

rate

CNV transmitted CNV not	transmitted

Z score

increase
CNV size

Population

prevalence

Fetal

Fraction
CNV size

Population

prevalence

21
6 / 1,909

(0.31%)

1.0

(43-fold)
246 kb 24 / 19,584

(0.123%)

5% 259 kb
22 / 19,584

(0.112%)

10% 273 kb
17 / 19,584

(0.087%)

15% 290 kb
16 / 19,584

(0.082%)

20% 308 kb
15 / 19,584

(0.077%)

2.0

(718-fold)

492 kb
8 / 19,584

(0.041%)

5% 518 kb
5 / 19,584

(0.026%)

10% 547 kb
4 / 19,584

(0.020%)

15% 579 kb
3 / 19,584

(0.015%)

20% 615 kb
3 / 19,584

(0.015%)
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Chapter 4

CELL-FREE DNA COMPRISES AN IN VIVO NUCLEOSOME FOOTPRINT
THAT INFORMS ITS TISSUES-OF-ORIGIN

This chapter has been adapted with minor changes from: Snyder, MW; Kircher M; Hill, AJ; Daza, RM; and

Shendure, J. Cell-free DNA comprises an in vivo nucleosome footprint that informs its tissues of origin. Cell

164:57-68 (2016).

In the published manuscript, I share first author credit with Dr. Kircher. My specific contributions include

the conceptualization of the project, processing of biological samples, preparation and sequencing of cfDNA

libraries, data analysis, preparation of many of the figures and tables, and significant effort towards the first

draft of the manuscript.

Abstract

Nucleosomes are the basic unit of chromatin packaging, and nucleosome positioning varies

between cell types. We deeply sequenced plasma-borne cell-free DNA (cfDNA) to generate

a genome-wide map of in vivo nucleosome occupancy, while also finding that short cfDNA

fragments footprint transcription factors. The nucleosome map, which contains 13M posi-

tions and spans 2.5 gigabases of the human genome, correlates well with nuclear architec-

ture, gene structure and expression. Nucleosome spacing inferred from cfDNA in healthy

individuals correlates most strongly with epigenetic features of lymphoid and myeloid cells,

consistent with hematopoietic cell death as the normal source of cfDNA. We build on this

observation to show how nucleosome footprints can be used to infer cell types contribut-

ing to cfDNA in pathological states such as cancer. Because it does not rely on genotypic

differences, this strategy may enable the noninvasive cfDNA-based monitoring of a much

broader set of clinical conditions than is currently possible.



78

4.1 Introduction

Cell-free DNA (cfDNA) is present in the circulating plasma, urine, and other bodily flu-

ids of humans (Chan et al., 2003). The cfDNA comprises double-stranded DNA fragments

that are overwhelmingly short (<200 base-pairs (bp)) and normally at a low concentration

(Fleischhacker and Schmidt, 2007). In healthy individuals, plasma cfDNA is believed to

derive primarily from apoptosis of normal cells of the hematopoietic lineage, with minimal

contributions from other tissues (Lui et al., 2002). The short half-life of cfDNA in the cir-

culation (Lo et al., 1999) suggests a model of ongoing release from apoptotic cells and rapid

degradation or filtration. The size distribution of cfDNA fragments bears correspondence

with these origins – specifically, peaks corresponding to nucleosomes (∼147 bp) and chro-

matosomes (nucleosome + linker histone; ∼167 bp) have been noted (Fan et al., 2008; Lo

et al., 2010) – and some proportion of cfDNA may circulate as nucleosomes or chromato-

somes, rather than as free DNA (Holdenrieder et al., 2005; Wimberger et al., 2010)).

Myeloid & 
lymphoid cells 

Cancerous cells 

Figure 4.1: Schematic	overview	of	cfDNA fragmentation. Schematic	overview	of	cfDNA fragmentation.
Apoptotic	or	necrotic	cell	death	results	in	near-complete	digestion	of	native	chromatin. Protein-bound	DNA
fragments, typically	associated	with	histones	or	TFs, preferentially	survive	digestion	and	are	released	into	the
circulation, while	naked	DNA is	lost. Fragments	can	be	recovered	from	peripheral	blood	plasma	following
proteinase	treatment. In	healthy	individuals, cfDNA is	primarily	derived	from	myeloid	and	lymphoid	cell
lineages, but	contributions	from	one	or	more	additional	tissues	may	be	present	in	certain	medical	conditions.
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In the context of specific physiological conditions or disease processes, a substantial

proportion of cfDNA may be derived from a different distribution of tissues than during

the typical, healthy state. This fact has been exploited in recent years to achieve nonin-

vasive diagnostics based on cfDNA composition. In pregnant women, ∼10-15% of cfDNA

originates from placental trophoblasts, and cfDNA-based screening for fetal genetic abnor-

malities is now common in high-risk pregnancies (Chiu et al., 2008; Fan et al., 2008). In

oncology, the monitoring of advanced cancers by quantifying mutations or aneuploidy in

tumor-shed cfDNA is gaining traction (Diaz and Bardelli, 2014). In transplant medicine,

allograft rejection events can be correlated with abnormally high levels of donor-derived

cfDNA fragments contributed by the transplanted solid organ (Snyder et al., 2011).

Despite these advances, a common limitation is the requirement for genetic differences

to distinguish between contributing tissues, e.g. fetus vs. mother, tumor vs. normal, or

donor vs. recipient. Conditions such as myocardial infarction (Chang et al., 2003), stroke

(Rainer et al., 2003) and autoimmune disorders (Galeazzi et al., 2003) are associated with

elevations in cfDNA levels, possibly consequent to tissue damage, but cannot be specifically

monitored via cfDNA because of the lack of such genetic differences. Furthermore, even as

mutations enable monitoring of tumor-derived cfDNA, they only weakly inform a tumor’s

tissue-of-origin.

We hypothesized that if cfDNA is the detritus of cell death, and if the boundaries of

cfDNA fragments are biased by their association with nucleosomes, then the fragmentation

patterns observed in an individual’s cfDNA might contain evidence of the epigenetic land-

scape(s) of the cells giving rise to these fragments – and thus, of their tissue(s)-of-origin –

i.e., a strategy that does not rely on genotypic differences between contributing cell types.

To evaluate this hypothesis, we first set out to deeply sequence cfDNA to better un-

derstand the processes that give rise to it. We use the resulting data to build a map of

nucleosome occupancy that approaches saturation of the mappable human genome. By

optimizing protocols to recover short fragments, we discover that the in vivo occupancies

of transcription factors (TFs) such as CTCF are also directly footprinted by cfDNA. Finally,
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Figure 4.2: Characteristics	of	conventional	cell-free	DNA sequencing	libraries. Characteristics	of	con-
ventional	cell-free	DNA sequencing	libraries. (left) Fragment	length	of	cfDNA observed	with	conventional
sequencing	library	preparation, inferred	from	alignment	of	paired-end	reads. A reproducible	peak	in	frag-
ment	length	at	167	bp	(green	dashed	line)	is	consistent	with	association	with	chromatosomes. Additional
peaks	evidence ∼10.4	bp	periodicity, corresponding	to	the	helical	pitch	of	DNA on	the	nucleosome	core.
Enzymatic	end-repair	during	library	preparation	removes	5’	and	3’	overhangs	and	may	obscure	true	cleavage
sites. (right)Dinucleotide	composition	of	167	bp	fragments	and	flanking	genomic	sequence	in	conventional
libraries. Observed	dinucleotide	frequencies	in	the	BH01	library	were	compared	to	expected	frequencies
from	simulated	fragments.

we show that nucleosome spacing in regulatory elements and gene bodies, as revealed by

cfDNA sequencing in healthy individuals, correlates most strongly with DNase I hypersen-

sitivity (DHS) and gene expression in lymphoid and myeloid cell lines. To test whether

we can infer additional contributing tissues in non-healthy states, we sequenced cfDNA

samples from five late-stage cancer patients. The patterns of nucleosome spacing in these

samples reveal additional contributions to cfDNA that correlate most strongly with non-

hematopoietic tissues or cell lines, often matching the anatomical origin of the patient’s

cancer.

4.2 Results

4.2.1 cfDNA fragments	correspond	to	chromatosomes	and	contain	substantial	DNA damage

We prepared conventional sequencing libraries by end-repair and adaptor ligation to cfDNA

fragments purified from plasma pooled from an unknown number of healthy individuals
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(‘BH01’) or a single individual (‘IH01’) (Figure 4.1; Table 4.1). We sequenced these libraries

to 96- and 105-fold coverage (1.5 billion (G) and 1.6G fragments). The fragment length

distributions have a dominant peak at ∼167 bp (coincident with the length of DNA associ-

ated with a chromatosome), and ∼10.4 bp periodicity in the 100-160 bp range (Figure 4.2).

These distributions support a model in which cfDNA fragments are preferentially protected

from nuclease cleavage by association with proteins – in this case, by the nucleosome core

particle (NCP) and linker histone – but where some degree of additional nicking or cleav-

age occurs in relation to the helical pitch of nucleosome-bound DNA (Fan et al., 2008; Lo

et al., 2010). Further supporting this model is the dinucleotide composition of these frag-

ments, which recapitulates key features of earlier studies of MNase-derived, nucleosome-

associated fragments (e.g. bias against A/T dinucleotides at the dyad) (Gaffney et al., 2012)

and supports the notion that the NCP is symmetrically positioned with respect to the chro-

matosome (Harshman et al., 2013) (Figure 4.2).

A prediction of this model is widespread DNA damage, e.g. single-strand nicks as well

as 5’ and 3’ overhangs. During conventional library preparation, damaged as well as short

dsDNA molecules (Mouliere et al., 2014) may be poorly recovered. To address this, we

prepared a single-stranded cfDNA library from an additional healthy individual (‘IH02’)

using a protocol adapted from studies of ancient DNA (Figure 4.3; Table 4.2) (Gansauge

and Meyer, 2013), and sequenced it to 30-fold coverage (779M fragments).

The fragment length distribution again exhibited a dominant peak at ∼167 bp, but was

considerably enriched for shorter fragments relative to conventional library preparation

(Figure 4.4). Although all libraries exhibit ∼10.4 bp periodicity, the fragment sizes are offset

by ∼3 bp for the two methods, consistent with damaged or non-flush input molecules whose

true endpoints are more faithfully represented in single-stranded libraries.

4.2.2 A genome-wide	map	of in	vivo nucleosome	protection	based	on	deep	cfDNA sequencing

We next asked whether the predominant local positions of nucleosomes in tissue(s) con-

tributing to cfDNA could be inferred from the distribution of aligned fragment endpoints.
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Figure 4.3: Schematic	of	single-stranded	library	preparation	protocol. Input	molecules, consisting	of	ap-
proximately	1-10	ng	of	cfDNA fragments, may	have	single	stranded	nicks	and/or	5’	or	3’	overhangs (top,
yellow	and	blue	bars). Fragments	are	dephosphorylated	and	denatured, separating	single	strands	of	DNA
at	nick	sites (second	panel). After	ligation	of	a	3’	biotin-conjugated	single-stranded	adapter	to	each	frag-
ment (third	panel, red	bars), fragments	are	tightly	bound	to	streptavidin-coated	beads	for	downstream	steps.
Second-strand	synthesis	and	end	polishing (fourth	panel) enable	the	ligation	of	a	second, double-stranded
adapter (fifth	panel). After	elution	of	the	newly	synthesized	second	strand, sample	indices	and	flow-cell
adapters	are	added	during	PCR.
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Figure 4.4: Characteristics	of	single-stranded	cell-free	DNA sequencing	libraries. Characteristics	of	single-
stranded	cell-free	DNA sequencing	libraries. (left) Fragment	length	of	cfDNA in	single-stranded	sequencing
library	preparation. No	enzymatic	end-repair	is	performed	to	template	molecules	during	library	preparation.
Short	 fragments	of	50-120	bp	are	highly	enriched	compared	 to	conventional	 libraries. While ∼10.4	bp
periodicity	remains, its	phase	is	shifted	by ∼3	bp. (right) Dinucleotide	composition	of	167	bp	fragments
and	flanking	genomic	sequence	in	single-stranded	library	IH02, calculated	as	in 4.2. The	apparent	difference
in	the	background	level	of	bias	between	BH01	and	IH02	relate	to	differences	between	the	simulations, rather
than	the	real	libraries (data	not	shown).

Specifically, we expect that cfDNA fragment endpoints should cluster adjacent to NCP bound-

aries, while also being depleted on the NCP itself. To quantify this, we developed a Win-

dowed Protection Score (WPS), which is the number of DNA fragments completely span-

ning a 120 bp window centered at a given genomic coordinate, minus the number of frag-

ments with an endpoint within that same window (Figure 4.5).

As expected, the WPS correlates with the locations of nucleosomes within strongly po-

sitioned arrays, as mapped by other groups with in vitro methods (Gaffney et al., 2012;

Valouev et al., 2012) or ancient DNA (Pedersen et al., 2014) (Figure 4.6). At other sites, the

WPS correlates with genomic features such as DHS sites, e.g. consistent with the reposi-

tioning of nucleosomes flanking a distal regulatory element (Figure 4.7).

We applied a heuristic peak-calling algorithm to the genome-wide WPS of the BH01,

IH01 and IH02 datasets to identify and score 12.6M, 11.9M, and 9.7M local maxima of nu-

cleosome protection (Figures 4.8 and 4.9). In each sample, the mode distance between

adjacent peaks is 185 bp with low variance (Figure 4.9), consistent with previous analyses
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Figure 4.5: Schematic	of	 inference	of	nucleosome	positioning. Schematic	of	 inference	of	nucleosome
positioning. A per-base	windowed	protection	score	(WPS) is	calculated	by	subtracting	the	number	of	frag-
ment	endpoints	within	a	120	bp	window	from	the	number	of	fragments	completely	spanning	the	window.
High	WPS values	indicate	increased	protection	of	DNA from	digestion; low	values	indicate	that	DNA is
unprotected. Peak	calls	identify	contiguous	regions	of	elevated	WPS.

of the nucleosome repeat length in mammalian cells (Teif et al., 2012; Valouev et al., 2012).

The positions of peak calls are concordant between samples (Figure 4.10), e.g. the median

(absolute) distance from a BH01 peak call to a nearest-neighbor IH01 peak call is 23 bp

overall, but <10 bp for the most highly scored peaks (data not shown).

As biases introduced by nuclease specificity or library preparation might artifactually

contribute to the signal of nucleosome protection, we also simulated fragment endpoints,

matching for the depth, size distribution and terminal dinucleotide frequencies. We then

calculated genome-wide WPS and called 10.3M, 10.2M, and 8.0M local maxima by the same

heuristic, for simulated datasets matched to BH01, IH01 and IH02, respectively. Peaks

from simulated datasets are associated with lower scores than peaks from real datasets and

do not align well with the locations of peaks called from real datasets (Figure 4.10).

We next pooled and reanalyzed data from BH01, IH01, and IH02 (‘CH01’; 231-fold cov-

erage; 3.8G fragments; Table 4.1). The resulting map of in vivo nucleosome occupancy
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Figure 4.6: Strongly	positioned	nucleosomes	at	a	well-studied	alpha-satellite	array. Strongly	positioned
nucleosomes	at	a	well-studied	alpha-satellite	array. Coverage, fragment	endpoints, and	WPS values	from
sample	CH01	are	shown	for	long	fragment	(120	bp	window; 120–180	bp	fragments)	or	short	fragment	(16	bp
window; 35–80	bp	fragments)	bins	at	a	pericentromeric	locus	on	chromosome	12. Nucleosome	calls	from
CH01 (middle, blue	boxes) are	regularly	spaced	across	the	locus. Nucleosome	calls	from	two	published
callsets	(Gaffney	et al., 2012; Pedersen	et al., 2014) (middle, purple	and	black	boxes) are	also	displayed.
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Figure 4.7: Inferred	nucleosome	positioning	around	an	example	DNase-I Hypersensitive	Site. Inferred
nucleosome	positioning	around	an	example	DNase-I Hypersensitive	Site. Coverage, fragment	endpoints,
WPS values, and	nucleosome	calls	are	shown	as	in	Figure 4.6. The	hypersensitive	region	(gray	shading),
is	marked	by	reduced	coverage	in	the	long	fragment	bin. Nucleosome	calls	adjacent	to	the	DHS site	are
spaced	more	widely	than	typical	adjacent	pairs, consistent	with	accessibility	of	the	intervening	sequence	to
regulatory	proteins	including	TFs. Coverage	of	short	fragments, which	may	be	associated	with	such	proteins,
is	increased	at	the	DHS site, which	overlaps	with	several	annotated	TFBSs (not	shown).
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Figure 4.8: Schematic	of	peak	calling	and	scoring. Nucleosomes	are	called	from	the	long	fragment	WPS
values	after	local	adjustment	to	a	running	median	of	zero	(1	kb	window)	and	smoothing	with	a	Savitzky-
Golay	filter. The	WPS track	is	segmented	into	above-zero	regions, allowing	up	to	5	consecutive	positions	be-
low	zero. The	median	WPS value	for	each	region	is	calculated, and	the	maximum-sum	contiguous	window
above	the	median	is	identified. A single	nucleosome	call	consists	of	the	start, end	and	center	coordinates
of	this	window, and	an	associated	score. The	score	of	the	call	is	defined	as	the	distance	between	maximum
value	in	the	window	and	the	average	of	the	two	adjacent	WPS minima	neighboring	the	region.

comprises 12.9M peaks, with higher scores and approaching saturation. Considering all

peak-to-peak distances below 500 bp (Figure 4.11), the CH01 peaks span 2.53 gigabases.

Nucleosomes are known to be well-positioned in relation to landmarks of gene regula-

tion, e.g. transcriptional start sites (Pedersen et al., 2014) and exon-intron boundaries (An-

dersson et al., 2009; Chodavarapu et al., 2010). We observe such positioning in our data as

well, in relation to landmarks of transcription, translation and splicing (Figure 4.12A-D).

We further examined the median peak-to-peak spacing within 100 kilobase (kb) windows

that had been assigned to compartment A (enriched for open chromatin) or compartment B

(enriched for closed chromatin) on the basis of chromatin contact maps in a lymphoblastoid

cell line (Rao et al., 2014). Nucleosomes in compartment A exhibit tighter spacing than nu-

cleosomes in compartment B (median 187 bp (A) vs. 190 bp (B)), with further differences

between subcompartments (Figure 4.13). Along the length of chromosomes, no general

pattern is seen, except that median nucleosome spacing drops sharply in pericentromeric

regions, presumably driven by strong positioning across arrays of alpha satellites (Figures

4.6 and 4.13).
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Figure 4.9: Distances	between	adjacent	peaks, by	sample. Distances	between	adjacent	peaks	by	sample.
Distances	are	measured	between	adjacent	peak	centers.

4.2.3 Short	cfDNA fragments	directly	footprint	CTCF and	other	TFs

Previous studies of DNase I cleavage patterns identified two dominant classes of fragments:

longer fragments associated with cleavage between nucleosomes, and shorter fragments as-

sociated with cleavage adjacent to transcription factor binding sites (TFBS) (Vierstra et al.,

2013). To ask whether in vivo-derived cfDNA fragments also result from two classes of

sensitivity to nuclease cleavage, we partitioned sequence reads (CH01) on the basis of in-

ferred fragment length and recalculated the WPS using long fragments (120-180 bp; 120 bp

window; the same as the WPS described for nucleosome calling) or short fragments (35-80

bp; 16 bp window) separately (Figures 4.6 and 4.7). To obtain a set of well-defined TFBSs

enriched for actively bound sites in our data, we intersected clustered FIMO predictions

(Grant et al., 2011; Maurano et al., 2012) with a unified set of ChIP-seq peaks from EN-

CODE for each TF.

Consistent with observations by others (Fu et al., 2008; Pedersen et al., 2014; Teif et al.,

2012), the long fraction WPS (L-WPS) supports strong organization of nucleosomes near
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Figure 4.10: Comparison	of	peak	calls	between	samples. Comparison	of	peak	calls	between	samples.
For	each	pair	of	samples, the	distances	between	each	peak	call	 in	the	sample	with	fewer	peaks	and	the
nearest	peak	call	in	the	other	sample	are	shown. Negative	and	positive	numbers	indicate	the	nearest	peak
is	upstream	or	downstream, respectively.

CTCF binding sites (Figure 4.14A). However, we also observe a strong signal in the short

fraction WPS (S-WPS) coincident with the CTCF site itself (Ong and Corces, 2014) (Figures

4.14A and 4.14B). We stratified CTCF sites based on our confidence that they are bound

in vivo. Experimentally well-supported CTCF sites exhibit substantially broader spacing

between the flanking –1 and +1 nucleosomes based on the L-WPS, consistent with their

repositioning upon CTCF binding (∼190 bp→∼260 bp; Figure 4.14C). Experimentally well-

supported CTCF sites also exhibit a much stronger S-WPS signal over the CTCF binding site

itself (Figure 4.14D).

We performed similar analyses for additional TFs for which both FIMO predictions and

ENCODE ChIP-seq data were available. For many of these, e.g. ETS and MAFK (Figures

4.14E and 4.14F), we observe a short fraction footprint that is accompanied by periodic

signal in the L-WPS, consistent with strong positioning of nucleosomes surrounding bound

TFBS. Overall, these data support the view that short cfDNA fragments, which are much

better recovered by the single-stranded protocol (Figures 4.2 and 4.4), directly footprint
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Figure 4.11: Distances	between	adjacent	peaks, samples	CH01. Distances	between	adjacent	peaks, sample
CH01. The	dotted	black	line	indicates	the	mode	of	the	distribution	(185	bp).

the in vivo occupancy of DNA-bound TFs including CTCF and others.

4.2.4 Nucleosome	spacing	patterns	inform	cfDNA tissues-of-origin

We next asked whether in vivo nucleosome protection, as measured through cfDNA, could

be used to infer the cell types contributing to cfDNA in healthy individuals. We examined

the peak-to-peak spacing of nucleosome calls within DHS sites defined in 116 diverse bi-

ological samples (Maurano et al., 2012). Similar to bound CTCF sites (Figure 4.14C), we

observe substantially broader spacing for nucleosome pairs within a subset of DHS sites,

plausibly corresponding to sites at which the nucleosomes are repositioned by interven-

ing TF binding in the cell type(s) giving rise to cfDNA (∼190 bp → ∼260 bp; Figure 4.15).

Indeed, the proportion of widened nucleosome spacing (∼260 bp) varies considerably de-
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Figure 4.12: Nucleosome	positioning	and	spacing	correlates	with	genomic	features. Nucleosome	posi-
tioning	and	spacing	correlates	with	genomic	features. (top	left) Aggregate, adjusted	windowed	protection
scores	(WPS;	120	bp	window)	around	22,626	transcription	start	sites	(TSS).	TSS are	aligned	at	the	0	position
after	adjusting	for	strand	and	direction	of	transcription. Aggregate	WPS is	tabulated	for	both	real	data	and
simulated	data	by	summing	per-TSS WPS at	each	position	relative	to	the	centered	TSS.	The	values	plotted
represent	the	difference	between	the	real	and	simulated	aggregate	WPS (see	Methods	for	details). (top	right)
Aggregate, adjusted	WPS around	22,626	start	codons. (bottom	left	and	bottom	right) Aggregate, adjusted
WPS around	224,910	splice	donor	and	224,910	splice	acceptor	sites.

pending on which cell type’s DHS sites are used. However, all of the cell types for which

this proportion is highest are lymphoid or myeloid in origin (e.g. CD3_CB-DS17706, etc.

in Figure 4.15), consistent with hematopoietic cell death as the dominant source of cfDNA

in healthy individuals (Lui et al., 2002).

We next re-examined the signal of nucleosome protection in the vicinity of transcrip-

tional start sites (TSS) (Figure 4.12). If we stratify based on gene expression in a lymphoid

cell line, NB-4, we observe strong differences in the patterns of nucleosome protection

in relation to the TSS, in highly vs. lowly expressed genes (Figure 4.16A). Furthermore,

if we examine the S-WPS, we observe a clear footprint immediately upstream of the TSS

whose intensity also strongly correlates with expression (Figure 4.16B). This plausibly re-
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Figure 4.13: Nucleosome	spacing	in	A/B compartments. Nucleosome	spacing	in	A/B compartments. (top
left) Median	nucleosome	spacing	in	non-overlapping	100	kb	bins, each	containing 500	nucleosome	calls,
is	 calculated	 genome-wide. A/B compartment	 predictions, also	with	 100	 kb	 resolution, are	 shown	 for
GM12878. Compartments	A and	B are	associated	with	open	and	closed	chromatin, respectively. (top
right	and	bottom	right)Nucleosome	spacing	and	A/B compartments	on	chromosomes	7	and	11. A/B seg-
mentation	(red	and	blue	bars)	largely	recapitulates	chromosomal	G-banding	(ideograms, gray	bars). Median
nucleosome	spacing	(black	dots)	is	calculated	in	100	kb	bins.

flects footprinting of the transcription pre-initiation complex, or some component thereof,

at transcriptionally active genes.

These observations support our thesis that cfDNA fragmentation patterns indeed con-

tain signal that might be used to infer the tissue(s) or cell-type(s) giving rise to cfDNA.

However, a challenge is that relatively few reads in a genome-wide cfDNA library directly

overlap DHS sites and TSSs.

It was previously observed that nucleosome spacing varies between cell types as a func-

tion of chromatin state and gene expression (Teif et al., 2012; Valouev et al., 2012). In

general, open chromatin and transcription are associated with a shorter nucleosome re-

peat length, consistent with our analyses of compartment A vs. B (Figure 4.13). In our

peak calls, we also observe a correlation between nucleosome spacing across gene bodies

and their expression levels, with tighter spacing associated with higher expression (Figure

4.17A; ρ = -0.17; n = 19,677 genes). The correlation is highest for the gene body itself, rel-
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Figure 4.14: Short	cfDNA fragments	footprint	CTCF and	other	TF binding	sites. Clustered	FIMO predic-
tions	were	intersected	with	ChIP-seq	data	to	obtain	confident	sets	of	binding	site	predictions	for	various
TFs. Aggregate, adjusted	WPS was	calculated	for	both	the	long	(120-180	bp)	and	short	(35-80	bp)	fractions
of	cfDNA fragments. Higher	WPS values	indicate	greater	nucleosome	or	TF protection, respectively. (A)
Aggregate, adjusted	WPS for	518,632	predicted	CTCF binding	sites	for	the	long (top) and	short (bottom)
cfDNA fractions. Binding	of	CTCF results	in	strong	positioning	of	neighboring	nucleosomes. (B) Aggre-
gate, adjusted	WPS,	calculated	for	518,632	predicted	CTCF sites	as	in A and	magnified	for	detail, for	35–80
bp	cfDNA fragments. The	pink	shading	indicates	the	larger	52	bp	CTCF binding	motif, and	the	black	box
shows	 the	 location	of	 the	17	bp	motif	used	 for	FIMO predictions. (C) Density	of	 -1	 to	+1	nucleosome
spacing	around	CTCF sites	derived	from	clustered	FIMO predictions	(purely	motif-based: 518,632	sites), a
subset	of	these	predictions	overlapping	with	ENCODE ChIP-seq	peaks	(93,530	sites), and	a	further	subset
active	across	19	cell	 lines	 (23,723	sites). Flanking	nucleosome	spacing	at	 the	 least	stringent	set	of	sites
(motif-based)	mirrors	the	genome-wide	average	(∼185	bp), while	spacing	at	the	most	stringent	set	of	sites	is
highly	enriched	for	greater	distances	(∼260	bp), consistent	with	active	CTCF binding	and	repositioning	of
adjacent	nucleosomes. (D) Mean	WPS calculated	for	the	long (top) and	short (bottom) cfDNA fractions
at	the	sets	of	CTCF sites	in C.(E and	F) Aggregate, adjusted	WPS calculated	for	both	long (top) and	short
(bottom) cfDNA fractions	at	predicted	binding	sites	for	ETS (210,798	sites) (E) and	MAFK (32,159	sites) (F).
For	both	factors, short	fraction	WPS is	consistent	with	TF-conferred	protection	of	the	binding	site, whereas
long	fraction	WPS evidences	regular, local	positioning	of	surrounding	nucleosomes.
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Figure 4.15: Nucleosome	spacing	around	DHSes	in	116	callsets. Nucleosome	spacing	around	DHSes	in
116	callsets. The	distribution	of	nucleosome	spacing	for	peaks	flanking	DHS sites	 is	bimodal, plausibly
corresponding	to	widened	nucleosome	spacing	at	active	DHS sites	due	 to	 intervening	TF binding	(∼190
bp → ∼260	bp). Lymphoid	or	myeloid	callsets	have	 the	 largest	proportions	of	DHS sites	with	widened
nucleosome	spacing, consistent	with	hematopoietic	cell	death	as	the	dominant	source	of	cfDNA in	healthy
individuals.

ative to adjacent regions (upstream 10 kb ρ = -0.08; downstream 10 kb ρ = -0.01). If we

limit this analysis to gene bodies that span at least 60 nucleosome calls, the correlation is

much stronger (ρ = -0.50; n = 12,344 genes).

An advantage of exploiting signals such as nucleosome spacing across gene bodies or

other domains is that a much larger proportion of cfDNA fragments will be informative, and

moreover we might be able to detect mixtures of signals resulting from multiple cell types

contributing to cfDNA. To test this, we performed fast Fourier transformation (FFT) on the

L-WPS across the first 10 kb of gene bodies and on a gene-by-gene basis. The intensity of the

FFT signal is correlated with gene expression at specific frequency ranges, with a maximum

at 177-180 bp for positive correlation and a minimum at ∼199 bp for negative correlation

(Figure 4.17B). In performing this analysis against a dataset of 76 expression datasets for
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Figure 4.16: WPS profiles	stratified	by	gene	expression. WPS profiles	stratified	by	gene	expression. Parti-
tioning	adjusted	WPS scores	around	TSS into	five	gene	expression	bins	(quintiles)	defined	for	NB-4	(an	acute
promyelocytic	leukemia	cell	line)	reveals	differential	nucleosome	spacing	and	positioning. (A) Highly	ex-
pressed	genes	show	strong	nucleosome	phasing	within	the	transcript	body. Upstream	of	the	TSS,	-1	nucle-
osomes	are	well-positioned	across	expression	bins, but	-2	and	-3	nucleosomes	are	well-positioned	only	for
medium	to	highly	expressed	genes. (B) For	medium	to	highly	expressed	genes, a	short	fragment	WPS peak
is	observed	between	the	TSS and	the	-1	nucleosome, plausibly	footprinting	some	or	all	of	the	transcription
preinitiation	complex	at	transcriptionally	active	genes.

human cell lines and primary tissues (Uhlén et al., 2015), we observe that the strongest

correlations are with hematopoietic lineages (Figure 4.17B). For example, the most highly

ranked negative correlations with average intensity in the 193-199 bp frequency range for

each of three healthy samples (BH01, IH01, IH02) are all to lymphoid cell lines, myeloid

cell lines, or bone marrow tissue (Figure 4.18; Table 4.3). These top correlation ranks are

robust to downsampling (Figure 4.19).

4.2.5 Nucleosome	spacing	in	cancer	patients’	cfDNA identifies	non-hematopoietic	contributions

We next sought to ask whether we could detect signatures of non-hematopoietic cell types

contributing to circulating cfDNA in non-healthy states. We first screened 44 plasma sam-

ples from individuals with clinical diagnoses of a variety of Stage IV cancers with light se-
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Figure 4.17: Correlation	of	gene	expression	and	inferred	nucleosome	spacing. Correlation	of	gene	expres-
sion	and	inferred	nucleosome	spacing. (A)Median	nucleosome	spacing	in	the	transcript	body	is	negatively
correlated	with	gene	expression	in	NB-4	(ρ =	-0.17, n	=	19,677	genes). Spacing	in	genes	with	low	or	no
expression	is	193	bp, while	spacing	in	expressed	genes	ranges	from	186	to	193	bp. (B) To	deconvolve
multiple	contributions, intensities	from	fast	Fourier	transformation	(FFT) quantified	the	specific	frequency
contributions	in	the	long	fragment	WPS for	10	kb	windows	downstream	of	each	TSS.	Shown	are	correlation
trajectories	for	RNA expression	in	76	cell	lines	and	primary	tissues	at	different	frequencies. Correlations	are
strongest	for	intensities	in	the	193-199	bp	frequency	range.

quencing of single-stranded libraries prepared from cfDNA (Table 4.4; median 2.2-fold cov-

erage; of note, with same protocol and many in the same batch as IH02). Because matched

tumor genotypes were not available, we scored each sample on two metrics of aneuploidy to

identify a subset likely to contain a high proportion of tumor-derived cfDNA: first, the de-

viation from the expected proportion of reads derived from each chromosome (Leary et al.,

2012); and second, the per-chromosome allele balance profile for a panel of common single

nucleotide polymorphisms. Based on these metrics, we sequenced single-stranded libraries

derived from five individuals (with a small cell lung cancer, a squamous cell lung cancer,



97

BH01	
   IH01	
   IH02	
   IC15	
   IC17	
   IC20	
   IC37	
  

76
 c

el
l l

in
es

 a
nd

 p
rim

ar
y 

tis
su

es
 

Sample Cancer Top 3 rank increases 

IC15 ♂ Lung 
(SCLC) 

SCLC-21H (31), SH-SY5Y 
(25), HEK 293 (17) 

IC17 ♂ Liver 
(HCC) 

kidney (21), CAPAN-2 (19), 
BEWO (19) 

IC20 ♂ Lung 
(SCC) 

SK-BR-3 (21), Hep G2 (18), 
HaCaT (18) 

IC35 ♀ Breast 
(DC) 

BEWO (27), SiHa (27), 
CAPAN-2 (25) 

IC37 ♀ Colorectal 
(AC) 

Hep G2 (24), SK-BR-3  
(22), EFO-21 (20) 

Control - duodenum (10), U-251 MG 
(9), small intestine (9) 

IC35	
  

Abdominal	
  
Brain	
  
Breast/♀Reprod.	
  
Lung	
  
Lymphoid	
  
Myeloid	
  

Other	
  
Prim.	
  Essue	
  

Sarcoma	
  
Skin	
  
Urinary/♂Reprod.	
  

Figure 4.18: Inference	of	mixtures	of	cell	types	contributing	to	cell-free	DNA in	healthy	states	and	cancer.
Inference	of	mixtures	of	cell	types	contributing	to	cell-free	DNA in	healthy	states	and	cancer. The	ranks	of
correlation	for	76	RNA expression	datasets	with	average	intensity	in	the	193-199	bp	frequency	range	for
various	cfDNA libraries	are	shown, categorized	by	type	and	listed	from	highest (top	row) to	lowest	rank
(bottom	row). Correlation	values	and	full	cell	line	or	tissue	names	are	provided	in	Table 4.3. All	of	the
strongest	correlations	 for	all	 three	healthy	samples	 (BH01, IH01	and	IH02; first	 three	columns)	are	with
lymphoid	and	myeloid	cell	lines	or	with	bone	marrow. In	contrast, cfDNA samples	obtained	from	stage	IV
cancer	patients	(IC15, IC17, IC20, IC35, IC37; last	five	columns)	show	top	correlations	with	various	cancer
cell	lines, e.g. IC17	(hepatocellular	carcinoma, HCC) showing	highest	correlations	with	HepG2	(HCC cell
line), and	 IC35	 (breast	ductal	carcinoma, DC) with	MCF7	 (metastatic	breast	adenocarcinoma	cell	 line).
When	comparing	cell	line/tissue	ranks	observed	for	the	cancer	samples	to	each	of	the	three	healthy	samples
and	averaging	the	rank	changes, maximum	rank	changes	are	over	two-fold	higher	than	those	observed	from
comparing	the	three	healthy	samples	with	each	other	and	averaging	rank	changes	(‘Control’). For	example,
for	IC15	(small	cell	lung	carcinoma, SCLC) the	rank	of	SCLC-21H (SCLC cell	line)	increased	by	an	average	of
31	positions, for	IC20	(squamous	cell	lung	carcinoma, SCC) SK-BR-3	(metastatic	breast	adenocarcinoma	cell
line)	increased	by	an	average	rank	of	21, and	for	IC37	(colorectal	adenocarcinoma, AC) HepG2	increased
by	24	ranks.

a colorectal adenocarcinoma, a hepatocellular carcinoma, and a ductal carcinoma in situ

breast cancer) to a depth similar to that of IH02 (Table 4.5).

We again performed FFT on the L-WPS across gene bodies and correlated the average

intensity in the 193-199 bp frequency range against the same 76 expression datasets for hu-

man cell lines and primary tissues (Uhlén et al., 2015). In contrast with the three samples

from healthy individuals (where all of the top 10, and nearly all of the top 20, correlations

were to lymphoid or myeloid lineages), we observe that many of the most highly ranked
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cell lines or tissues represent non-hematopoietic lineages, in some cases aligning with the

cancer type (Figure 4.18). For example, for IC17, where the patient had a hepatocellular

carcinoma, the top-ranked correlation is with HepG2, a hepatocellular carcinoma cell line.

For IC35, where the patient had a ductal carcinoma in situ breast cancer, the top-ranked

correlation is with MCF7, a metastatic breast adenocarcinoma cell line. In other cases,

the cell lines or primary tissues that exhibit the greatest change in correlation rank align

with the cancer type. For example, for IC15, where the patient had small-cell lung cancer,

the largest change in correlation rank (-31) is for a small-cell lung cancer cell line (SCLC-

21H), and the second largest change (-25) is for a neuroblastoma cancer cell line (SH.SY5Y).

For IC20 (a lung squamous cell carcinoma) and IC35 (a colorectal adenocarcinoma), there

are many non-hematopoietic cancer cell lines displacing the lymphoid/myeloid cell lines in

terms of correlation rank, but the alignment of these to the specific cancer type is less clear.

It is possible that the molecular profile of these patients’ cancers is not well-represented

amongst our 76 expression datasets (none are lung squamous cell carcinomas; CACO-2 is

a cell line derived from a colorectal adenocarcinoma, but is highly heterogeneous (Sambuy

et al., 2005)). As with samples from healthy individuals, the top correlation ranks asso-

ciated with the samples from cancer patients are robust to downsampling (Figure 4.19).

However, in silico “dilution” of samples from cancer patients with samples from healthy

patients results in proportionally lower ranks for non-hematopoietic cell lines, consistent

with expectation (Figure 4.20).

4.3 Discussion

We present a dense, genome-wide map of in vivo nucleosome protection inferred from

plasma-borne cfDNA fragments. Although the number of peaks is essentially saturated in

CH01, other metrics of quality continued to be a function of sequencing depth (Figure 4.7).

We therefore constructed an additional genome-wide nucleosome map based on all of the

cfDNA sequencing that we have performed to date (‘CA01’, 14.5G fragments; 700-fold cov-

erage; 13.0M peaks). Although this map exhibits even more uniform spacing (Figure 4.21)



99

BH01	
  

Ra
nk
	
  o
rd
er
	
  

1	
  
0.95	
  

0.9	
  
0.85	
  

0.8	
  
0.7	
  

0.6	
  
0.5	
  

0.4	
  
0.3	
  

0.2	
  
0.15	
  

0.1	
  
0.05	
  

50	
  

40	
  

30	
  

20	
  

10	
  

0	
  

834.5M	
   751.0M	
   667.6M	
   528.2M	
   389.7M	
   250.3M	
   125.2M	
   41.7M	
  

IH01	
  

741.2M	
   667.0M	
   592.9M	
   469.2M	
   346.1M	
   222.3M	
   111.2M	
   37.1M	
  

IH02	
  

319.7M	
   287.8M	
   255.8M	
   202.4M	
   149.3M	
   95.9M	
   48.0M	
   16.0M	
  

IC15	
  (Lung)	
  

Ra
nk
	
  o
rd
er
	
  

50	
  

40	
  

30	
  

20	
  

10	
  

0	
  

333.7M	
   300.3M	
   267.0M	
   211.2M	
   155.8M	
   100.1M	
   50.1M	
   16.7M	
  

IC17	
  (Liver)	
  

515.0M	
   463.5M	
   412.0M	
   326.0M	
   240.5M	
   154.5M	
   77.3M	
   25.8M	
  

IC20	
  (Lung)	
  

246.1M	
   221.4M	
   196.8M	
   155.8M	
   114.9M	
   73.8M	
   36.9M	
   12.3M	
  

IC35	
  (Breast)	
  

Sampling	
  propor<on	
  

Ra
nk
	
  o
rd
er
	
  

50	
  

40	
  

30	
  

20	
  

10	
  

0	
  

188.5M	
   169.6M	
   150.8M	
   119.3M	
   88.0M	
   56.5M	
   28.3M	
   9.4M	
  

IC37	
  (Colorectal)	
  

Sampling	
  propor<on	
  

383.9M	
   345.5M	
   307.1M	
   243.0M	
   179.3M	
   115.2M	
   57.6M	
   19.2M	
  

1	
  
0.95	
  

0.9	
  
0.85	
  

0.8	
  
0.7	
  

0.6	
  
0.5	
  

0.4	
  
0.3	
  

0.2	
  
0.15	
  

0.1	
  
0.05	
  

1	
  
0.95	
  

0.9	
  
0.85	
  

0.8	
  
0.7	
  

0.6	
  
0.5	
  

0.4	
  
0.3	
  

0.2	
  
0.15	
  

0.1	
  
0.05	
  

Abdominal	
  
Brain	
  
Breast/Female	
  Reproduc<ve	
  
Lung	
  
Lymphoid	
  
Myeloid	
  
Other	
  
Primary	
  Tissue	
  
Sarcoma	
  
Skin	
  
Urinary/Male	
  Reproduc<ve	
  

Figure 4.19: Stability	of	inference	of	cfDNA tissues-of-origin	to	downsampling. Impact	of	reduced	se-
quencing	coverage. Each	of	the	deeply	sequenced	cfDNA libraries, including	three	libraries	derived	from
healthy	individuals	(BH01, IH01, IH02)	and	five	libraries	derived	from	cancer	patients	(IC15, IC17, IC20,
IC35, IC37), were	downsampled	in	fixed	proportions (top	horizontal	axis) to	reduce	the	effective	sequenc-
ing	coverage. Downsampling	was	performed	by	randomly	removing	examined	fragments	until	the	desired
target	coverage	was	reached (bottom	horizontal	axis). After	reducing	coverage, a	WPS track	was	generated
for	each	downsampled	library. Each	WPS track	was	analyzed	in	the	same	manner	as	the	samples	with	full
coverage. The	rank	order	of	contributing	tissues	and	cell	lines	in	each	downsampled	library	is	compared
to	the	rank	order	observed	in	the	full	coverage	library. The	trajectories	of	the	ranks	of	each	tissue	or	cell
line	falling	within	the	top	20	highest	negative	correlations	in	the	full	coverage	library	are	plotted	for	each
sampling	proportion (vertical	axis).
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and more highly supported peak calls (not shown), we caution that it is based on cfDNA

from both healthy and non-healthy individuals (Tables 4.1 and 4.5).

Our work builds directly on previous efforts to map nucleosome occupancy in human

cells genome-wide (Gaffney et al., 2012; Pedersen et al., 2014; Schones et al., 2008; Teif

et al., 2012; Valouev et al., 2012), but our callset is substantially more complete and uniform

(Figure 4.21). The fragments that we observe are generated by endogenous physiological

processes, avoiding the technical variation associated with in vitroMNase digestion. A lim-

itation of our map is that the cell types that give rise to cfDNA are inevitably heterogeneous

(e.g. a mixture of lymphoid and myeloid cell types in healthy individuals). Nonetheless,

the map’s relative completeness may facilitate a deeper understanding of the interplay of

nucleosome positioning and spacing with primary sequence, epigenetic regulation, tran-

scriptional output, and nuclear architecture.

A second goal of this study was to explore whether the nucleosome footprints contained

in cfDNA fragments can be used to infer contributing cell types. Through comparisons

with gene expression and regulatory site profiles, we identify the epigenetic signature of

hematopoietic lineages contributing to cfDNA in healthy individuals, with plausible addi-

tional contributions from one or more non-hematopoietic tissues in a small panel of in-

dividuals with advanced cancers. For this proof-of-concept, we stacked the odds in our

favor by focusing individuals that appeared to have large burdens of tumor-derived DNA.

However, it should be emphasized that in the context of cancer, our goal is not necessar-

ily to outperform the sensitivity of mutation-based monitoring of circulating tumor DNA.

Rather, we envision that a unique application of this approach may be to non-invasively

classify cancers at time-of-diagnosis by matching the epigenetic signature of cfDNA frag-

mentation patterns against reference datasets corresponding to diverse cancer types. For

example, this may have value for non-invasively and molecularly classifying “cancers of

unknown primary”, which comprise 4-5% of all invasive cancers (Greco and Hainsworth,

2009), as well as cancers where invasive biopsies are currently required for definitive diag-

nosis and/or for subtyping (e.g. lung cancer).
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Figure 4.20: Stability	of	 inference	of	cfDNA tissues-of-origin	 to	dilution. In	 silico dilutions	of	cancer
samples. Each	of	the	five	cfDNA samples	from	cancer	patients	sequenced	to	higher	coverage	was	diluted
by	the	addition	of	sequenced	fragments	derived	from	a	sample	from	a	healthy	individual	(IH02)	at	fixed
proportions (horizontal	axis). The	total	number	of	fragments	examined	was	held	constant	at	each	mixture
proportion. After	dilution, a	WPS track	was	generated	for	each	mixture	proportion	in	each	sample. Each
WPS track	was	analyzed	in	the	same	manner	as	the	undiluted	samples. The	rank	order	of	contributing	tissues
and	cell	lines	in	each	mixed	sample	is	compared	to	the	order	observed	in	the	original, undiluted	sample.
The	trajectories	of	the	ranks	of	each	tissue	or	cell	line	falling	within	the	top	20	highest	negative	correlations
in	either	the	undiluted	sample	or	IH02	are	plotted (vertical	axis). The	IH02	library	and	each	of	the	cancer
sample-derived	libraries	were	constructed	with	the	single-stranded	library	preparation	protocol.
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Figure 4.21: Comparison	of	uniformity	and	completeness	of	nucleosome	callsets. Comparison	of	unifor-
mity	and	completeness	of	nucleosome	callsets. (A) Distance	between	nucleosome	peak	calls	across	three
published	data	sets	(Gaffney	et al., 2012; Pedersen	et al., 2014; Schep	et al., 2015)	and	calls	produced	in	this
study. Previously	published	callsets	lack	one	defined	mode	at	the	canonical 185	bp	nucleosome	spacing,
possibly	due	to	sparse	sampling	or	wide	call	ranges. In	contrast, all	the	nucleosome	calls	from	cfDNA show
one	well-defined	mode, the	magnitude	of	which	increases	with	the	number	of	fragments	examined. The
callset	produced	from	simulation	has	a	lower	mode	(166	bp)	and	a	wider	distribution. (B) Number	of	calls
in	each	set. The	densest	cfDNA-derived	callset	contains	nearly	13M nucleosome	calls.

In addition, there are a range of non-malignant conditions for which it may be valu-

able to explore the nucleosome and TF footprints contained in cfDNA as markers for acute

or chronic tissue damage, e.g. myocardial infarction (Chang et al., 2003), stroke (Rainer

et al., 2003) and autoimmune disorders (Galeazzi et al., 2003). Contributions from these

tissues to cfDNA cannot be readily detected under the current paradigm of analyzing geno-

typic differences, which are effectively non-existent in these conditions. By contrast, the ap-

proach presented here should generalize to detecting contributions to cfDNA from any non-

hematopoietic cell lineage (and, possibly, grossly aberrant contributions from hematopoi-

etic cell lineages).

Alternative “genotype-independent” approaches for using circulating nucleic acids as

markers for disease include cell-free RNA (Koh et al., 2014) and DNA methylation (Sun

et al., 2015). Although these merit exploration, tumor-derived cell-free RNA appears to be

much less stable than nucleosome-bound cfDNA (García-Olmo et al., 2013), while bisulfite
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Figure 4.22: Comparison	of	peak	locations	between	samples	and	call	sets. Comparison	of	peak	locations
between	samples	and	call	sets. For	each	pair	of	samples, the	distribution	of	distances	between	each	peak
call	 in	 the	 sample	with	 fewer	peaks	and	 the	nearest	peak	call	 in	 the	other	 sample	 is	 shown. Negative
numbers	indicate	the	nearest	peak	is	upstream; positive	numbers	indicate	the	nearest	peak	is	downstream.
Concordance	between	callsets	increases	with	the	number	of	cfNDA fragments	examined.

sequencing libraries are challenging to robustly construct from small amounts of starting

material.

A limitation of this study is the small number of samples studied (n = 8) and the rela-

tively small size of the reference dataset of cell lines and tissues against which these samples

were compared (n = 76). We anticipate that increasing the number of samples studied, as

well as the range of physiological states and diseases with which these samples are associ-

ated, is necessary to fully evaluate the potential and limitations of this approach. Further-

more, expanding the breadth and quality of the reference datasets against which these sam-
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ples are compared (e.g., directly comparing to cell-type-specific nucleosome maps, rather

than to expression profiles), is likely to improve the ability to robustly assign and quantify

contributing cell types.

Cell-free DNA has tremendous potential as a “liquid biopsy”, and indeed its use in non-

invasive prenatal screening for fetal trisomies has vastly outpaced all other applications of

DNA sequencing in terms of clinical uptake. In contrast with current paradigms for ana-

lyzing cfDNA, we show how the information contained in cfDNA fragmentation patterns,

effectively the footprints of protein-DNA interactions, can be used to infer contributing cell

types without relying on genotypic differences. To the extent that cfDNA composition is

impacted by cell death consequent to malignancy, acute or chronic tissue damage, or other

conditions, this method may substantially expand the range of clinical scenarios in which

cfDNA sequences comprise a clinically useful biomarker.
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4.4 Methods

4.4.1 Plasma	Samples

Bulk human peripheral blood plasma, containing contributions from an unknown number

of healthy individuals, was obtained from STEMCELL Technologies (Vancouver, British

Columbia, Canada). Anonymous, individual human peripheral blood plasma from healthy

donors, donors with clinical diagnosis of Stage IV cancer, and donors with clinical diag-

nosis with autoimmune disease (Tables 4.1, 4.4, and 4.5) was obtained from Conversant

Bio (Huntsville, Alabama, USA) or PlasmaLab International (Everett, Washington, USA).

Plasma was stored at -80ºC and thawed on the bench-top immediately before use. Cell-

free DNA was purified from each sample with the QiaAMP Circulating Nucleic Acids kit

(Qiagen) as per the manufacturer’s protocol. DNA was quantified with a Qubit fluorometer

(Invitrogen).

4.4.2 Preparation	of	double-stranded	sequencing	libraries

Conventional, double-stranded sequencing libraries were prepared with the ThruPLEX-FD

or ThruPLEX DNA-seq kits (Rubicon Genomics), comprising a proprietary series of end-

repair, ligation, and amplification reactions. Libraries were prepared with 0.5-30.0 ng of

cfDNA input and individually barcoded. Library amplification was monitored by real-time

PCR and was typically terminated after 4-6 cycles.

4.4.3 Preparation	of	single-stranded	sequencing	libraries

Single-stranded sequencing libraries were prepared with a protocol adapted from Gansauge

and Meyer (2013) as follows: Adapter 2 was prepared by combining 4.5 ul TE (pH 8), 0.5

ul 1M NaCl, 10 uL 500 uM oligo Adapter2.1, and 10 ul 500 uM oligo Adapter2.2, incubating

at 95ºC for 10 seconds, and ramping to 14ºC at a rate of 0.1ºC/s. Purified cfDNA fragments

were dephosphorylated by combining 2X CircLigase II buffer (Epicentre), 5 mM MnCl2,

and 1U FastAP (Thermo Fisher) with 0.5-10 ng fragments in 20 ul reaction volume and in-
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cubating at 37ºC for 30 minutes. Fragments were then denatured by heating to 95ºC for 3

minutes, and were immediately transferred to an ice bath. The reaction was supplemented

with biotin-conjugated adapter oligo CL78 (5 pmol), 20% PEG-6000 (w/v), and 200U Cir-

cLigase II (Epicentre) for a total volume of 40 ul, and was incubated overnight with rotation

at 60ºC, heated to 95ºC for 3 minutes, and placed in an ice bath. For each sample, 20 ul

MyOne C1 beads (Life Technologies) were twice washed in bead binding buffer (BBB) (10

mM Tris-HCl [pH 8], 1M NaCl, 1 mM EDTA [pH 8], 0.05% Tween-20, and 0.5% SDS), and

resuspended in 250 ul BBB. Adapter-ligated fragments were bound to the beads by rotat-

ing for 60 minutes at room temperature. Beads were collected on a magnetic rack and the

supernatant was discarded. Beads were washed once with 500 ul wash buffer A (WBA) (10

mM Tris-HCl [pH 8], 1 mM EDTA [pH 8], 0.05% Tween-20, 100 mM NaCl, 0.5% SDS) and

once with 500 ul wash buffer B (WBB) (10 mM Tris-HCl [pH 8], 1 mM EDTA [pH 8], 0.05%

Tween-20, 100 mM NaCl). Beads were combined with 1X Isothermal Amplification Buffer

(NEB), 2.5 uM oligo CL9, 250 uM (each) dNTPs, and 24U Bst 2.0 DNA Polymerase (NEB)

in a reaction volume of 50 ul, incubated with gentle shaking by ramping temperature from

15ºC to 37ºC at 1ºC/minute, and held at 37ºC for 10 minutes. After collection on a magnetic

rack, beads were washed once with 200 ul WBA, resuspended in 200 ul of stringency wash

buffer (SWB) (0.1X SSC, 0.1% SDS), and incubated at 45ºC for 3 minutes. Beads were again

collected and washed once with 200 ul WBB. Beads were then combined with 1X CutSmart

Buffer (NEB), 0.025% Tween-20, 100 uM (each) dNTPs, and 5U T4 DNA Polymerase (NEB)

and incubated with gentle shaking for 30 minutes at room temperature. Beads were washed

once with each of WBA, SWB, and WBB as described above. Beads were then mixed with 1X

CutSmart Buffer (NEB), 5% PEG-6000, 0.025% Tween-20, 2 uM double-stranded Adapter

2, and 10U T4 DNA Ligase (NEB), and incubated with gentle shaking for 2 hours at room

temperature. Beads were washed once with each of WBA, SWB, and WBB as described

above, and resuspended in 25 ul TET buffer (10 mM Tris-HCl [pH 8], 1 mM EDTA [pH 8],

0.05% Tween-20). Second strands were eluted from beads by heating to 95ºC, collecting

beads on a magnetic rack, and transferring the supernatant to a new tube. Library amplifi-
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cation was monitored by real-time PCR, requiring an average of 4-6 cycles per library.

4.4.4 Sequencing	and	primary	data	processing

All libraries were sequenced on HiSeq 2000 or NextSeq 500 instruments (Illumina). De-

tails of sequencing are provided in Tables 4.1 and 4.5. Barcoded paired-end (PE) sequencing

data was split allowing up to one substitution in the barcode sequence. Fragments shorter

than or equal to the read length were consensus-called and adapter-trimmed. Remaining

consensus single-end reads (SR) and the individual PE reads were aligned to the human

reference genome (GRCh37, 1000 Genomes phase 2 technical reference,

ftp://ftp.1000genomes.ebi.ac.uk/vol1/ftp/technical/reference/

phase2_reference_assembly_sequence/) using the ALN algorithm in BWA v0.7.10 (Li

and Durbin, 2010). PE reads were further processed with BWA SAMPE to resolve am-

biguous placement of read pairs or to rescue missing alignments by a more sensitive align-

ment step around the location of one placed read end. Aligned SR and PE data were stored

in BAM format using the samtools API (Li et al., 2009). BAM files for each sample were

merged across lanes and sequencing runs.

4.4.5 Simulated	reads	and	nucleotide	frequences

Sequencing data was simulated procedurally to mimic observed cleavage and ligation bi-

ases and length distributions. Specifically, aligned sequencing data was simulated (SR if

shorter than 45 bp, PE 45 bp otherwise) for all major chromosomes of the human refer-

ence (GRC37h). Dinucleotide frequencies were determined from real data on both frag-

ment ends and both strand orientations, and for the reference genome on both strands.

The insert size distribution of the real data was extracted for the 1-500 bp range. Reads

were simulated procedurally: at each step (i.e., at least once at each genomic coordinate,

depending on desired coverage), (1) the strand is randomly chosen, (2) the ratio of the din-

ucleotide frequency in the real data to that in the reference sequence is used to randomly

decide whether the initiating dinucleotide is considered, (3) an length is sampled from the
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insert size distribution, and (4) the frequency ratio of the terminal dinucleotide is used to

randomly decide whether the generated alignment is reported. The simulated coverage was

matched to that of the original data after PCR duplicate removal.

4.4.6 Analysis	of	nucleotide	composition	of	167	bp	fragments

Fragments with inferred lengths of exactly 167 bp were filtered within samples to remove

duplicates. Dinucleotide frequencies were calculated in a strand-aware manner, using a

sliding 2 bp window and reference alleles at each position, beginning 50 bp upstream of one

fragment endpoint and ending 50 bp downstream of the other endpoint. Observed dinu-

cleotide frequencies at each position were compared to expected dinucleotide frequencies

determined from a set of simulated reads reflecting the same cleavage biases calculated in

a library-specific manner.

4.4.7 Coverage, fragment	endpoints, and	windowed	protection	scores

Fragment endpoint coordinates were extracted from BAM files with the SAMtools API (Li

et al., 2009). Both outer alignment coordinates of PE data were extracted for properly

paired reads. Both end coordinates of SR alignments were extracted when PE data was

collapsed to SR data by adapter trimming. A fragment’s coverage is defined as all positions

between the two (inferred) fragment ends, inclusive of endpoints. We define the Windowed

Protection Score (WPS) of a window of size k as the number of molecules spanning the win-

dow minus those with an endpoint within the window. We assign the determined WPS to

the center of the window. For 35-80 bp fragments (short fraction, S-WPS), k=16; for 120-

180 bp fragments (long fraction, L-WPS), k=120.

4.4.8 Nucleosome	peak	calling

L-WPS is locally adjusted to a running median of zero in 1 kb windows and smoothed using

a Savitzky-Golay filter (Savitzky and Golay, 1964) (window size 21, 2nd order polynomial).

The L-WPS track is then segmented into above-zero regions (allowing up to 5 consecutive
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positions below zero). If the resulting region is 50-150 bp, we identify the median L-WPS

value of that region and search for the maximum-sum contiguous window above the me-

dian. We report the start, end and center coordinates of this window as the “peak,” or local

maximum of nucleosome protection. All calculations involving distances between peaks

are based on these center coordinates. A score for each peak is determined as the distance

between maximum value in the window and the average of the two adjacent L-WPS minima

neighboring the region. If the identified region is 150-450 bp, we apply the same above me-

dian contiguous window approach, but only report those windows that are 50-150 bp. For

score calculation of multiple windows derived from 150-450 bp regions, we set the neigh-

boring minima to zero. We discard regions <50 bp or >450 bp.

4.4.9 Analysis	of	TFBS,	DHS sites, and	genic	features

Features were aggregated and aligned at starting coordinates while adjusting for strand and

direction of transcription. TFBS sets were obtained by filtering motif predictions with ChIP-

seq peaks. For most features, L-WPS values were adjusted to account for signal observed

in matched simulations.

For TFBS, we started with clustered FIMO (motif-based) intervals (Grant et al., 2011;

Maurano et al., 2012) defining a set of computationally predicted binding sites. For a subset

of clustered TFs (AP-2-2, AP-2, CTCF_Core-2, E2F-2, EBF1, Ebox-CACCTG, Ebox, ESR1,

ETS, MAFK, MEF2A-2, MEF2A, MYC-MAX, PAX5-2, RUNX2, RUNX-AML, STAF-2, TCF-

LEF, YY1), we retained only predicted TFBSs that overlap with ENCODE ChIP-seq peaks

(TfbsClusteredV3 set downloaded from

http://hgdownload.cse.ucsc.edu/goldenPath/hg19/encodeDCC/

wgEncodeRegTfbsClustered/).

WPS values for CH01 and the corresponding simulation were extracted for each posi-

tion in a 5 kb window around the start coordinate of each TFBS, and were aggregated within

each TF cluster. The mean WPS of the first and last 500 bp (which is predominantly flat and

represents a mean offset) of the 5 kb window was subtracted from the original WPS at each
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position. For L-WPS only, a sliding window mean is calculated using a 200 bp window and

subtracted from the original signal. Finally, the corrected WPS profile for the simulation is

subtracted from the corrected WPS profile for CH01 to correct for signal that is a product

of fragment length and ligation bias. This final profile is plotted and termed the Adjusted

WPS. In figures, CTCF binding sites are shifted such that the zero coordinate on the x-axis

is the center of its 52 bp binding footprint (Ong and Corces, 2014). Genomic coordinates of

transcription start sites, transcription end sites, start codons, and splice donor and accep-

tor sites were obtained from Ensembl Build version 75. Adjusted WPS surrounding these

features was calculated as for TFBSs.

CTCF sites first included clustered FIMO binding site predictions (described above).

This set was intersected with ENCODE ChIP-seq peaks (TfbsClusteredV3, described above),

and then further intersected with a set of CTCF binding sites experimentally observed to be

active across 19 tissues (Wang et al., 2012), to produce three increasingly stringent sets.

For each CTCF site, distances between each of 20 flanking nucleosomes (10 upstream and

10 downstream) were calculated. The mean S-WPS and L-WPS at each position relative to

the center of the CTCF binding motif were also calculated within bins defined by spacing

between -1 and +1 nucleosomes (>160 bp, 161-200 bp, 201-230 bp, 231-270 bp, 271-420

bp, 421-460 bp, and >460 bp).

DHS peaks for 349 primary tissue and cell line samples were downloaded from

http://www.uwencode.org/proj/Science_Maurano_Humbert_et_al/data/

all_fdr0.05_hot.tgz. Samples derived from fetal tissues (233 of 349) were removed from

the analysis as they behaved inconsistently within tissue type, possibly because of unequal

representation of cell types within each tissue sample. 116 DHS callsets from a variety of

cell lineages were retained for analysis. For the midpoint of each DHS peak in a particular

set, the nearest upstream and downstream calls in the CH01 callset were identified, and

the distance between the centers of those two calls was calculated. The distribution of all

such distances was visualized for each DHS peak callset using a smoothed density estimate

calculated for distances between 0 and 500 bp.
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4.4.10 Gene	expression	analysis

FPKM gene expression (GE) values measured for 20,344 Ensembl gene identifiers in 44

human cell lines and 32 primary tissues by the Human Protein Atlas (Uhlén et al., 2015) was

downloaded from http://www.proteinatlas.org/download/rna.csv.zip. Genes with 3

or more non-zero expression values were retained (n=19,378 genes). The GE data set is

provided with one decimal precision for the FPKM values. Thus, a zero GE value (0.0)

indicates expression in the interval [0, 0.05) Unless otherwise noted, we set the minimum

GE value to 0.04 FPKM before log2-transformation.

4.4.11 Fourier	transformation	and	correlation	with	expression

L-WPS was used to calculate periodograms of genomic regions using Fast Fourier Trans-

form (FFT, spec.pgram in R) with frequencies between 1/500 and 1/100 bases. See Supple-

mental Experimental Procedures for details. Intensity values for the 120-280 bp frequency

range were determined from smooth FFT periodograms. S-shaped Pearson correlation be-

tween GE values and FFT intensities was observed around the major inter-nucleosome dis-

tance peak, along with a pronounced negative correlation in the 193 - 199 bp frequency

range. The mean intensity in this frequency range was correlated with the average inten-

sity with log2-transformed GE values for downstream analysis.

4.4.12 Fourier	transformation	and	smoothing	of	trajectories

We use parameters to smooth (3 bp Daniell smoother; moving average giving half weight

to the end values) and de-trend the data (i.e. subtract the mean of the series and remove a

linear trend). A recursive time series filter implemented in R was used to remove high fre-

quency variation from trajectories. 24 filter frequencies (1/seq(5,100,4)) were used, and the

first 24 values of the trajectory were taken as init values. The 24-value shift in the resulting

trajectories was corrected by repeating the last 24 values of the trajectory.
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Table 4.1: Sequencing	statistics	for	samples	BH01, IH01, IH02, and	CH01. For	each	sample, sequencing-

related	statistics, including	the	total	number	of	fragments	sequenced, read	lengths, the	percentage	of	such

fragments	aligning	to	the	reference	with	and	without	a	mapping	quality	threshold, mean	coverage, dupli-

cation	rate, and	the	proportion	of	sequenced	fragments	in	two	length	bins, are	tabulated. Fragment	length

is	inferred	from	alignment	of	paired-end	reads. Due	to	the	short	read	lengths, coverage	is	calculated	by

assuming	the	entire	 fragment	had	been	read. The	estimated	number	of	duplicate	 fragments	 is	based	on

fragment	endpoints, which	may	overestimate	the	true	duplication	rate	in	the	presence	of	highly	stereotyped

cleavage.

SSP,	single-stranded	library	preparation	protocol. DSP,	double-stranded	library	preparation	protocol. .

Sample
Library

type
Reads

Fragments

sequenced
Aligned

Aligned

Q30
Coverage

%

Duplicates
35-80	bp

120-180

bp

BH01 DSP 2x101 1489569204 97.20% 88.85% 96.32 6.00% 0.65% 57.64%

IH01 DSP 2x101 1572050374 98.58% 90.60% 104.92 21.00% 0.77% 47.83%

IH02 SSP
2x50,

43/42
779794090 93.19% 75.27% 30.08 20.05% 21.83% 44.00%

CH01 – – 3841413668 96.95% 86.81% 231.32 14.99% 5.00% 50.85%

Table 4.2: Synthetic	oligos	used	in	preparation	of	single	stranded	sequencing	libraries. Sequences	adapted
from	Gansauge	et	al., 2013. *, phosphorothioate	bond. /5Phos/, 5’	phosphorylation. /ddT/, dideoxythymi-

dine. /iSpC3/, C3	spacer. /3BioTEG/, 3’	biotin-TEG.

Oligo	name Sequence	(5’-3’) Notes

CL9 GTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT HPLC purification

Adapter2.1 CGACGCTCTTCCGATC/ddT/ HPLC purification

Adapter2.2 /5Phos/AGATCGGAAGAGCGTCGTGTAGGGAAAGAG*T*G*T*A HPLC purification

CL78
/5Phos/AGATCGGAAG/iSpC3/iSpC3/iSpC3/iSpC3/iSpC3/iSpC3/

iSpC3/iSpC3/iSpC3/iSpC3/3BioTEG/
Dual HPLC purification
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Table 4.4: Clinical	diagnoses	and	cfDNA yield	 for	cancer	panel	 samples. Shown	are	 the	clinical	and

histological	diagnoses	for	48	patients	from	whom	plasma-borne	cfDNA was	screened	for	evidence	of	high

tumor	burden, along	with	total	cfDNA yield	from	1.0	ml	of	plasma	from	each	individual	and	relevant	clinical

covariates. Of	these	48, 44	passed	QC and	had	sufficient	material. Of	these	44, five	were	selected	for	deeper

sequencing. cfDNA yield	was	determined	by	Qubit	Fluorometer	2.0	(Life	Technologies).

*: sample	was	selected	for	additional	sequencing.

**: only	0.5	ml	of	plasma	was	available	for	this	sample.

***: sample	failed	QC and	was	not	used	for	further	analysis.

Sample Clinical	Dx Stage

cfDNA

yield

(ng/ml)

Sex

IC01 *** Kidney cancer (Transitional cell) IV 242 F

IC02 Ovarian cancer (undefined) IV 22.5 F

IC03 Skin cancer (Melanoma) IV 12.0 M

IC04 Breast cancer (Invasive/infiltrating ductal) IV 12.6 F

IC05 Lung cancer (Adenocarcinoma) IV 5.4 M

IC06 Lung cancer (Mesothelioma) IV 11.4 M

IC07 *** Gastric cancer (undefined) IV 52.2 M

IC08 Uterine cancer (undefined) IV 15.0 F

IC09 Ovarian cancer (serous tumors) IV 8.4 F

IC10 Lung cancer (adenocarcinoma) IV 11.4 F

IC11 Colorectal cancer (undefined) IV 11.4 M

IC12 Breast cancer (Invasive/infiltrating lobular) IV 12.0 F

IC13 Prostate cancer (undefined) IV 12.3 M

IC14 Head and neck cancer (undefined) IV 27.0 M

IC15 * Lung cancer (Small cell) IV 22.5 M

IC16 Bladder cancer (undefined) IV 14.1 M

IC17 * Liver cancer (Hepatocellular carcinoma) IV 39.0 M

IC18 Kidney cancer (Clear cell) IV 10.5 F

IC19 Testicular cancer (Seminomatous) IV 9.6 M

IC20 * Lung cancer (Squamous cell carcinoma) IV 21.9 M

Continued on Next Page…
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Table 4.4 – Continued

Sample Clinical	Dx Stage

cfDNA

yield

(ng/ml)

Sex

IC21 Pancreatic cancer (Ductal adenocarcinoma) IV 35.4 M

IC22 Lung cancer (Adenocarcinoma) IV 11.4 F

IC23 Liver cancer (Hepatocellular carcinoma) IV 17.1 M

IC24 Pancreatic cancer (Ductal adenocarcinoma) IV 37.2 M

IC25 Pancreatic cancer (Ductal adenocarcinoma) IV 27.9 M

IC26 Prostate cancer (Adenocarcinoma) IV 24.6 M

IC27 Uterine cancer (undefined) IV 19.2 F

IC28 Lung cancer (Squamous cell carcinoma) IV 33.3 M

IC29 Head and neck cancer (undefined) IV 14.4 M

IC30 Esophageal cancer (undefined) IV 10.5 M

IC31 *** Ovarian cancer (undefined) IV 334.8 F

IC32 Lung cancer (Small cell) IV 9.6 F

IC33 Colorectal cancer (Adenocarcinoma) IV 13.8 M

IC34 Breast cancer (Invasive/infiltrating lobular) IV 33.6 F

IC35 * Breast cancer (Ductal carcinoma in situ) IV 16.2 F

IC36 Liver cancer (undefined) IV 26.4 M

IC37 * Colorectal cancer (Adenocarcinoma) IV 15.9 F

IC38 Bladder cancer (undefined) IV 6.6 M

IC39 Kidney cancer (undefined) IV 39.0 M

IC40 Prostate cancer (Adenocarcinoma) IV 13.8 M

IC41 Testicular cancer (Seminomatous) IV 16.5 M

IC42 Lung cancer (Adenocarcinoma) IV 11.4 F

IC43 Skin cancer (Melanoma) IV 21.9 F

IC44 Esophageal cancer (undefined) IV 25.8 F

IC45 *** Colorectal cancer (Adenocarcinoma) IV 3.0 M

IC46 ** Breast cancer (Ductal carcinoma in situ) IV 36.6 F

IC47 Pancreatic cancer (Ductal adenocarcinoma) IV 19.2 F

IC48 ** Breast cancer (Invasive/infiltrating lobular) IV 13.8 F
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Table 4.5: Sequencing	statistics	for	additional	samples	included	in	CA01. For	each	sample, sequencing-

related	statistics, including	the	total	number	of	fragments	sequenced, read	lengths, the	percentage	of	such

fragments	aligning	to	the	reference	with	and	without	a	mapping	quality	threshold, mean	coverage, dupli-

cation	rate, and	the	proportion	of	sequenced	fragments	in	two	length	bins, are	tabulated. Fragment	length

is	inferred	from	alignment	of	paired-end	reads. Due	to	the	short	read	lengths, coverage	is	calculated	by

assuming	the	entire	 fragment	had	been	read. The	estimated	number	of	duplicate	 fragments	 is	based	on

fragment	endpoints, which	may	overestimate	the	true	duplication	rate	in	the	presence	of	highly	stereotyped

cleavage.

SSP,	single-stranded	library	preparation	protocol. DSP,	double-stranded	(conventional)	library	preparation

protocol.

*Sample	has	been	previously	published	(Kitzman	et al., 2012).

Sample
Library

type
Reads

Fragments

sequenced
Aligned

Aligned

Q30
Coverage

%

Duplicates
35-80	bp

120-180

bp

IH03 SSP 2x39 53292855 92.66% 72.37% 2.29 15.46% 11.05% 52.34%

IP01 * DSP
2x101,

2x102
1214536629 97.22% 86.38% 76.11 0.55% 0.08% 62.77%

IP02 * DSP
2x101,

2x102
855040273 97.16% 87.72% 52.46 0.83% 0.07% 68.10%

IA01 SSP 2x39 53934607 87.42% 68.30% 2.02 22.70% 15.20% 49.77%

IA02 SSP 2x39 42496222 95.42% 76.61% 1.95 4.74% 12.28% 59.00%

IA03 SSP 2x39 51278489 93.12% 71.33% 2.05 25.68% 14.27% 52.57%

IA04 SSP 2x39 50768476 90.30% 70.51% 2.14 7.83% 17.80% 36.76%

IA05 DSP 2x101 194985271 98.80% 90.61% 11.09 12.05% 2.24% 71.67%

IA06 DSP 2x101 171670054 98.90% 90.88% 9.90 5.41% 1.93% 71.26%

IA07 DSP 2x101 208609489 98.67% 90.34% 11.69 11.45% 2.59% 74.84%

IA08 DSP 2x101 193729556 98.81% 90.70% 10.84 11.96% 2.58% 76.24%

IC02 SSP 2x39 57913605 95.07% 75.57% 2.59 5.40% 12.98% 60.00%

IC03 SSP 2x39 63862631 95.78% 75.66% 2.79 8.32% 13.25% 62.20%

IC04 SSP 2x39 55239248 95.47% 76.26% 2.57 8.28% 10.98% 58.48%

IC05 SSP 2x39 39623850 89.80% 69.92% 1.60 9.24% 14.63% 50.33%

IC06 SSP 2x39 59679981 95.57% 74.90% 2.11 3.93% 24.30% 41.46%

Continued on Next Page…
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Table 4.5 – Continued

Sample
Library

type
Reads

Fragments

sequenced
Aligned

Aligned

Q30
Coverage

%

Duplicates
35-80	bp

120-180

bp

IC08 SSP 2x39 46933688 94.38% 74.21% 1.92 5.92% 16.04% 45.25%

IC09 SSP 2x42 59639583 91.22% 71.15% 2.13 6.69% 21.39% 43.50%

IC10 SSP 2x42 53994406 93.73% 73.40% 1.83 2.00% 27.08% 37.62%

IC11 SSP 2x42 59225460 93.25% 72.51% 2.15 5.26% 21.30% 43.33%

IC12 SSP 2x42 57884742 93.52% 74.33% 2.34 2.66% 18.28% 46.58%

IC13 SSP 2x42 71946779 92.94% 72.47% 2.52 2.18% 23.51% 43.97%

IC14 SSP 2x42 61649203 94.54% 73.47% 2.20 3.23% 22.26% 43.37%

IC15 SSP
2x50,

43/42
908512803 95.49% 76.83% 29.77 10.66% 25.42% 38.47%

IC16 SSP 2x42 62739733 92.81% 72.85% 2.47 2.77% 17.71% 48.04%

IC17 SSP
2x50,

2x39
1072374044 96.02% 76.42% 42.08 12.16% 17.08% 50.02%

IC18 SSP 2x39 59976914 87.91% 68.67% 2.24 4.39% 18.85% 44.44%

IC19 SSP 2x39 51447149 89.38% 69.39% 2.02 8.24% 17.30% 46.33%

IC20 SSP
2x50,

2x39
640838540 96.30% 79.11% 23.38 12.43% 25.72% 39.87%

IC21 SSP 2x39 53000679 94.64% 74.57% 1.79 37.39% 29.89% 43.81%

IC22 SSP 2x39 58102606 94.08% 74.08% 2.51 6.24% 13.65% 58.41%

IC23 SSP 2x39 65859970 95.67% 75.67% 2.94 5.34% 11.09% 60.85%

IC24 SSP 43/42 66344431 94.63% 74.46% 2.48 2.00% 22.46% 46.31%

IC25 SSP 43/42 75066833 93.75% 73.66% 2.86 2.24% 21.30% 46.19%

IC26 SSP 43/42 79180860 92.59% 72.32% 2.97 2.93% 22.34% 40.42%

IC27 SSP 43/42 78037377 88.81% 67.04% 2.20 1.50% 31.31% 30.59%

IC28 SSP 43/42 61402081 95.24% 75.74% 2.60 2.46% 18.71% 46.44%

IC29 SSP 2x39 49989522 94.46% 73.36% 1.75 3.03% 25.82% 36.23%

IC30 SSP 2x39 58439504 93.52% 71.19% 1.75 17.35% 29.58% 30.47%

IC32 SSP 43/42 78233981 87.86% 66.80% 2.25 1.79% 30.12% 31.20%

IC33 SSP 43/42 62196185 87.26% 66.71% 1.93 1.93% 27.44% 36.92%

IC34 SSP 43/42 63572169 95.42% 76.74% 2.53 2.35% 19.64% 48.55%

Continued on Next Page…
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Table 4.5 – Continued

Sample
Library

type
Reads

Fragments

sequenced
Aligned

Aligned

Q30
Coverage

%

Duplicates
35-80	bp

120-180

bp

IC35 SSP 43/42 618554393 86.47% 65.90% 18.22 5.23% 28.18% 35.24%

IC36 SSP 43/42 54402943 94.62% 74.73% 2.21 3.32% 17.02% 52.42%

IC37 SSP
2x50,

43/42
1175553677 93.00% 74.46% 38.22 10.15% 28.47% 35.11%

IC38 SSP 43/42 47981963 89.35% 69.45% 1.78 6.47% 18.59% 43.03%

IC39 SSP 43/42 61968854 95.29% 75.57% 2.62 2.54% 14.42% 57.28%

IC40 SSP 2x39 53228209 93.54% 71.69% 1.81 8.85% 24.88% 34.95%

IC41 SSP 43/42 78081655 87.11% 65.25% 2.26 1.61% 27.94% 35.21%

IC42 SSP 2x39 53017317 93.59% 74.33% 2.02 10.74% 19.04% 44.12%

IC43 SSP 43/42 76395478 88.41% 67.21% 2.40 1.56% 26.68% 37.76%

IC44 SSP 43/42 61354307 95.15% 74.88% 2.45 4.34% 19.10% 46.39%

IC46 SSP 2x39 60123123 94.51% 72.23% 2.13 10.37% 15.46% 50.93%

IC47 SSP 2x39 59438172 95.58% 73.84% 2.07 9.33% 21.67% 43.34%

IC48 SSP 43/42 55704417 91.35% 72.79% 2.01 13.87% 22.56% 38.68%

IC49 DSP 2x101 170489015 99.02% 90.53% 11.19 5.93% 2.41% 59.93%

IC50 DSP 2x101 203828224 98.72% 90.28% 10.82 2.83% 4.81% 66.23%

IC51 DSP 2x101 200454421 98.63% 90.53% 11.77 9.50% 2.58% 67.04%

IC52 DSP 2x101 186975845 98.97% 91.25% 11.37 2.57% 0.83% 68.96%
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Chapter 5

CONCLUSIONS AND FUTURE DIRECTIONS

In this chapter, I present thoughts on the directions that work in cfDNA will take in

the coming years, including opportunities for increased accuracy, precision, and breadth of

screening, and technical and ethical challenges to widespread adoption of this methodology.

In particular, I discuss the growing application of cfDNA to questions in prenatal medicine,

and the nascent but promising use of the “liquid biopsy” in oncology.

5.1 Noninvasive	prenatal	screening

Portions of this section have been adapted with changes from: Snyder, MW; Simmons, LE; Kitzman, JO; San-

tillan, DA; Santillan, MK; Gammill, HS; and Shendure, J. Noninvasive fetal genome sequencing: a primer.

Prenatal Diagnosis 33(6):547-554 (2013).

The impact of noninvasive prenatal screening for aneuploidy on prenatal medicine is

hard to overstate. By some reckoning, the testing framework described in Chapter 3 is the

fastest growing molecular medical test ever (Chitty and Bianchi, 2015). First aimed at high-

risk pregnancies, this class of test is increasingly offered to average-risk pregnancies, both

in the US and internationally. Methodological improvements and technological advances

in DNA sequencing have boosted test performance metrics to levels that rival those of gold

standard, invasive tests like amniocentesis. How much further room for improvement re-

mains?

Future work will likely be geared at increasing the resolution of the tests through the

detection of sub-chromosomal genetic insults. Already, some testing methodologies are

able to reliably detect specific microdeletions and microduplications linked to a number

of diseases, including the 22q11.2 deletion implicated in DiGeorge syndrome. Despite the

demonstrated technical possibility of analyzing the fetal genome at the single nucleotide
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level, prenatal screening in the near future is likely to remain limited to a discrete number

of disorders and diseases that have known molecular causes and are highly penetrant. An

area of potential expansion and future research may be the set of such disorders for which

treatment is possible and for which in utero detection may be desirable.

One possible candidate for this type of prenatal screening is the metabolic testing of

newborns for a small panel of metabolic disorders, such as PKU, for which interventions

exist. In states where this testing is performed, blood is typically collected from newborns

within several days of birth, allowing for appropriate interventions – where applicable –

reasonably quickly. However, in principle such testing could be performed prenatally by

combining parental haplotypes with targeted cfDNA sequencing of a panel of approximately

50 genes1, allowing for dietary supplementation or other treatments to begin immediately

upon delivery. Prenatal detection of one of these disorders would potentially allow appro-

priate specialists to be available at delivery, and enable counseling of parents at an early

stage, potentially improving outcomes and reducing anxiety immediately following deliv-

ery.

Undoubtedly, as the scope of prenatal screening expands, the rates and causes of false-

positive tests will change. Continuing optimization of test performance will remain critical

to reducing patient anxiety and minimizing the burden of invasive, diagnostic followup.

Remarkably, the work presented in Chapter 3 has already borne fruit. In response to the

publication and public dissemination of these results, Illumina – the highest volume testing

provider as of this writing – performed a retrospective analysis of 11 false positive cases

in a cohort of 1,914 tested pregnancies. They identified large maternal CNVs in at least

three of these false positive cases and several others in which the presence of CNVs was

uncertain (Chudova et al., 2015) . They further described a change to their data analysis

pipeline to account for the presence of maternal CNVs. A particularly encouraging aspect

of these changes is the quick timeframe in which they occurred, suggesting that the barriers

1In the United States, the exact number of genes examined would vary from state to state, depending on the
composition of the newborn screening panel.
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to clinical translation of at least some academic findings may be diminished.

5.1.1 Discovery	of de	novo mutations

Despite the improvements in resolution and accuracy in noninvasive prenatal screening

for disease, the robust detection of de novo mutations, important contributors to the bur-

den of genetic disease in newborns (Veltman and Brunner, 2012), remains an elusive goal.

The detection of inherited variation, which benefits greatly from the availability of parental

haplotypes (as discussed in Chapter 2), has proved a tractable problem, with several groups

reporting high accuracy exome- or genome-wide (Chen et al., 2013; Fan et al., 2012; Kitz-

man et al., 2012) in a small number of examined pregnancies. However, the discovery of the

small number of de novo variants expected in each fetal genome – mutations newly arising

in the maternal or paternal germline – is a much tougher nut to crack, and remains one of

the major open challenges for noninvasive prenatal testing.

In principle, de novomutations are easily identified as variants in the sequenced mater-

nal cfDNA that are not found in either parent. In practice, despite ongoing improvement,

DNA sequencing technology remains imperfect, and errors introduced during PCR or se-

quencing far outnumber the approximately 50 to 100 true de novo mutations expected in

any given fetus (Kong et al., 2012). At a sequencing depth of 100X and fetal fraction of 10%,

the two types of events yield signatures that are, on the whole, nearly indistinguishable: at a

given site, a small handful of reads suggests the spontaneous emergence of a fetal genotype

incompatible with Mendelian inheritance. Separating the true mutations from the spurious

errors introduced during the sequencing process remains a challenge and a major area for

improvement in both technology and analysis.

One way to address the large number of candidate de novo mutations is to apply an

increasingly aggressive set of filters designed to improve the signal-to-noise ratio in the

candidate set, as described in Chapter 2. For example, we might exclude any candidate

with only one or two supporting reads. We might remove sites that are inside or adjacent

to specific sequence motifs known to generate elevated error rates. We might discard any
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site also identified as a candidate in other samples within the same cohort. At each step, we

may trade a small decrease in sensitivity for a suitably large gain in specificity. Even after

extensive filtering, we are likely to be left with several thousand candidates – still too many

for follow-up. However, only a very small percentage of these candidates are likely to fall

within protein coding or known regulatory regions, suggesting that manual review and/or

validation of known high-impact candidates may be plausible, if undesirable, in a clinical

setting.

The emergence in recent years of genome-wide variant prioritization or scoring frame-

works such as CADD (Kircher et al., 2014), as well as the increasing number of gene-level

variant effect predictions from deep mutational scans, population surveys, and evolutionary

models suggests that some level of automation may provide a useful, albeit far from com-

prehensive, analytical layer for ranking candidates for followup. Nevertheless, the molec-

ular causes of thousands of additional Mendelian disorders, contributing to the approxi-

mately 20% of infant mortality caused by single-gene disorders (Bell et al., 2011; Saunders

et al., 2012), remain undiscovered, and the extent to which automated or manual variant

prioritization schemes highly rank the unknown, causal alleles involved in these disorders

remains to be determined. Despite the increasing catalogs of known molecular causes of

disease (Amberger et al., 2009), and a growing number of saturation mutagenesis exper-

iments densely investigating the impact of single nucleotide changes in gene bodies and

regulatory regions, the functional impact of most potential and extant human variation re-

mains unknown, representing a major challenge to the interpretation of candidate or vali-

dated de novo mutations. Furthermore, the degree to which current experimental systems

for high-throughput functional profiling of many mutations reflect actual phenotypic con-

sequences at the level of the developing fetus or newborn is not yet clear, further clouding

interpretation. Even in the context of neonatal sequencing, when genetic material from

the newborn can be directly obtained and sequenced without confounding by maternal

background, whole-genome sequencing of cases of severe disease has had mixed success

(Kingsmore et al., 2015; Saunders et al., 2012; Willig et al., 2015), albeit with undeniable
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benefits for some individuals.

Clinically, diagnostic or validation followup work is expected to remain substantial even

as sequencing error rates continue to improve, arguing that a different paradigm for detec-

tion of de novo variation is desirable. What might this look like in practice? One possibility

lies in the isolation of intact fetal cells in the maternal circulation. While such cells are

extremely rare, technologies for the enrichment of such cell populations have improved

dramatically in recent years (de Bourcy et al., 2014). After isolation of fetal cells, the ge-

netic material of each cell could be amplified and sequenced, providing a direct readout of

the fetal genome with no maternal background. Assuming sufficient numbers of fetal cells

are available, variant predictions could be made by statistically or heuristically combining

evidence across cells to reduce errors inevitably arising from the amplification of picograms

of DNA (Gawad et al., 2016). This strategy has the additional advantage of working around

the potential confounding effect of confined placental mosaicism by directly interrogat-

ing fetal, rather than placental, genetic material. However, even this type of technology

is likely to struggle with specific classes of variation, in particular those variant types that

bear mutational signatures similar to technical artifacts arising from single-cell amplifica-

tion methodologies2, or variants that are truly mosaic in the developing fetus itself.

Ideally, in order to systematically map de novo mutations, a sample must be collected

from the father. Without knowledge of the paternal genotypes, any paternally transmit-

ted alleles not shared with the mother are indistinguishable from de novo mutations in the

maternal germline. However, even without a paternal sample, it may still be possible to

identify likely de novo mutations by searching a predefined panel of genes known to be

inherited in a dominant fashion with high penetrance; mutations in these genes could be

ruled as unlikely given the father’s health status. Nevertheless, for all but the most stereo-

typed disorders, definitively separating deleterious mutations from benign ones remains

2For current single-cell amplification methods including MDA or MALBAC, such artifacts tend to look like
copy-number gains or losses, owing to uneven amplification of scant input material. Allelic dropout is a
more common error modality than is the spurious introduction of new alleles, suggesting that at the single-
nucleotide level, such methods are likely to be more challenged by imperfect sensitivity than by low speci-
ficity.



130

an elusive goal, even for single-gene disorders.

5.1.2 Translational	challenges

Although high-resolution, prenatal cfDNA sequencing can yield an accurate picture of the

fetal genome, substantial technical and logistical several challenges must be addressed and

avenues for improvement explored before this technology can reach the bedside. One ma-

jor hurdle facing care providers is establishing an informatics infrastructure to process and

securely store large volumes of genomic data. Interpreting these data poses an even greater

challenge: WGS provides measurements across over 20,000 protein-coding genes that are

not readily summarized as a single result. The measurements themselves are complex:

WGS reports an entire set of genotypes, far from providing a numerical read-out as analyte

testing might, or a “normal/abnormal” status as trisomy screening would provide. While

the report is comprehensive in breadth, most of the reported variants have little to no im-

pact on patient health, placing the burden on the physician and genetic counselor to isolate

the relevant information (if any) from that volume of data. As discussed above in the con-

text ofdenovomutations, automated analyses might been applied in the context of neonatal

sequencing to select or prioritize only genetic variants in genes deemed relevant in order to

streamline the process and to exclude incidental findings (Bell et al., 2011). Additionally,

the analytic method described in Chapter 2 focuses primarily on single-nucleotide variants

(which account for the majority of human genetic variation by quantity but not necessarily

by proportion of the genome impacted). In order to be truly complete, it is necessary to also

consider other variants including short insertions and deletions, structural variation such

as inversions or translocations, and copy number gains or losses. While necessary, these

analyses will further complicate interpretation.

As discussed before, current approaches to prenatal diagnosis incorporate increasingly

refined noninvasive screening techniques to identify pregnancies at high risk of fetal ab-

normalities, thus facilitating direction of invasive diagnostic approaches to a small number

of pregnancies (ACOG Committee on Practice Bulletins, 2007). Ultimately, diagnostic ap-
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proaches that are both noninvasive and comprehensive would replace screening altogether.

Currently, though noninvasive approaches for detection of specific aneuploidies are com-

mercially available, the test performance characteristics for these approaches drive consid-

eration of these tests as sensitive screening tests with persistent reliance on invasive testing

for diagnostic confirmation (American College of Obstetricians and Gynecologists Com-

mittee on Genetics, 2012). NIFWGS, with its extremely high sensitivity, has the potential

to achieve the goal of noninvasive, broad diagnostic capability. However, in the context of

prenatal diagnosis, in order to achieve this potential, we must keep in mind the need for

absolute minimization of false positive results, matching or surpassing the accuracy of in-

vasive testing (>99% in the case of amniocentesis (American College of Obstetricians and

Gynecologists, 2007)). Once technical aspects of the procedure are refined, scalability to

larger validation studies carefully evaluating such test performance characteristics will be

the essential next step.

One factor that must be considered in test performance evaluation and translation of

high-resolution prenatal screening to clinical practice is the placental origin of fetal cfDNA.

As with chorionic villus sampling (CVS), which also samples placental material, confined

placental mosaicism (CPM) must be considered in interpretation of genetic results derived

from fetal cfDNA (Kalousek and Dill, 1983). Empiric evidence supporting the relevance of

CPM to fetal cfDNA was recently described in a case report (Choi et al., 2012). In practice,

depending on the overall clinical picture, abnormal CVS results may require direct confir-

matory testing of fetal cells through amniocentesis. Estimates of the incidence of CPM vary

depending on preparation technique – whether performed directly or after culture – but

generally range between 1-2% (Hahnemann and Vejerslev, 1997). These estimates derive

primarily from first trimester samples evaluated for aneuploidy. Though CVS is typically

performed in early pregnancy, some studies of CVS in the second and third trimesters have

found an increased incidence of CPM with increasing gestational age (Carroll et al., 1999),

a factor to consider in estimation of the effect in noninvasive screens. CPM can result from

a postyzygotic event generating genetic error in an initially normal pregnancy, or placental
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genetic rescue (e.g. trisomic rescue) in an initially abnormal pregnancy, which can result

in fetal uniparental disomy (UPD) or segmental UPD (Engel, 2006). It is important to con-

sider that evaluation of CPM or UPD has typically focused on karyotypic analyses. Studies

utilizing genome-wide or array-based approaches suggest greater detection of abnormali-

ties through these techniques (Filges et al., 2011; Inbar-Feigenberg et al., 2012), supporting

the possibility that CPM for subchromosomal changes across the genome would be expected

to occur more frequently than CPM for aneuploidy.

Sorting out the effect of CPM on diagnostic performance of high-resolution, noninva-

sive fetal testing is complicated further by our increasing understanding of genetic diversity

and even genetic flexibility within an individual. Throughout the field of genetics, techno-

logical advances are providing glimpses into the nonabsoluteness of genetic categorization

(Engel, 2006). In fact, “CPM” may not be actually confined to the placenta in a substantial

proportion of cases, with true fetal mosaicism occurring more commonly than previously

understood and with varying phenotypic manifestations (Stetten et al., 2004). While ge-

netic flexibility in disease – for example, loss of heterozygosity at HLA loci to evade im-

mune detection in cancer (Vago et al., 2009) -– has been known for some time, it is be-

coming increasingly clear that it is also present in health (e.g., somatic revertant mosaicism

(Choate et al., 2010)) and development (Engel, 2006). Genetic diversity within an individ-

ual, through mosaicism or microchimerism (Nelson, 2012) may in fact be the rule rather

than the exception. Understanding the impacts of CPM and true fetal mosaicism at the level

of whole genome sequencing is an entirely new area and an essential component of bringing

such testing to clinical practice.

5.1.3 Implications	for	patients	and	genetic	counselors

The complexity and ambiguity of high-resolution results must be considered as the field

of noninvasive prenatal diagnostics moves forward, and communication of the resultant

ambiguity to patients must be a priority. From a practical perspective, it is clear that as the

field advances, there will be an increasing need for subspecialized genetic counseling, as it
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is unlikely that these discussions could reasonably be incorporated into busy obstetric or

perinatal practices. Though a comprehensive discussion of the ethical implications of such

testing is outside the scope of this dissertation, the intersection of these issues with prenatal

decision making for families mandates careful consideration of how best to incorporate this

technology into practice (Tabor et al., 2012).

Initial targeting of high-resolution testing to specific patient populations will likely in-

clude those with current or prior otherwise unexplainable fetal abnormalities or losses,

providing a framework for appropriate counseling. Ultimately, after larger studies of test

performance, couples at risk for genetic disorders on the basis of race/ethnicity or fam-

ily history may benefit in the intermediate term. With increasing public awareness and

accessibility of commercial genetic screening opportunities, genetic information obtained

in other contexts may drive particular patient populations to seek prenatal whole-genome

or whole-exome testing, again providing a natural starting point for genetic counseling.

In the long term, after significant study in larger cohorts, utilization of this approach for

widespread screening – akin to or replacing neonatal screening, as discussed above – may

enable prenatal provision of information and also facilitating immediate neonatal inter-

vention for specific conditions. However, the future uptake of high-resolution screening by

average- or low-risk pregnancies promises to present a particularly difficult challenge for

appropriate genetic counseling and informed decision-making.

Overall, clinical translation of techniques to comprehensively assess fetal genetic health

from a maternal blood sample has the potential to reshape the future of prenatal diagno-

sis. Scientific progress in this area has vastly evolved in the last 30 years and continues to

accelerate rapidly. Thoughtful shepherding of this technology to the prenatal bedside must

include technical refinement, careful evaluation of test performance, appropriate targeting

of patient populations, and effective communication in the face of our increasing apprecia-

tion of genetic ambiguity.
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5.2 Noninvasive	monitoring	of	cancer	and	other	diseases

The analytical and experimental framework developed in Chapter 4 relies on evidence left

behind by native enzymatic cleavage of chromatin to infer the types of cells contributing

to the circulating DNA. Application of this methodology to cohorts of healthy individuals

and individuals with advanced cancer revealed clear differences in contributing cell popu-

lations, recovering the tissue-of-origin for a subset of the cancer samples, including a ductal

carcinoma and a hepatocellular carcinoma, and confirming the dominant myeloid and lym-

phoid sources of cfDNA in healthy individuals.

Moving forward, one key avenue for improvement to this framework involves the es-

timation of the proportions or “burden” of contributing tissues. The question is twofold:

first, can we develop a point estimate and confidence interval for the percentage of cfDNA

derived each contributing tissue; and second, can we determine whether the estimated pro-

portions in a clinical sample differ in a biologically significant way from expectation? As

discussed in Chapter 1, at least two methods exist for tissue deconvolution, the first based

on DNA methylation signatures (Sun et al., 2015) and the second on circulating RNA pro-

files (Koh et al., 2014). In both of these approaches, a quadratic programming framework

is employed to allow for quantification of contributing tissues, although the number of tis-

sues that could be quantified simultaneously and the ability to stably quantify cell types

with highly correlated profiles are not directly addressed. To increase the interpretabil-

ity and clinical utility of the method presented in Chapter 4, a similar approach is needed,

and work towards that goal is ongoing. However, even once such estimation is achieved,

determining the biological relevance of these tissue contributions remains a key question.

To fully address this topic, a thorough characterization of the spectrum of contributions in

phenotypically healthy individuals will be required, and possible strategies toward this goal

are discussed below in section 5.2.4.

Assuming these key questions have been addressed, what conditions might be moni-

tored with these or related methods? A likely candidate is autoimmune disease such as
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systemic lupus erythmatosus. Systemic or localized tissue damage or inflammation may

give rise to detectable signals in cfDNA, and the relative proportions of contributing tis-

sues might then be quantified to identify response to treatment or to assist in classifying

the severity of flares (Tug et al., 2014) where simple measures of total cfDNA concentration

have failed (Atamaniuk et al., 2011). Cardiovascular health also shows promise for non-

invasive monitoring with cfDNA (Breitbach et al., 2014), both in the context of acute events

such as myocardial infarction, where subsequent necrosis of smooth muscle tissue might be

measured for prognostic reasons, or in chronic conditions such as coronary artery disease,

where individuals might be placed on a spectrum of disease severity. More speculatively,

potential applications of this analytical framework to diseases of the brain may prove fruit-

ful. Because of the blood-brain barrier, cfDNA from brain tissues has been difficult to iden-

tify, even in late-stage brain malignancies, with few exceptions (Bettegowda et al., 2014;

Koh et al., 2014). However, most attempts at identifying brain-derived cfDNA rely on iden-

tifying a small number of somatic variants, typically those stereotyped mutations observed

repeatedly across panels of brain tumors (Bettegowda et al., 2014). An orthogonal approach

for aggregating a genome-wide signal of gene expression, such as the framework described

in Chapter 4, may improve sensitivity to identify rare contributions in brain malignancies,

although to date no data is available in support of this claim.

Below, I discuss some avenues for technical improvement in determining cfDNA tissues

of origin, and in extending this framework beyond cancer to additional diseases and con-

ditions. In particular, I examine ways in which multiple, orthogonal testing methodologies

may in fact be complementary, such that precision of inference would benefit from inte-

gration of various data types from a single sample. I describe the possible implications of

the findings in Chapter 4 for the expected performance of targeted cfDNA assays. Finally,

I discuss how improvements to the analytical framework and standardization of sample

collection may permit higher accuracy and more reproducible results.
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5.2.1 Integrating	multiple	data	types

As discussed in Chapter 1, several methodologies exist for determining the contribution or

burden of specific tissues in a biological sample of cfDNA. For example, the relative propor-

tion of paternal-specific alleles to maternal background in the maternal circulation can be

quantified with qPCR or sequencing to yield an estimate of the “fetal fraction” during preg-

nancy. Similarly, tumor-specific aneuploidy and/or loss of heterozygosity, when known,

can be tracked over time with assays designed to measure allelic ratios at specific loci.

In general, such methods currently fall into three categories: profiling DNA sequencing

variants, quantifying site-specific DNA methylation, and analyzing fragment endpoints. In

at least some embodiments, these approaches are complementary, such that clinical tests

may benefit from combining multiple, orthogonal lines of evidence. In particular, these

various lines of evidence might be gathered in the same test.

For example, a hypothetical testing approach might first involve the bisulfite conversion

of cfDNA to globally identify methylated cytosine residues for inference of tissue composi-

tion. Bisulfite conversion preserves fragment endpoints, such that the additional signal

provided by nucleosome spacing could be used to improve precision, potentially by dis-

criminating between tissues with similar methylation profiles but different gene expression

patterns. Copy-number amplification or deletion could be identified with relatively modest

sequencing depth from this bisulfite-converted library. Finally, provided deep sequencing

is performed, specific SNVs could be quantified. A target enrichment step – for example, as

implemented in CAPP-seq (Newman et al., 2014) – would also be compatible, potentially

reducing overall sequencing costs.

5.2.2 Implications	for	targeted	analysis

Unbiased, genome-wide investigations of cfDNA – for example, by shotgun sequencing fol-

lowing conventional library preparation – may be appropriate for screening of individuals

whose health status is unknown. However, in the context of monitoring a patient for re-
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sponse to treatment for a specific disease, targeted investigation of specific loci may repre-

sent a more cost-effective and tractable experimental strategy with minimal risk of inciden-

tal findings (Newman et al., 2014). This methodology might involve ultra-deep sequencing

or quantitative amplification of a small number of known tumor-associated mutations to

evaluate tumor burden, or tiling across a small panel of frequently mutated genes to surveil

disease recurrence following treatment.

One method for target enrichment using a tiling approach is the capture of relevant re-

gions with single-molecule molecular inversion probes, or smMIPs (Hiatt et al., 2013). In

this experimental framework, a single-stranded DNA oligo is designed to have two targeting

arms complementary to DNA sequence flanking a target of interest, along with a molecu-

lar tag to quantify the number of unique copies of the target that were interrogated. After

hybridization of these targeting arms to a template, the targeted region is copied, or “cap-

tured,” for downstream readout by sequencing. Typically, genomic DNA is used as input to

the capture reaction, and its high molecular weight allows over 100 nucleotides of targeted

sequence to be captured by a single probe, with typical efficiencies of 1-2% per target. Ow-

ing to the high degree of fragmentation observed in cfDNA samples, shorter targets may

be indicated to maintain acceptable capture efficiency. Preliminary results suggest that a

target length of up to 40 bases yields capture efficiency between 1-2% for a small number

of probes. However, the majority of probes fail to achieve a 1% threshold, suggesting that

further optimization is needed if this strategy is to gain traction (Figure 5.1).

One potential confounder of these results is that, due to the limited material available

from a typical plasma sample and the biased fragmentation patterns observed in plasma-

borne cfDNA, the optimal placement of PCR primers or capture baits may play a critical role

in determining capture success. Design of such oligos is frequently optimized for some set

of experimentally relevant parameters, including GC content and repetitive sequence com-

position within some target locus. One implication of the findings presented in Chapter 4

is that the specific locations of primers or baits relative to expected nucleosome positions

may govern the likelihood of successful capture or amplification of those loci. For example,
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Figure 5.1: Capture	of	cfDNA targets	with	smMIPs, by	input. Cell-free	from	an	anonymous	female	donor
was	 subjected	 to	 capture	with	 single-molecule	molecular	 inversion	probes	 (smMIPs). The	 four	 capture
reactions	contained	an	identical	panel	of	32	smMIPs, each	designed	to	capture	40	nucleotides	of	sequence
with	targeting	arms	between	16	and	24	bases	in	length. The	capture	reaction	was	performed	as	described
(O’Roak	et al., 2012)	with	a	probe-to-target	ratio	of	800:1. At	least	two	unique	molecular	tags	were	observed
for	28	targets	(87.5%)	in	the	10	ng	input	capture, 26	and	23	targets	(81.3%	and	71.9%)	in	the	two	replicates
of	the	5	ng	input	capture, and	26	targets	(81.3%)	in	the	2.5	ng	input	capture.
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primers closely spanning a WPS peak would be expected to result in more efficient ampli-

fication than would primers spanning a WPS trough.

Although the extent to which this consideration impacts successful targeting remains to

be seen, anecdotal investigation of the success of cfDNA capture with smMIPs suggests that,

at least in limited data, successful probe design involves targeting arms placed within WPS

peaks (data not shown). The correlation between probe placement and capture success rate

is not perfect, though, perhaps owing in part to the overall low efficiency of MIP capture

obscuring site-to-site variability. Future studies involving multiplex PCR or hybrid capture

target enrichment should continue to shed light on this experimental consideration.

5.2.3 Optimizing	sample	collection	and	processing

Currently, no universal standards exist for collection of peripheral blood for downstream

plasma isolation and cfDNA purification. While some best practices are frequently observed

– for example, blood is typically collected in tubes containing EDTA to minimize subsequent

degradation of cfDNA fragments – many of the parameters plausibly affecting downstream

analysis have yet to be studied. Future work is needed to address the impact of these poten-

tial confounders and, where possible, to control for them during sample collection, sample

processing, or data analysis.

One key parameter that may impact test results is the time of day at which samples

are collected. White blood cell lineages represent the major sources of the “background”

in most cfDNA samples, due to frequent apoptosis and renewal of these cell populations.

However, evidence suggests that the turnover of these cells may be biased for particular

times of the circadian clock. Because of the short half-life of cfDNA fragments in the cir-

culation (Lo et al., 1999), optimal samples may be those collected when white blood cell

turnover is at its lowest point, in order to maximize the signal contributed by additional or

abnormal cell populations. Even when the time of collection cannot be standardized, un-

derstanding the potential impact of this variable on downstream inference and developing

strategies to to control for this possible confounder analytically may bear fruit.
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Other parameters that may confound or complicate inference include biological consid-

erations such as patient BMI or fitness status, and technical considerations including cfDNA

purification methods or sequencing library construction. Patient characteristics, including

frequency of strenuous exercise, can influence the concentration and likely the composition

of cfDNA in a plasma sample, which may confound inference. Bead-based kits for cfDNA

purification, while attractive due to ease of workflow, may preferentially purify longer frag-

ments compared to organic chemistry-based approaches, discarding a potentially informa-

tive class of fragments. Conventional library preparation techniques may compound this

problem, altering the fragment length distribution and shifting the cleavage periodicity by

several base-pairs (Figures 4.2 and 4.4), potentially affecting downstream analysis. Stan-

dardizing or controlling for variability in sample processing will remain an important future

step as testing expands to additional providers and patient groups.

5.2.4 Comparison	to	reference	cohorts

The method for tissue-of-origin determination described in Chapter 4 relies on comparison

of clinical samples to one or more reference maps – specifically, by comparing observed sig-

nals of nucleosome spacing across gene bodies to tissue-specific gene expression measure-

ments in a linear correlation framework. The goal of this analytical framework is to identify

or rank the closest match or matches between a clinical sample and reference maps in order

to identify contributing tissues or cell types.

While this approach represents a reasonable analytical strategy when well-matched ref-

erence maps are available, such maps do not exist for every cell type. Even when purport-

edly matched cell lines do exist, the degree to which they represent a snapshot of a given

tumor or other diseased tissue is unclear. For example, evidence from DNase-I hypersensi-

tivity studies suggests that the regulatory landscapes of tumors evolve as cancer progresses,

specifically by the reactivation of certain embryonic regulatory regions (Stergachis et al.,

2013). If the epigenetic changes are of sufficient magnitude, the best matching reference

maps may no longer give clear clues to the anatomical origin of the tumor. Additionally,
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collapsing gene expression measurements in a cell line to a single number per gene may ob-

scure true expression heterogeneity in vivo, a caveat that may be amplified in the presence

of stresses or inflammatory processes plausibly co-occurring with development or progres-

sion of disease. If primary tissue samples are instead used to generate reference maps, the

maps may again be imperfect owing to the different extents to which each tissue sample is

vascularized – or, more generally, to the different proportions of various cell populations

present in each sample.

Thus, an alternative strategy based on clustering of patients along phenotypic lines may

be preferable. Rather than comparing a clinical sample to reference maps made from pri-

mary tissue or cell lines, the comparison could be made to reference cohorts of previously

studied samples whose clinical phenotypes include diverse cancer types and other diseases,

as well as healthy controls. Familiar distance metrics between samples can be calculated

– for example, the Euclidean distance between intensity vectors from Fourier transforma-

tion as described in Chapter 4 – to cluster samples on the basis of similarity to one another

rather than to reference maps. In essence, the question shifts from Which reference maps

most closely match this sample? to Which previous clinical samples most closely match

this new sample, and what condition(s) did those samples have in common?

This strategy, though, is challenged on several fronts. First, it presupposes a broad sur-

vey of cancers and other diseases, requiring significant uptake of this screening method-

ology by diverse patient groups. Second, it requires sufficient numbers of samples within

each disease category to evaluate the genetic heterogeneity observed between individuals

with similar phenotypes, which for some conditions may plausibly be too great to allow

for confident inference in this manner. Third, careful phenotyping of individuals in the

reference cohorts is critical. While this requirement is particularly true in the context of

disease classification, it is perhaps equally true for healthy or “control” individuals. For ex-

ample, individuals may present as clinically unaffected, but may in fact harbor low-grade

and undiagnosed disease, including diminished cardiovascular health or early malignan-

cies. Careful selection of reference individuals may help reduce the number of incorrect
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predictions made on the basis of sample clustering. Finally, the use of reference cohorts

argues for some degree of data sharing between testing providers, currently an elusive goal

for many genomic analyses. While reference maps – for example, those produced by the

Human Protein Atlas, GTEx, or ENCODE – are typically publicly available resources and

easily standardized across testing providers, reference patient cohorts are likely to be more

restricted. This balkanization could lead to the undesirable outcome of a particular sam-

ple receiving two or more different classifications based on testing performed by different

providers. A mitigating consideration is that data sharing at the level of FFT intensity vec-

tors may represent less of a privacy concern than at the genotypic level.

5.3 Closing	thoughts

There is no doubt that improved noninvasive screening techniques, whether based on cfDNA

or other biomarkers, represent an exciting and powerful approach to precision medicine.

As the range of conditions that can be monitored this way continues to grow, it is likely –

although far from guaranteed – that diagnoses will become more precise, treatments will

become more tailored, and health outcomes will improve. However, this technological and

medical boon may not be shared equally by all. Will the growth of cfDNA-based screening

widen or narrow health disparities? Who benefits?

The expanding reach of precision medicine carries an enormous price tag. These costs

are both individual, borne by those wishing to pay for new tests, and collective, in the form

of NIH-funded research such as the work presented in this dissertation. A key question

touching on political, ethical, and medical concerns is whether the cost of such research is

justified in the face of the many more basal and substantial public health challenges that

remain, both here and abroad. Might hunger not be alleviated, might the homeless not be

housed with the money spent on medical genomic research?

For some such as Daniel Koshland, former editor of Science and cheerleader for ge-

nomic research (Koshland, 1989), this question is easily answered. In his remarks at the

First Human Genome Conference in 1989, he responded to the argument that less indirect
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interventions were still needed: “What these people don’t realize is that the homeless are

impaired. [...] Indeed, no group will benefit more from the application of human genetics”

(Kevles and Hood, 1993).

Now more than 25 years later, it is hard to find evidence to support that prediction,

even if we restrict our view to diagnostics and ignore the slow pace of growth of therapeutic

interventions. The underlying hypothesis that genetic variation is the major driver of be-

haviors such as addiction and mental illness has thus far found limited support in studies of

large cohorts, with many variants of small effect explaining some of the traits’ heritability

without opening up clear avenues for potential intervention. When we consider the entire

spectrum of complex human traits, the picture is not much more encouraging. Some of the

basic biology of lipid traits and heart health has been explained using genomic approaches,

but high cholesterol and cardiovascular disease remain important health concerns in the

United States. It may be that Dick Lewontin was, for the most part, correct: the research

program of linking genetic variation to deviations from a phenotypic mean reinforces a de-

terministic view and minimizes the role of environmental interventions in effecting change

at the individual level. In 1974, he suggested that we “stop the endless search for better

methods of estimating useless quantities. There are plenty of real problems” (Lewontin,

1974). Indeed, many of those real problems persist, 40 years later.

Nevertheless, noninvasive screening and testing in pregnancy represents one of the real

success stories for public health in the genomic era, reducing risk to patients and enabling

appropriate support for children with genetic disease to begin at birth. While the challenge

of predicting the entire complex trait makeup of a child from noninvasive sequencing may

be hopeless, the comprehensive assessment of risk for thousands of severe diseases and

disorders is now within reach. The impact of this category of testing in oncology is still

preliminary, but there is no doubt that at least some patients will be positively affected by

therapeutic choices guided by cfDNA-based profiling. Similar promise exists for screening

and testing for an variety of other conditions and disease states, with much work yet to be

done. Critically, it is up to us to ensure that the benefits of these public health advances are
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shared by all.
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