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Ed Summary: Blood-derived cell-free DNA are a promising source of noninvasive biomarkers for cancer, but

challenges remain in pre-analytic processing, library preparation, and bioinformatic analysis that limit the
accuracy of cell-free DNA diagnostics.
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Cell-free DNA (cfDNA) in the circulating blood plasma of patients with cancer contains tumour-derived DNA
sequences that can serve as biomarkers for guiding therapy, for the monitoring of drug resistance, and for the
early detection of cancers. However, the analysis of cfDNA for clinical diagnostic applications remains
challenging because of the low concentrations of cfDNA, and because cfDNA is fragmented into short lengths
and is susceptible to chemical damage. Barcodes of unique molecular identifiers have been implemented to
overcome the intrinsic errors of next-generation sequencing, which is the prevailing method for highly
multiplexed cfDNA analysis. However, a number of methodological and pre-analytical factors limit the clinical
sensitivity of the cfDNA-based detection of cancers from liquid biopsies. In this Review, we describe the state-
of-the-art technologies for cfDNA analysis, with emphasis on multiplexing strategies, and discuss outstanding
biological and technical challenges that, if addressed, would substantially improve cancer diagnostics and
patient care.

Dying cells release their DNA into blood plasma, where it is fragmented by nucleases to cell-free DNA (cfDNA)
molecules — short (=160 nt) double-stranded DNA fragments that are cleared from the bloodstream with a half-life
between 5 and 150 min [1-3]. Because cfDNA captures a “snapshot” of dying cells throughput the whole body, it can be
used to detect a broad and diverse set of diagnostic biomarkers for a variety of diseases. In particular, cfDNA has gained
traction for cancer diagnostics over the past 5 years [4—13], due to the high cost and complexity often associated with the
procedures based on radiology and tissue biopsies. The subset of cf/DNA molecules that are tumor-derived is known as
circulating tumor DNA (ctDNA), and in cancer literature cfDNA and ctDNA diagnostics are often used interchangeably
because ctDNA is analyzed from a sample of cfDNA. Tumor-specific mutations can be used to distinguish ctDNA from
healthy cfDNA, and the fraction of cf/DNA molecules at a particular locus that bears a mutation is known as the variant
allele fraction (VAF). Accurate detection and quantitation of mutation VAF is the primary technical challenge of cfDNA-
based diagnostics discussed here.

Cancer diagnostics based on cfDNA face 4 unique challenges: (1) the short length of cfDNA, (2) the low concentration of
cfDNA in plasma, (3) the high sequence similarity between cancer-derived and healthy human DNA, and (4) the large
number of markers that must be simultaneously analyzed to achieve high clinical sensitivity. These challenges render
older nucleic acid testing technologies, such as quantitative PCR methods for infectious pathogen identification,
inadequate for cfDNA. Innovations in high-throughput sequencing instruments, library preparation methods, and
bioinformatics pipelines been developed in the past 15 years, but cfDNA diagnostics have yet to see widespread
introduction in the clinical setting in part because there is not a single dominant technology that reliably, simply, and
affordably addresses all these challenges. Here, we discuss, at a detailed molecular level, the current methodological
limits to cfDNA analysis, in order to stimulate further developments and scale-up in ctDNA-based diagnostics that can
positively impact human health.

cfDNA diagnostics in cancer care

The United States Food and Drug Administration (FDA) defines an In Vitro Diagnostic as “tests done on samples such as
blood or tissue that have been taken from the human body.” Within this broader definition, there are 3 sub-definitions of
diagnostics that are typically considered in the context of cancer: (1) non-FDA approved analytic tests based on patient-
derived biospecimens that provide information on the presence, characteristics, or evolution of the patient’s disease [14],
(2) tests approved or cleared by the FDA via 510(k) [15], de novo [16], or pre-market approval pathways [17], and (3)
pathology tests to definitively identify and classify a malignancy. Here, we use the first (broadest) definition of
diagnostics, which includes screening, prognosis, therapy selection, and post-treatment monitoring tests, many of which
have not received FDA approval or clearance, but are nonetheless informative for cancer care and are recommended by
guidelines (e.g. NCCN). Typical nucleic acid tests can be separated into three main stages: preanalytical steps that result
in a purified DNA sample, the analysis of the DNA sample, and the clinical interpretation of the results. Fig. 1 describes
some cfDNA tests and how they would fit into the clinical diagnostic workup and treatment workflow, using non-small cell
lung cancer (NSCLC) as a model disease.

Today, approximately 70% of NSCLC patients are diagnosed at late stages (lll and IV) following overt clinical symptoms;
only 30% of patients are diagnosed at Stage | or Il, often following incidental findings or screening exams based on chest
CT scans [18]. Because patient outcomes are significantly worse when NSCLC is detected at later stages, despite the
advances in targeted therapies and immunotherapies [19-21], there are major initiatives in the US [22,23] and across the
world [28,29] to improve and expand early screening efforts.

Currently, the most common use of cfDNA analysis is in therapy selection for Stage lllb and 1V patients. For example,
EGFR mutation tests stratify patients based on likelihood of response to targeted therapies such as erlotinib [26-28] or
osimertinib [29, 30]. There are over 100 cfDNA diagnostic tests in clinical trials in the US [31], and several commercial
cfDNA-based laboratory-developed tests (LDTs) are being routinely ordered by oncologists [32, 33]. In addition to



specific mutation markers for resistance or sensitivity to targeted therapeutics such as tyrosine kinase inhibitors (TKI),
tumor-specific DNA also can be analyzed more broadly for overall tumor mutational burden (TMB) that positively
correlates with the efficacy of immunotherapies such as PD-1 [34], PD-L1 [35], and CTLA4 [36] inhibitors. The
approximation of TMB from cfDNA analysis, known as blood tumor mutation burden (bTMB) [37], is an important recent
use case of cfDNA-based immunotherapy guidance. Similarly, genome-wide microsatellite instability (MSI) has also been
reported to be correlated with immunotherapy effectiveness [38, 39], and represents another set of promising markers for
cfDNA-based therapy guidance.

As cfDNA analysis technologies advance in academic and clinical research [40-45], they are also being considered for
post-treatment monitoring, including detection of recurrence and de novo resistance mutations, which may inform
modification of patient therapy regimens including to combination therapies [45-48]. Recurrence monitoring has been
applied in a research setting for a number of different cancer types, including breast [49, 50], colorectal [51, 52], and lung
[53]. Given the active research and commercialization efforts, we expect that cfDNA-based cancer monitoring tests may
soon become commercially available.

Early cancer screening via cfDNA diagnostics is a widely discussed possibility in both academia and industry [54- 56]. In
a limited number of cancer types in which high-risk individuals can be identified by age, lifestyle habits, or geographic
locations, cancer screening via cfDNA is becoming a reality (e.g. colorectal cancer [57, 60] and nasopharyngeal cancer
[61]). However, the recent discovery of significant presence of cancer-associated mutations in healthy individuals [62, 63]
suggests that it will be challenging to develop diagnostic tests with high sensitivity and specificity for pan-cancer early
detection in asymptomatic populations. These challenges are exacerbated by the cost and dangers associated with
applying diagnostic workups to healthy individuals (see Fig.7).

Cytosine methylation in cfDNA is being explored as an early cancer detection marker in multiple different approaches.
Global methylome profiling, like with TMB for mutations, does not consider individual methylation markers at specific
genomic loci; genome-wide hypomethylation has been suggested as a universal marker for cancer [64]. However,
because genome-wide methylation does not inform on the location of the tumour and because epigenetic features are
less conserved across cell divisions, clinical actionability is limited to the early detection of cancer. Targeted bisulfite
sequencing approaches [65-67], on the other hand, are more suitable for the detection of specific cancer types.
Combined with bioinformatics including haplotype phasing [68], methylation markers can be used to identify the tissue of
origin based on cfDNA [69], representing a significant advantage for early detection applications.

There are numerous clinical trials that employ mutational analysis of cfDNA. Due to the long timeframes required for
prospective clinical trials, many ongoing trials using cfDNA as a stratification marker remain based on low-plex PCR
methods, such as NCT02418234 (non-small cell lung cancer, China), NCT00730158 (colorectal cancer, Yale), and
NCTO01349959 (breast cancer, NCI) [70]. With the maturation of NGS technology, multiple clinical trials based on NGS of
specific gene panels using cfDNA samples have been initiated by companies like GRAIL (NCT02889978), Guardant
Health (NCT03477474), and Foundation Medicine (NCT02620527).

Preanalytical factors and limitations

Preanalytical factors describe the biological variables and handling protocols of the sample and, because different
protocols impact the quality, quantity, or characteristics of the DNA sample to be analyzed (Fig. 2a), they can have an
especially outsized impact on the accuracy of the overall tests.

Many biological variables that impact cfDNA quantity and characteristics are difficult to fully control, for example: cfDNA
is partially cleared through urine, so an individual who has recently imbibed a large amount of fluids may have lower
concentrations of cfDNA; cfDNA is derived from all dying cells in the body, so an individual’s physical health state,
including exercise[71] and bacterial/viral infection [72-74] will affect concentrations of cfDNA; and the quantity of tumor-
derived ctDNA molecules in cfDNA depend not only on the tumor mass, but also on its proximity and accessibility to the
circulatory system.

In contrast to biological variables, the sample collection and handling protocols could, in principle, be fully controlled to
maximize the reproducibility of results from two aliquots of the same blood sample. Ideally, fresh venous blood samples
should be immediately centrifuged to separate plasma from red blood cells and buffy coat (this step is typically done
twice to minimize contamination from buffy coat). Subsequently, the cfDNA should be immediately extracted from
plasma, followed by downstream analysis by digital polymerase chain reaction (dPCR) or next-generation sequencing
(NGS). In practice however, there are often unavoidable delays associated with transport, aliquoting and storage of the
blood sample that run two main risks: chemical damage of the cfDNA (Fig. 2b), and contamination of cfDNA by leukoctye
genomic DNA (Fig. 2c). DNA can in fact undergo hydrolysis, deamination, and oxidative damage both in vivo in the body
and in vitro in the blood collection tube [75, 76], with more than 20 types of damage identified [77]. The products of these
undesired chemical reactions are non-canonical nucleosides that can be spuriously recognized as mutations, and these
processes are suspected to impact cfDNA analysis accuracy. Although there are some commercial kits that claim to
repair such damage (e.g. New England Biolab’s preCR), the general consensus of the field is that damage repair is
imperfect and results in significant false positive variant calls. A high specificity and high yield method for reversing DNA
damage could significantly improve the ultimate limits of cfDNA-based diagnostics.

In collection tubes, leukocytes in the blood slowly die and release their genomic DNA into the plasma layer; this genomic
DNA contributes increased background of wild-type DNA and reduces the effective mutation (VAF), rendering detection
of rare cancer mutations more difficult. Literature suggests that whole blood can be stored between 1-7 days at room
temperature before significant increase in plasma DNA quantity due to leukocyte genomic DNA [78]; Streck brand blood
collection tubes have been observed to increase the stability of leukocytes in collected blood samples [74, 78]. Methods



for improving the stability of leukocytes in blood, or differentiating cfDNA from leukocyte genomic DNA would improve the
accuracy and reproducibility of cfDNA diagnostics.

The low quantity of cfDNA in blood and the low VAF of cancer mutations mean that Poisson sampling statistics can
reduce the reproducibility of mutation VAF profiling (Fig. 2d,e). This is an ultimate limitation of cfDNA and implies that
detection and quantitation of low VAF mutations can suffer from irreproducibility and lowered clinical sensitivity,
regardless of the downstream analysis technology. The only way to overcome this limitation is through the use of larger
quantities of cfDNA,; for this reason, many commercial LDTs for cfDNA require 2 tubes of 10 mL blood as input, allowing
near 100% clinical sensitivity at 1% VAF, and over 90% for 0.1% VAF. An adult human can lose up to 14% of their total 5
L blood supply without experiencing significant adverse effects, corresponding to roughly 700 mL [79]. However, it is
likely to be practically difficult to collect more than about 50 mL blood from cancer patients for cfDNA analysis, given their
compromised health.

Urine is another potential source of cfDNA molecules, because their small size results in a significant fraction being
filtered by the kidneys into urine [80]. Adults usually pass between 800 mL and 2 L of urine per day, all of which could
potentially be collected and used for extracting cfDNA without any adverse effects. However, high-yield purification and
concentration of cfDNA from large volumes of urine, while limiting contamination from genomic DNA from cellular debris,
is technically challenging. Additionally, cfDNA present in urine has been reported to be significantly shorter than cfDNA
derived from blood [81], presenting unique challenges to cfDNA extraction yields [82, 83] as well as PCR amplification.
Biochemical and/or physical methods to reliably, and affordably purify and analyse at scale cfDNA from urine could
revolutionize cancer cfDNA diagnostics.

Low-plex approaches to cfDNA analysis

Traditional nucleic acid tests, such as those used for the detection of viral infections such as HIV and of pathogens such
as MRSA, utilize low-plex instruments and assays that detect a small number of target DNA sequences. Typically, these
assays are run using quantitative PCR (qPCR) [84], but other FDA-approved assays include chemiluminescence
detection [85, 86], isothermal DNA amplification [87], and transcription-mediated amplification [88]. In these tests, there is
typically a single binary decision that the nucleic acid test is meant to inform, such as the use of antiretroviral therapy.
Cancer, in contrast, is a complex disease with many different pathways and many different treatment options. For
example, there are dozens of FDA approved targeted therapies and immunotherapies for NSCLC [89]; furthermore,
many drugs can be used in combination to maximise a therapeutic effect [31,32]. Consequently, more information is
required than simply the presence or absence of a tumor. The presence of specific DNA mutations can not only inform
therapy regimens most likely to be effective for a patient, but also provide snapshots of tumor response to the treatment
including the emergence of drug-resistant tumors. The MyCancerGenome database [90] lists hundreds of mutations with
known effects on cancer treatment, and databases such as the Catalog Of Somatic Mutations In Cancer database [91]
and cBioPortal [92] lists over 100,000 mutations observed in cancer patients.

Because cfDNA exists in plasma in very low quantities (about 2.5 ng/mL plasma in healthy individuals, and about 10
ng/mL plasma in cancer patients), repeated low-plex testing on different sample aliquots is not practical. Consequently,
low-plex tests such as those based on qPCR typically target one or a few specific mutations to guide the use of a single
drug. For example, presence of the EGFR-T790M mutation in a lung cancer patient confers resistance to erlotinib [93],
and informs the use of osimertinib [94], and can alternatively be used for detection of recurrence in erlotinib-resistant
tumors.

Currently, digital PCR is the most used method for low-plex analysis of cf/DNA. By performing end-point PCR on 20,000
individual reaction droplets, Bio-Rad’s digital droplet PCR (ddPCR) allows accurate detection and quantitation of known
DNA mutations without separate calibration reactions [95]. Compared to commercial gPCR amplification refractory
mutation system (ARMS) assays [96], ddPCR assays achieve a significantly better VAF limit of detection by roughly 20-
fold (0.05% vs. 1%), as well as more accurate VAF quantitation. However, the high cost of ddPCR instruments (list price
of roughly $100,000) and the low number of installed ddPCR instruments comprise a significant challenge for the
widespread adoption of ddPCR-based cfDNA assays, compared to NGS instruments with similar cost and much higher
multiplexing (Fig. 3). Because ddPCR currently is only capable of analyzing one potential mutation per reaction, an
unreasonably high quantity of cfDNA samples would be needed to profile many different mutations.

Other technologies for low-plex detection of mutations with low VAF in cfDNA have been described in the academic
literature. These approaches include electrochemistry [97, 98], isothermal amplification with CRISPR (Clustered
Regularly Interspaced Short Palindromic Repeats) [99], nanoparticles [100], and single-molecule fluorescence [101].
These emerging technologies have primarily focused on improving analytic sensitivity, by either requiring lower input
cfDNA quantity or enabling lower mutation VAF. Nevertheless, more effort should be devoted to massively scaling up the
multiplexing capabilities of these technologies to render them suitable for broader analysis of cfDNA for cancer
diagnostics.

Sitting on the border between low-plex and massively multiplexed technologies, the Agena MassARRAY system [102]
allows for many different primers to be added to the same reaction, and a potential single-nucleotide extension is
performed; the potential extension products are then simultaneously analyzed via mass spectrometry. The most recent
assays from Agena claim a limit of detection of 0.1% mutation VAF and detection of up to 40 different known mutations
from a single sample [103]. This performance puts the MassARRAY platform at roughly the needed multiplexing capacity
for actionable cancer mutation detection for diagnosis of individual cancer types; simultaneously, the low marginal cost of
sample testing and the rapid workflow make the system an attractive alternative to next-generation sequencing (NGS)
methods described in the rest of this review. As with digital PCR, the major adoption barrier for MassARRAY is the high
up-front instrument cost ($250,000).

NGS methods for cfDNA analysis



In NGS, DNA molecules in a solution that bear pre-defined adapter sequences are randomly sampled, and the NGS
instrument provides the sequences of the sampled molecules from the 5’ end, up to a defined length limit defined (the
read length). For the popular lllumina NGS instruments and sequencing kits, the read length varies between 75 and 300
nt, and the number of reads (sampled molecules) varies between 4 million and 10 billion. Other major NGS platforms
include lon Torrent, Oxford Nanopore, and Pacific Biosciences (see Fig. 3a).

NGS offers orders of magnitude higher multiplexing than other nucleic acid analysis technologies and is thus the
dominant approach to cfDNA analysis. Because cancer mutations follow a long-tailed distribution, a very large number of
genetic loci should be simultaneously observed to ensure high clinical sensitivity [104]. Furthermore, the cost of
performing NGS has been exponentially dropping (halving roughly every 18 months [105]), increasing its appeal.

lllumina NGS is commonly used for cfDNA analysis, due to the high accuracy and the low marginal cost of NGS reads
(Fig. 3a). In some countries (e.g. India), lon Torrent NGS instruments have gained higher market penetration than
lllumina due to the lower upfront instrument cost. The third generation NGS platforms (Oxford Nanopore and Pacific
Biosciences) [106, 107] are not currently competitive in the space of cfDNA analysis, because the primary advantage of
these platforms are long read lengths of over 10,000 nt, making them a poor fit for short cfDNA with lengths of typically
160 nt.

If all the NGS reads are deployed to randomly sample all cfDNA molecules in a plasma sample, then the fraction of all
reads that correspond to useful information about cancer-related genes will be very small. The human genome is over 3
x 10° nt long, and current cancer biology knowledge is limited to roughly 1000 possibly cancer-related genes [108], each
with about 4,000 nt of protein-coding sequences, corresponding to a total of 4 x 10 nt. Thus, simplistically, roughly
99.9% of the NGS reads would be wasted on portions of the human genome with little cancer-relevant information,
resulting in grossly increased NGS costs. Target enrichment is the process by which the composition of the cfDNA library
is adjusted to increase the relative concentrations of DNA sequences corresponding to the genomic loci of interest. The
two most popular methods for target enrichment today are ligation/hybrid-capture, and multiplex PCR.

In a typical ligation/hybrid-capture workflow (Fig. 3b), cfDNA first undergoes end-repair to produce flush ends with a
single 3’ A tail, and then adapters are ligated to both ends of the duplex. Index primers are further appended via PCR
using primers against the universal adapter sequences; this step also serves to pre-amplify the cfDNA. Subsequently,
the amplicons are denatured and then hybridized to biotinylated probe sequences. Streptavidin-coated magnetic beads
are then used to capture the biotinylated probes and any cfDNA amplicons bound to the probes; other cfDNA amplicons
are removed via washing. The probes correspond to the genes and/or loci of interest; consequently, the capture cfDNA
amplicons will be enriched in the genes/loci of interest. However, due to nonspecific binding of cfDNA amplicons to the
probes and/or the magnetic beads, enrichment is imperfect. Hybrid-capture probes are available commercially via
companies such as Twist Biosciences, Integrated DNA Technologies, Nimblegen, and Agilent. NGS panels for cfDNA
that rely on hybrid-capture include FoundationACT [36], Guardant360 [37], and Roche Avenio [109].

Target enrichment via multiplexed PCR allows for different genes/loci to be simultaneously amplified using different PCR
primer sequences [110,111], and adapters and indexes are appended afterwards using PCR or ligation (Fig. 3c). With
the large number of PCR primers present, some amount of primer dimers and nonspecific amplicons from other regions
of the genome are likely to form. A majority of these undesired molecules can be removed by size selection steps in the
NGS library preparation process (e.g. using Agencourt AMPureXP[112]) to remove primer dimers and nonspecific
amplicons with grossly different lengths than the expected amplicons. Because the amplicon concentration of the loci of
interest doubles with every PCR cycle, the fold-enrichment can be significantly higher than with hybrid-capture. For
example, with 20 PCR cycles, the loci of interest are enriched up to 108-fold, whereas it is difficult even with optimized
hybrid-capture protocols to ensure that nonspecific binding is less than 1 part in 10*. Thus, multiplexed PCR is generally
able to achieve higher on-target rates than hybrid-capture, especially for smaller NGS panels. Additionally, performing
multiplexed PCR is generally less complicated than hybrid-capture, with shorter total turnaround and hands-on time. The
commercial Thermo Fisher Oncomine and Paragon CleanPlex NGS panels use multiplexed PCR for target enrichment
[113, 114].

On-target rates of hybrid-capture methods are generally high for panels larger than 100 kilobases (kb), but low for
smaller panels (the on-target rate of an NGS library is the fraction of all reads that correspond to the genes/loci of
interest). In contrast, on-target rates of multiplex PCR methods are generally high for panels smaller than 10 kb, but low
for larger panels. In general, ligation/hybrid-capture is preferred for large NGS panels covering over 100 kb, and
multiplex PCR is preferred for small panels covering less than 10 kb (Fig. 3d).

Both methods for NGS library preparation face the same three main limitations: (1) PCR amplification and NGS read
errors that result in false positive variant calls, (2) imperfect representation of the original cfDNA molecules in the NGS
library, resulting in false negatives, and (3) sequencing non-uniformity that either reduces mutation sensitivity or
significantly increases NGS cost (Fig. 4).

Errors in PCR amplification and in NGS can result in NGS reads containing variant sequences even when the sample is
purely wild type (0% VAF). Theoretically, if the error rate was absolutely reproducible from procedure to procedure, then
an unknown sample’s actual mutation VAF can be mathematically computed by subtracting the expected false variant
NGS reads due to errors. For example, if 2% of the reads from an NGS library contain a particular mutation, and the
aggregated errors result in a reproducible 1% of NGS reads being that variant, then we can infer the true sample VAF as
2% - 1% = 1%. In practice, however, there are run-to-run variations due to different enzyme lots, slight differences in
experimental temperatures, times, and concentrations, so that the aggregated error rate will not be perfectly
reproducible. Furthermore, the error rate is not identical for all sequences, and can vary based both on the exact
nucleotide being sequenced as well as the neighboring sequences. For this reason, it is difficult to standardize NGS
panels to confidently claim mutation detection below about 1% VAF, even when using high-fidelity polymerases to



reduce PCR error and Phred quality score Q=30 filtering to reduce NGS intrinsic error (Fig. 4a,b). To further clarify
regarding Phred quality quality score, Q=30 indicates a mean error rate of 0.1% per nucleotide, based on manufacturer
specifications. However, given the large number of nucleotides sequenced and sequence biases in error rate, variant
calls at £1% cannot be reliably made even with Q=30 filters.

The conversion yield — the fraction of original cfDNA molecules that are represented in the final NGS library— depends
on whether the library preparation method used ligation/hybrid-capture or multiplex PCR. For example, a 10 mL blood
sample could contain a single-digit number of copies of DNA molecules with tumour specific mutations, so protocols with
low conversion yields could end up losing all the mutant DNA molecules and report a false negative. Thus, conversion
yield is an important determinant of the clinical sensitivity of cfDNA assays. Panel developers are incentivized to report
optimistic numbers, based on lowest reasonable estimate of the denominator — the number of original cfDNA molecules
present at a particular genomic locus. Standard DNA quantitation methods based on fluorescence of an intercalating dye
(Qubit), absorbance of DNA at 260 nm (Nanodrop), and digital droplet PCR can differ by more than 2-fold depending on
DNA size distribution, presence and concentration of single-stranded nucleic acids, DNA sequence, fragmentation
pattern, solution buffer, and chemical impurities. Thus, conversion yield metrics today are estimates based on imperfect
underlying measurement of cfDNA quantity.

For ligation/hybrid-capture, the conversion yield is primarily limited by imperfect end-repair and ligation efficiency (Fig.
4c). Because both ends of a cfDNA fragment must be ligated to adapters for the cfDNA to be amplified in subsequent
steps, imperfect ligation yields have a quadratic effect on conversion yield. In some specific library preparation protocols
such as DuplexSeq [121], that rely on ligation to both strands of the same cfDNA fragment for further error correction, all
4 ligation reactions must be complete for the molecule to be represented. Reported conversion yields for ligation/hybrid-
capture vary between 10% and 60% [121-123], with the upper range being possibly optimistic.

For multiplex PCR, the conversion yield is primarily limited by the fraction of cfDNA molecules that cannot be amplified
because the molecules do not span the length of the amplicon (Fig. 4d). Assuming the typical length of cfDNA is 160 nt

[124, 125], the theoretical conversion yield of multiplex PCR can be calculated based on the length of the amplicon: A
100 nt amplicon would exhibit a conversion yield of approximately % = 37.5% , and conversion yield would drop

precipitously for longer amplicons. Furthermore, recent studies suggest the existence of a population of very short ctDNA
molecules in blood [126, 127], which have previously not been systematically characterized due to limitations in DNA
extraction and NGS library preparation. Multiplex PCR analysis of this short ctDNA population would likely have very low
yield. Exosomal DNA also exists in blood plasma and has been reported to contain cancer-specific DNA mutations [128,
129]; exosomal DNA'’s longer lengths of over 2,500 nt render these fragments relatively easy to amplify by PCR.

In both ligation/hybrid-capture and multiplex PCR protocols, some loci or amplicons are sequenced to much higher depth
than others (Fig. 4e), due to sequence-based hybridization kinetics that impact both PCR ampilification yield and hybrid-
capture efficiency. The rate constants of DNA hybridization kinetics can vary more than 3 orders of magnitude for
primers/probes of the same length, at the same temperature and buffer conditions [130]. The concentrations of different
PCR primers or hybridization probes can be adjusted to counteract the differences in kinetics between targets (i.e.
increasing the concentrations of primers/probes that have slow kinetics) in order to make NGS read depth more uniform,
but adjustment is imperfect and there is typically still a 5- to 50-fold gap between the mean and minimum sequencing
depth for commercial NGS panels.

Sequencing non-uniformity, unlike sequencing error and conversion yield, increases the cost of achieving a desired
sensitivity, rather than setting hard limits on sensitivity. For example, sequencing to 200x depth is typically sufficient to
make confident mutations calls at 5% VAF; thus sequencing to 1000x mean depth is sufficient to ensure a 5% VAF limit
of detection for all loci in an NGS panel with a 5-fold gap between mean and minimum depth. Nonetheless, for cfDNA
analysis where typical commercial panels, such as the Guardant 360, consume over $1000 of NGS reads per sample
(against a list price of $6000), reducing cost through improved depth uniformity remains a priority.

Unique molecular identifier technologies

In the cfDNA of cancer patients, the VAF of cancer-specific mutations can vary between 0.01% and 10%, depending on
both disease stage and individual-specific disease characteristics [4]. Mutations in cfDNA may have low VAFs not only
because the disease is at an early stage and the tumor mass is small, but also because subclonal mutations are present
in only a subset of tumor cells. Subclonal mutations are especially important for therapy selection, because rare
subclones with resistance mutations can lead to rapid treatment failure due to subclone expansion under therapy [46].
Achieving mutation VAF limit of detections of 0.1% or lower is thus critical for high clinical sensitivity for cfDNA analysis.

Unique molecular identifiers (UMIs) are currently the most popular method for overcoming the PCR and NGS errors
described previously, in order to reliably detect and quantitate mutations at <0.1% VAF [131-134]. Recently published
NanoSeq method can achieve error rate of less than 10-° errors per bp [135]. SaferSeqS can detect VAF as low as 1 in
100,000 DNA termplate molecules with a background mutation rate of < 5x10”7 mutants per bp [136]. The key idea of
UMIs is to attach a unique DNA sequence to each original molecule of DNA in the cfDNA sample (Fig. 5a) When the UMI
is subsequently PCR amplified and sequenced, all NGS reads with the same UMI sequence can be interpreted as being
derived from the same original DNA sequence. Spurious mutation reads generated from PCR or NGS errors are likely to
be a minority of reads within the family of reads with the same UMI sequence (Fig. 5b), but true mutations will generate
families of reads in which all or a majority of the reads have the mutation (Fig. 5c). The bioinformatic interpretation of
NGS data with UMIs starts by grouping different NGS reads into "UMI families," reads on a DNA locus with identical UMI
sequence. Subsequently, a "vote" is taken for each UMI family, with the identified dominant/majority sequence being
accepted as the true sequence of the original DNA molecule. Using UMIs, many PCR and NGS errors can be corrected,
and the mutation VAF limit of detection can be brought below the PCR and NGS error rates. UMIs can be applied in both
ligation/hybrid-capture and multiplex PCR protocols, though it is more difficult for the latter when the plex number is high.



Because UMls can only function effectively to correct PCR and NGS errors when the UMI family size is large enough to
allow a majority vote, UMIs increase the required sequencing depth and cost by at least a factor of 5. Furthermore, unlike
standard NGS, the amount of input cfDNA needs to be carefully controlled when UMlIs are used. For example, when a
DNA sample is sequenced to a mean 30,000x depth for a particular gene panel, the average UMI family size will be 10 if
the input amount is 10 ng cfDNA, but will only be 2 if the input amount is 50 ng cfDNA.

The bioinformatic interpretation of UMls is also somewhat challenging because the UMI sequences themselves could
have PCR or NGS errors (Fig. 5d), which are difficult to distinguish from sequences with small UMI family sizes due to
poor PCR amplification efficiency (Fig. 5e). The typical bioinformatic workflow ignores all sequence information from UMI
families with fewer than either 5 or 3 reads, which effectively mitigates detection and quantitation inaccuracies due to
UMI errors, but also discards information from a significant number of original cfDNA molecules, effectively reducing the
conversion yield. An average UMI family size of 12 will thus result in a roughly 30% drop in effective conversion yield
(Fig. 5f); using smaller UMI family sizes would significantly increase the number of original molecules whose information
is discarded.

Allele enrichment technologies

Allele enrichment strategies refer to library preparation methods that seek to detect low VAF mutations by increasing the
VAFs upstream of sequencing (Fig. 5g). For example, a cfDNA sample that contains 0.1% VAF of a particular mutation
may generate a library that is 10% VAF in the same mutation; the latter is simple to detect and quantitate even with low-
depth sequencing. Thus, in contrast to the UMI strategy that increases sequencing cost by more than 10-fold, allele
enrichment methods would decrease the sequencing cost while achieving better limits of detection (Fig. 5h).

Allele enrichment can be achieved through either the removal of wildtype alleles or selective amplification of variant
alleles. For example, oscillatory electrophoresis can amplify the mobility differences of DNA molecules differing by even
a single nucleotide, and allows effective removal of wildtype sequences [137, 138]. Recently, wildtype-specific probes
and double-strand specific nucleases have been used to selectively degrade wildtype DNA molecules [139], likewise
improving VAF by depleting wildtype alleles. Selective enrichment of variant alleles is typically achieved through PCR
methods in which the wildtype DNA sequences are prevented from being PCR amplified; examples of this approach
include blocker PCR [140], LNA (locked nucleic acid) and PNA (peptide nucleic acid) clamp PCR [141, 142], ICE-COLD
PCR [143 - 145], and blocker displacement amplification [146].

Allele enrichment technologies are not broadly applied currently despite their potential for three reasons. First, allele
enrichment methods have generally not been demonstrated to perform robustly in high multiplex. Multiple allele
enrichment methods have been demonstrated to work for fewer than 20-plex primers/probes [140-143, 146], but even
the smallest cf/DNA NGS panels today are at least 50-plex and many panels are over 1000-plex. Second, the VAF fold-
enrichment needs to be stable and reproducible for accurate sample VAF quantitation. If a particular mutation’s VAF is
always increased 100-fold through allele enrichment3 then one can infer a 0.1% mutation VAF based on an observed
10% VAF in the NGS library; however, if the VAF fold-enrichment varies between 50 and 200 across different runs, then
VAF quantitation becomes significantly less accurate. Finally, allele enrichment technologies typically struggle
significantly with on-target rates, the fraction of NGS reads that map to the gene loci of interest (regardless of whether it
is a wildtype or mutant. This is because while wildtype DNA sequences are removed, off-target reads such as from
primer dimers and non-specific amplification of other portions of the genome are not (Fig. 5i), so high-performance allele
enrichment technologies are primarily bottlenecked by off-target reads, with respect to potential savings in NGS cost.

Inaccessible cfDNA Markers

Cancer markers in DNA can be grouped by type into (1) mutations, (2) gene fusions, (3) copy number variations
(including loss of heterozygosity), and (4) aneuploidy [147]. Thus far, we have primarily discussed methods for detection
of mutations, including point substitutions and small insertions/deletions (<50 nt). This is because mutations are, in some
sense, the easiest of the 4 marker classes to detect in cfDNA because they exhibit qualitatively different sequences at
defined coding positions within genes.

Fusions are like mutations in that they result in qualitatively different sequences, but differ in that the unique cancer-
specific sequence can reside at many different DNA loci [150, 151] (Fig. 6¢). For example, the breakpoint for a ROS1
gene fusion in NSCLC can occur at any of the roughly 140,000 nt in the ROS1 gene’s 44 introns. Considering that a
typical mutation NGS panel for cfDNA is only about 100 kb, detection of fusions at the cfDNA level is technically possible,
but the full coverage of the intron regions for high clinical sensitivity is economically non-viable when applied to many
potential fusions. Some commercial panels detect fusions in cfDNA by focusing on intron loci that have been
documented to show higher chance of being a fusion breakpoint, but these sacrifice clinical sensitivity. For these
reasons, fusions are typically detected from mature mRNA, in which the introns are spliced out and the number of
possible fusion sequences is limited [152, 153].

Copy number variations (CNVs) do not typically contain any unique sequences, because the ends of duplicated regions
often reside in repetitive DNA sequences [154-156]. Thus, rather than searching for the presence of a unique DNA
sequence, CNV profiling requires accurate quantitation of the potentially duplicated gene, and relative to other genes.
However, the stoichiometric excess of DNA corresponding to the CNV gene is very small (Fig. 6a,b), because the
fraction of cfDNA that is tumor-derived can be 1% or lower. The small stoichiometric excess is often obfuscated by the
Poisson distribution nature of sampling cfDNA: a typical 10 ng cfDNA sample corresponds to =3000 haploid genome
equivalents, so the number of DNA molecules at each locus will follow a distribution with standard deviation of 4/300 =
55, corresponding to almost 2%. This challenge is partially mitigated by the fact that genes are long, so multiple distinct
nonoverlapping cfDNA species are available for each gene. However, technical difficulties in appending UMIs compound
the challenge of statistical distribution, and current commercial cfDNA assays exhibit a CNV limit of detection of roughly
20% VAF [36, 37], resulting in very low clinical sensitivity.



Aneuploidy is similar to CNV in that typically there are no unique sequences to serve as distinctive cancer markers, but is
easier to detect than CNVs due to the vastly greater number of loci for statistical comparison. For example, a gene
including introns may be up to 50 kb long, but even the shortest chromosome 22 is about 50 Mb long; this 1000-fold
difference can result in a 30-fold lower coefficient of variation due to Poisson sampling. For this reason, aneuploidy is
routinely detected at 4% VAF from cfDNA for non-invasive prenatal diagnostics for Down’s syndrome [157]. Although
aneuploidy has been observed in cancer [158], aneuploidy is not currently considered clinically actionable; consequently,
most commercial cancer cfDNA panels do not include assays for aneuploidy.

Accuracy requirements for cancer screening via cfDNA.

There is strong enthusiasm regarding the possible use of cfDNA markers for the early detection and screening of
cancers in asymptomatic individuals [159, 160]. For example, GRAIL Inc. has raised more than $1.4 billion in funding
over the past 3 years to develop cfDNA technologies and run clinical trials for early cancer detection [161]. Here, we
discuss the biological, statistical, and social challenges associated with screening and early detection.

The key biological challenges of cfDNA-based cancer screening are (1) a significant fraction of healthy individuals will
have low-levels of cancer-associated DNA sequences in cfDNA, and (2) a significant fraction of individuals with early-
stage cancer will have undetectable cancer-specific mutations in cfDNA. The first challenge may be due to clonal
hematopoiesis [162-164], somatic mutations, or somatic mosaicism, and results in false positive screening results. The
second challenge may be due to tumors with poor access to the circulatory system or pathogenic mutations from cancer
pathways not currently understood, resulting in false negatives. Because of these biological challenges, it is not possible
for any screening test to achieve 100% specificity and 100% sensitivity (Fig. 7a).

As shown in Fig. 7b, a hypothetical a test with 80% sensitivity and 90% specificity is used to test 10,000 samples in
which 0.5% of the population have early-stage cancer. Because the prior probability of early-stage cancer is low at 0.5%,
the posterior probability of a test-positive individual having early-stage cancer is still at a modest 3.9% (also known as the
test positive predictive value, PPV). For an early cancer screening test, the typical next step for test-positive individuals
would be a diagnostic workup that includes endoscopy, X-rays, CT scans, and/or biopsies (see Fig. 1). The 3.9% PPV
means that 25 unnecessary diagnostic workups will be performed for each early-stage cancer patient; depending on the
medical harm and economic costs of the diagnostic workup, this may not be an acceptable tradeoff.

Thus, realization of early cancer screening via cfDNA analysis will require (1) the specificity and sensitivity of the test be
very close to 100%, (2) significant improvements to the safety and cost of diagnostic workups to confirm cfDNA findings,
or (3) methods for enriching the tested population, e.g. via age or family cancer history. As a point of comparison, the
FDA-approved Cologuard stool assay for early detection of colorectal cancer exhibits 94% clinical sensitivity and 87%
clinical specificity [61], and is recommended for individuals aged 50 or older. Furthermore, the follow-up colonscopy
exam for Cologuard test-positive individuals is considered relatively safe and inexpensive. Other recent advances in
early cancer screening include detection of Epstein-Barr viral DNA for nasopharyngeal cancer [62] and combinations of
protein and cfDNA markers for resectable tumors [63]. Global hypomethylation [68] and specific promoter
hypermethylation [73] are both promising markers for early cancer screening for multiple cancer types. However,
depending on the specific cancer type, the lower disease incidence and higher medical risk of diagnostic workup renders
early cancer detection a far more difficult problem from a societal level (e.g. for gliomas/brain cancers, pancreatic
cancer).



Outlook

Over 70 years after its discovery [159], cfDNA is starting to impact cancer care; numerous clinical trials are in progress in
North America, Europe, and Asia to assess its diagnostic utility. However, many technical challenges and opportunities
remain for cfDNA diagnostics to have sufficiently high clinical sensitivity for its widespread use for cancer monitoring.
Technologies for analyzing cfDNA can broadly be split into rapid low-plex methods and expensive and slow high-plex
NGS-based methods. Most cfDNA diagnostic applications require information on multiple markers in order to achieve
high clinical sensitivity and inform treatment strategy, making NGS-based methods the preferred choice. Simultaneously,
biological, statistical, clinical, physical, chemical, and economical constraints mean that only a small portion of all
potentially available information is currently accessible on commercial cfDNA panels, and opportunities are rife for
improving the state-of-the-art through scientific innovation (Table 1). Minimally invasive cancer diagnostic methods hold
potential because common tissue sampling techniques, such as tumor biopsies, and medical imaging techniques that
require the exposure to ionizing radiation, are limited to high-risk individuals and individuals with already identified
lesions. In contrast, liquid biopsy-based diagnostics are suitable for repeat sampling and can potentially be used for early
cancer detection and screening. Earlier detection and continuous monitoring of patients could help stratify individuals
(Fig. 7). Identifying a set of biomarkers in cfDNA with sufficient specificity and sensitivity for the early detection of cancer
may be challenging if the analysis is limited to DNA mutations. Other sources of biomarkers, such as cell-free RNA [166],
exosomes[167]), methylation patterns[69-71,126], protein levels [169], and circulating tumor cells (CTCs) [170,171] may
likely be included in early cancer detection panels, especially if applied to asymptomatic individuals, in addition to gene
fusions and CNVs that are however currently challenging to detect in cfDNA. The multiplexed detection of analytes holds
great potential for improving clinical sensitivity and demonstrating clinical utility, yet will require technical advances in
sample preparation and analysis methods.
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TABLE I: Current methods and challenges in cfDNA analysis

Challenge Solution Comments

DNA damage DNA repair Need high-yield method to reverse DNA oxidation and deamination
c¢fDNA sampling stochasticity Larger blood volumes Concern for patient health

cfDNA sampling stochasticity Urine cfDNA Need for extracting cfDNA from large volumes; process short cfDNA
Detecting mutations with <1% VAF Digital PCR Single-plex, only known mutations

Detecting mutations with <1% VAF Mass spectrometry Medium-plex, only known mutations

Detecting mutations with <1% VAF NGS with UMIs Expensive and low conversion yield

Detecting mutations with <1% VAF

NGS with allele enrichment

Low-plex, inaccurate quantitation, and low on-target rates

High conversion yield from cfDNA
NGS depth uniformity

N/A
Primer/probe conc. tuning

Need high-yield end-repair and ligation
labor-intensive and imperfect uniformity

Detecting fusions in cfDNA
Detecting CNVs in cfDNA

Very large NGS panel
NGS, ddPCR

Very expensive because introns are long
No current solution for detection <5% VAF

Rapid cfDNA diagnostics
Affordable cfDNA diagnostics

Nanopore sequencing
N/A

High error rates and expensive reads
Current cfDNA NGS panels have list price over $4,000




Non-small Cell Lung Cancer (NSCLC) Example Oncologist Workflow

Tumor . Physical exam,
Finding cfDNA screening =, Chest X-ray, CT

Diagnosis Ultrasound (EBUS/EUS), Transthoracic/transbronchial needle
aspiration/biopsy, fiberoptic bronchoscopy, thoracentesis

Staging Computed tomography, position emission tomography,
magnetic resonance imaging, mediastinoscopy
\7
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FIG. 1: Roles of cell-free DNA (cfDNA) tests in non-small cell lung cancer (NSCLC) clinical diagnostics and treatment workflow. cfDNA
diagnostics can play in cancer care, we show NSCLC as an example. cfDNA screening can be used for tumor finding with combination
of physical exam, Chest X-ray, and CT. 70% of NSCLC patients are diagnosed at late stage (Il and 1V) following overt clinical
symptoms. The most common use of cfDNA analysis is in therapy selection for stage lllb and 1V patients. The technologies of cfDNA
analysis can be used for post-treatment monitoring, including detection of recurrence and de novo resistance mutations.
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FIG. 2: Pre-analytical factors impacting the accuracy of cfDNA analysis. (a) Whereas the buffy coat layer of blood is rich in genomic
DNA from peripheral mononuclear blood cells (PBMCs), blood plasma contains relatively low quantities of extracellular DNA, known as
cfDNA. cfDNA is derived from dying cells from the entire body including both healthy cells (white) and from tumor cells (brown) dying
from apoptosis, necrosis, and immune cytotoxicity. Thus, only a small fraction of cfDNA comprises tumor-derived circulating tumor DNA
(ctDNA). The red box inside the dsDNA denotes tumor-specific mutations in ctDNA. (b) cfDNA in blood may be damaged during sample
collection, transport, and storage, resulting in modified nucleosides that are incorrectly recognized by DNA polymerases during PCR
amplification, resulting in amplicon DNA sequences with variants that may be interpreted as cancer-specific mutations. lllustrated here
are cytosine deamination and guanine oxidation, the two most commonly observed types of DNA damage. (c) Contamination of cfDNA
with genomic DNA from leukocytes. Except in the case of blood cancers, genomic DNA from leukocytes will not contain ancer-specific
ctDNA. Thus, contamination of cfDNA with leukocyte genomic DNA will dilute the fraction of cfDNA that contain useful information,
rendering downstream DNA mutation analysis more difficult and variant allele fraction (VAF) quantitation less accurate. Image adapted
from [78]. (d) Poisson distribution of tumor mutation molecules and VAF in a blood sample. An adult human has roughly 5 L of blood in
circulation, and sampling 10 mL of blood for cfDNA analysis introduces VAF significant variation due to small number statistics.
Assuming a “ground truth” of 0.1% cancer mutation VAF in the entire 5 L blood supply and a 10 ng sample of cfDNA in a 4 mL plasma
sample, the number of cancer mutation molecules present will range between 0 and 10, corresponding to an observed VAF range from
0% to 0.3% for any given DNA locus. No technology improvements can transcend this sampling variation; only the use of larger volume
blood samples can mitigate this VAF irreproducibility challenge. Matlab code used to generate these results is available in the
Supplementary Information. (e) Visualization of molecule number variations due to cfDNA sampling. The vertical and horizontal error
bars show analytically calculated standard deviation values for different cfDNA input quantities and mutation VAFs.
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FIG. 3: NGS for cfDNA analysis. (a) Current sequencing platforms and their cost. (b) Example NGS library preparation workflow of
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Comparison of hybrid-capture and multiplex PCR target enrichment in terms of on-target rate and panel size. The approximate panel
sizes and on-target rates of 2 commercial panels, Oncomine (multiplex PCR) and Guardant360 (hybrid-capture) are displayed.



a sample VAF 0% 0.1% (10?) b cfDNA Tumour

¢ PCR ¢ PCR lllumina single-end NGS | ey
amplicon VAF  Ceg, +keCeg, 102 + Cog, & keCrg, UMina with Q=30 filter f_i
Taq polymerase | 1
¢ NGS ¢ NGS Average Worst-case
NGS variant Cee_+¢ 103 + Cee_+ ¢ High-fidelity polymerase a g
‘ P %s P °s
read fraction £ ke(Cee, + &) + ke(Cee, + &) 10%  10° 0.01% 01% 1% 10%
ONA d Per nt error rate
C cfD —
_
100% = ok €
100p
End-repair b, ) —— g 8ot % \
o | kel Mean depth
a > g 60 3
Adapter " , § 407 & | |5to50-fold difference
Ligation / \ o 20f Minimum depth
% oL . . . .
10-60% O 40 80 120 160 200
Amplicon length (nt) Locus (ranked)

FIG. 4: Primary limitations of NGS-based cfDNA analysis. (a) DNA polymerase misincorporation errors and NGS intrinsic errors limit the
mutation limit of detection. The limit of detection is defined as the lowest variant allele frequency (VAF) of a mutation that can be

confidently distinguished from a purely wildtype sample (0% VAF). The PCR misincorporation rate (€r), the number of PCR cycles (C),

and the NGS intrinsic error rate (€s) all increase the fraction of NGS reads that correspond to variant sequences for a 0% VAF sample.
Due to variations in the error rates depending on experimental protocol minutiae, the actual fraction of NGS reads corresponding to
variants will vary from run to run. Consequently, the combined error rate (C x eP + €S) should be significantly (e.g. 2-fold or more) lower
than the limit of detection. (b) Typical error rates for PCR amplification and NGS [115-120]. All error rates exhibit some sequence bias;
plotted here are average error rates and worst-case error rates. Single-pass NGS intrinsic errors are lowest for lllumina platforms;
average sequencing error rates for single-pass sequencing by lon Torrent, Pacific Biosciences, and Oxford Nanopore range from 1% to
20%. DNA polymerase error rates shown are per extension; through the cours e of a PCR reaction, the misincorporation rate is
multiplied by the number of cycles. High-fidelity polymerases refer to enzymes with 3' > 5' proofreading capabilities; the three high-
fidelity polymerases most frequently used for NGS are Phusion, NEB Q5, and KAPA HiFi. The vertical lines labelled cfDNA and Tumour
indicate the currently achievable VAF limit of detections based on NGS. (¢) Imperfect end-repair and ligation efficiency limits the
conversion yield of cfDNA for ligation hybrid-capture protocols. The conversion yield is the fraction of the original cfDNA molecules
represented as amplicons in the NGS library. For ligation hybrid-capture workflows, conversion yield is primarily bottlenecked by ligation
efficiency, and secondarily by DNA extraction and DNA end-repair. We note that conversion yields listed in literature are typically high-
end estimates, because there are different ways for estimating total quantity of input cfDNA that can differ by a factor of 2 or more. (d)
cfDNA breakpoints limit the conversion yield of cfDNA for multiplex PCR protocols. Long amplicons have a high probability of not being
able to amplify the original cfDNA molecule of interest, due to the original molecule not spanning the nucleotides of the desired
amplicon. (e) Non-uniformity increases total NGS reads needed to ensure a minimum depth needed for achieving a defined limit of
detection. The mean NGS read depth can be calculated as the total NGS reads multiplied by the on-target rate and divided by the
amplicons/loci; however, the minimum depth can be a factor of 5 to 50 lower than the mean depth. Because sequencing depth limits

analytical sensitivity to low VAF mutations, some mutations will have worse (higher) VAF limits of detection than others. Matlab code
used to generate these results is available in the Supplementary Information.
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FIG. 5: Methods for the accurate detection of mutations with <1% in VAF. (a) Unique molecular identifiers (UMIs) are used to overcome
the limits of detection imposed by PCR misincorporation errors and NGS intrinsic errors. UMIs are unique sequences that are attached
to each original cfDNA molecule, and here displayed as a 2D barcode. UMIs are typically randomer degenerate sequences such as
“NNNNNN,” but can also comprise specific designed DNA sequences with error-correction or error-detection properties. As illustrated
here, UMIs can be incorporated into both ligation/hybrid-capture and multiplex PCR protocols. Adapter sequences are shown in brown.
(b) UMIs correct most PCR and NGS errors. In the absence of UMIs, the NGS results showing 1 mutant A (red) read and 8 wildtype G
(cyan) reads may suggest that the A mutation has a VAF of 11%. By sorting different reads by UMIs, we can bioinformatically determine
that all 9 reads were derived from 2 original DNA molecules in the sample, which are both likely to be wildtype in sequence. However,
there is a small chance that the right group of reads were actually derived from an early stage PCR error. (¢) True mutations, on the
other hand, will likely be represented by a family of reads with the same UMI that predominantly correspond to the same mutation
sequence. (d) The UMI strategy is imperfect in error correction however, because PCR or NGS errors can occur within the UMI barcode
sequence. The reads bearing UMI errors cannot be easily distinguished from a true family of UMIs corresponding to reads derived from
another original cfDNA molecule. Thus, both the number of mutant and wild-type molecules may be overestimated. (e) Another
limitation of UMIs is that different UMI sequences can have significant and unpredictable impact on PCR ampilification efficiency,
resulting in some molecules being poorly amplified and thus not well represented in the NGS library. This results in an effectively lower
conversion yield than without UMIs, and can yield false negative results. (f) Typical distribution of UMI family sizes for an NGS library;
these results are from a 3 Mb ligation/hybrid-capture panel. The median UMI family size is roughly 13, and the UMI family size roughly
follows a normal distribution. The distribution of UMI family sizes suggest that a significant fraction (= 20%) of UMI families are not
represented in the library (shaded in purple), due to the UMI amplification bias described in panel (e). Furthermore, the number of UMI
families with size 1 and 2 is unusually high; the excess families (shaded in brown) are likely UMI errors described in panel (d). Because
it is not possible to distinguish which of the UMI families of size 1 and 2 are UMI errors, a typical bioinformatic workflow will ignore all
UMI families with size less than 3, resulting in an even greater loss of effective conversion yield. (g) Allele enrichment seeks to increase
the representation of the NGS library by the variant alleles (e.g. cancer mutations). This is typically accomplished either through
selective removal of wild-type alleles via probe hybridization [137] or enzymatic degradation [139], or selective PCR amplification of
variant alleles [143, 146]. (h) NGS read depth required for different VAF sensitivities. There is a non-linear increase in depth required
between 1% and 5% VAF sensitivity, due to the overhead required for UMIs to suppress NGS intrinsic error. Thus, enriching variant
VAF from 0.1% to 10% can, in principle, reduce the required NGS reads by more than 500-fold. LoD, limit of detection. (i) The reads
savings provided by allele enrichment is typically bottlenecked by on-target rate. By depleting the majority of wild-type reads in an NGS
library, the relative fraction of off-target reads (e.g. nonspecific amplification of other genomic loci, primer dimers) becomes significantly
higher in an allele-enriched library. In the illustrated case where the original library’s on-target fraction is a reasonable 80%, the NGS
reads saving is limited to a factor of 5, even if all on-target wild-type molecules/reads are perfectly removed. Thus, NGS libraries need to
be close to 100% on-target rates in order to fully realize the potential of allele enrichment.
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FIG. 6: CNVs and gene fusions are challenging biomarkers for cfDNA analysis. (a) Because the fraction of all cfDNA that is tumor-
derived is frequently under 1%, the stochasticity of molecular sampling renders CNVs difficult to distinguish from regular samples.
Plotted here are the expected distribution of number of molecules present per locus in a 4 ng sample of cfDNA for 0%, 1%, and 10%
VAFs (based on 5000 stochastic simulations). Even for 10% VAF sample, the molecular count overlaps significantly with the 0% VAF
sample, resulting in imperfect clinical sensitivity and specificity for a CNV call based on a single locus. Matlab code used to generate
these results is available in the Supplementary Information. (b) The distribution of mutation vs. CNV markers vary drastically by cancer
type, with some diseases such as ovarian cancer bearing almost exclusively CNV markers [147]. Thus, there is a pressing unmet need
to reliably quantitate CNVs in cfDNA. Shown are TCGA abbreviations: KIRC = kidney renal clear cell carcinoma, COADREAD = colon
adenocarcinoma and rectum adenocarcinoma, GBM = glioblastoma multiforme, LAML = acute myeloid leukemia, UCEC = uterine
corpus endometrial carcinoma, LUAD = lung adenocarcinoma, BLCA = bladder urothelial carcinoma, HNSC = head and neck squamous
cell carcinoma, LUSC = lung squamous cell carcinoma, BRCA = breast invasive carcinoma, OV = ovarian carcinoma. (c) Gene fusions
[148] are difficult to detect in cfDNA because the fusion breakpoints can occur at any of a very large number of intron positions. Given
the long lengths of introns and variable nature of fusion components, a very large (> 200kb) intron panel would be needed for high
clinical sensitivity for a single fusion type (e.g. EML4-ALK). In contrast, fusions are more easily detected in RNA using tissue biopsies,
because exon splicing results in a much smaller number of well-defined mature mRNA sequences.
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FIG. 7: Accuracy requirements for the screening of early cancers via cfDNA analysis. (a) Hypothetical distribution of cancer mutations
in cfDNA for healthy and affected individuals. The test will report a positive when the observed mutations and VAF combinations exceed
some threshold, and will have both false positives (healthy individuals above the threshold) and false negatives (affected individuals
below the threshold). The threshold can be moved to change the tradeoff between clinical sensitivity and specificity. (b) Hypothetical
test results for a test with 80% sensitivity and 90% specificity, for a tested population of 10,000 in which 0.5% of the population have
early-stage cancer.



