1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuey Joyiny

Author manuscript
Nat Med. Author manuscript; available in PMC 2021 May 10.

-, HHS Public Access
«

Published in final edited form as:
Nat Med. 2020 July ; 26(7): 1114-1124. doi:10.1038/s41591-020-0915-3.

Genome-wide cell-free DNA mutational integration enables ultra-
sensitive cancer monitoring

Asaf Zviran12* Rafael C. Schulmanl2*, Minita Shahl”, Steven T. K. Hill1.2, Sunil
Deochandl:2, Cole C. Khamneil:2 Dillon Maloney?, Kristofer Patell:2, Will Liaol, Adam J.
Widman1:23, Phillip Wong3, Margaret K. Callahan3, Gavin Ha#, Sarah Reed®, Denisse
Rotem?®, Dennie Frederick®, Tatyana Sharova®, Benchun Miao®, Tommy Kim®, Greg
Gydush®, Justin Rhoades®, Kevin Y. Huang!2, Nathaniel D. Omans!-2, Patrick Bolan?,
Andrew Lipsky?, Chelston Angl:2, Murtaza Malbari?, Catherine F. Spinelli2, Selena
Kazancioglul, Alexi M. Runnels!, Samantha Fennesseyl, Christian Stoltel, Federico
Gaitil2, Giorgio G. Inghirami?, Viktor Adalsteinsson®, Brian Houck-Loomis?, Jennifer Ishiil,
Jedd D. Wolchok?3, Genevieve Boland®, Nicolas Robinel, Nasser K. Altorki2, Dan A.
Landaul.2#

INew York Genome Center, New York, NY, USA

2Weill Cornell Medicine, New York, NY, USA

3Memorial Sloan Kettering Cancer Center, New York, NY, USA
4Fred Hutchinson Cancer Research Center, Seattle, WA, USA
5Broad Institute of MIT and Harvard, Cambridge, MA, USA

6Massachussetts General Hospital, Boston, MA, USA

Abstract

In many areas of oncology, we lack sensitive tools to track low burden disease. While cell-free
DNA (cfDNA) shows promise in detecting cancer mutations, we found that the combination of
low tumor fraction (TF) and limited number of DNA fragments restricts low disease burden
monitoring through the prevailing deep targeted sequencing paradigm. We reasoned that breadth
may supplant depth of sequencing to overcome the barrier of cfDNA abundance. Whole genome
sequencing (WGS) of cfDNA allowed ultra-sensitive detection, capitalizing on the cumulative
signal of thousands of somatic mutations observed in solid malignancies, with TF detection
sensitivity as low as 10-°. The WGS approach enabled dynamic tumor burden tracking and post-
operative residual disease detection, associated with adverse outcome. Thus, we present an
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orthogonal framework for cfDNA cancer monitoring via genome wide mutational integration,
enabling ultra-sensitive detection, overcoming the limitation of cfFDNA abundance, and
empowering treatment optimization in low-disease burden oncology care.
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Results

Liquid biopsy technology is a transformative force in cancer carel. While different analytes
are being actively explored for cancer surveillance?~’, detection of somatic mutations in
circulating tumor DNA (ctDNA\) in plasma cell-free DNA (cfDNA) has been shown to
enable non-invasive characterization of the somatic malignant genome89.10.11.12 Cyrrent
applications have often been developed in the context of metastatic high tumor-burden
disease314, In this context, cfFDNA tumor fraction (TF) is high, providing for effective
mutational characterization with next-generation sequencing (e.g., whole exome sequencing
or targeted panels) with minimal modifications™?.

One of the major areas of future promise for cfDNA-based cancer studies is the detection of
minimal residual disease (MRD) to guide clinical interventions!®16. However, in the MRD
context, cFDNA TF is significantly lower as it is correlated with disease burdenl’. To enable
mutation detection of low TF cfDNA, the prevailing paradigm has been to increase the depth
of sequencing of a limited high yield target set (e.g., common cancer drivers or patient
specific panels sequenced to a depth of ten-to-hundreds of thousands reads per base)18:19.20,
While these state-of-the-art methods provide detection with high accuracy, many patients
with radiographically evident disease do not show detectable ctDNA by deep targeted
sequencing!”18, These data suggest that ultra-deep sequencing currently underperforms
imaging, and may be even more challenged in post-operative MRD detection, where
significant debulking likely reduces TF further. To overcome this challenge, we present here
genome-wide mutational integration for ctDNA detection, whereby breadth supplants depth
of sequencing for sensitive detection of low burden cancer.

Small number of DNA fragments in plasma samples poses a fundamental challenge to
deep targeted sequencing in low burden disease

We hypothesized that deep-targeted approaches may be hindered by a fundamental barrier to
detection sensitivity — limited input material (the number of cfDNA fragments as measured
by genomic equivalents [GEs]). Specifically, in the setting of early cancer or MRD
detection, cfDNA abundance may be limiting to deep targeted sequencing, as it imposes a
ceiling on effective depth of sequencing (Fig. 1a). To test this hypothesis, we reanalyzed a
recent landmark study of early-stage cancer detection using deep targeted sequencing?®.
Mutation detection was largely limited to 1073 variant allelic-fraction (VAF) in cfDNA for
all cancer stages (Extended Data Fig. 1a,b, consistent with VAF cut-offs implemented in
variant detection18), despite ~40,000X coverage depth of sequencing, and the application of
an advanced molecular error suppression?l. This sensitivity limitation manifested in a stage-
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dependent decrease in the proportion of patients with detectable ctDNA (Fig. 1b; Extended
Data Fig. 1a,b). Consistent with the hypothesis that available input material limits detection,
we observed a positive correlation between the number of unique cfDNA reads
(representative of the number of genomic equivalents; GESs) in the sample and the number of
mutations detected (Fig. 1c), as well as higher unique read coverage in samples with
detected ctDNA mutations (Fig. 1d).

To infer a putative underlying TF distribution, we integrated the distribution of the maximal
VAF (an approximation of TF) across samples with the fraction of samples that were not
detected, with the assumption that detection failures are due to TF below the limit of assay
sensitivity (see Online Methods). In advanced disease, higher TF values (median 4%
estimated vs. 6% observed in stage 1V patients) enabled robust detection in 90% of samples
despite the 1073 sensitivity limitation (Fig. 1b, left panel). However, our analysis suggested
that lower TFs in early stage disease (median TF 0.02% estimated vs. 0.4% observed, in
stage | patients) result in TF values that are often below the 1073 sensitivity limitation (Fig.
1b, right panel), and anticipated a substantially increased detection sensitivity through
methods capable of detecting TFs as low as 107°.

These results demonstrated that in the setting of low-burden disease detection — where TF is
low — limited input material likely constitutes a major barrier to the effective application of
deep targeted sequencing. As the limited cfDNA input cannot be overcome through sample
processing improvement (see Online Methods, Extended Data Fig. 1c,d), we require a
rethinking of library and analysis design to maximize the utilization of available cfDNA
fragments (Fig. 1a).

Breadth of sequencing may supplant depth of sequencing to overcome the limitation of
low number of DNA fragments in plasma

Detection of a single somatic single nucleotide variant (SNV) in a plasma sample results
from two consecutive sampling processes, each with its own statistical probability. The first
process provides the probability that the mutated fragment is sampled in the limited number
of GEs present in a typical plasma sample. The second process is the detection of the
mutated fragment in the sample given its abundance, sequencing depth and technical
variables such as sequencing error rate. While the latter process has been the focus of
intensive investigation and technology development (e.g., ultra-deep error free sequencing
protocols8:19:20) the former stochastic process is infrequently addressed. However, if no
physical fragment that supports a targeted SNV is present in the sample, even ideal ultra-
deep targeted sequencing will fail to discover a signal. In practice, this problem is further
compounded by the fact that a single observation (mutated read) is rarely sufficient for
confident detection.

Mathematical modeling of the probability of sampling mutant fragments in a given cfDNA
sample (see Online Methods) predicts that the detection probability in TFs relevant to the
low-burden cancer regime (TF < 1%, ~5000 GEs; Fig. 1b,c) will show rapid decline in
detection at TFs below 1073 (detection probability as low as 5% for TF = 107>, Fig. 1e, left
panel). We note that these limitations are observed even under idealized conditions of: (i)
exhaustive sequencing; (ii) efficient utilization of all GEs, assuming perfect recovery; and
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(iii) detection based on a single supporting DNA fragment with no sequencing errors. These
results show that the plasma sampling process imposes a formidable barrier to mutation
detection at low TF regimes, such as in residual disease.

Conversely, our model also shows that the sampling limitation can be effectively overcome
by increasing the number of detected sites (SNVs) through increased breadth. While the
detection probability of a large targeted panel (1Mbp total coverage, and patient mutation
load of 10/Mbp, corresponding to 10 SNVs), still showed rapid decline in detection at TFs
below 1073 (detection probability lower than 40% for TF = 107>, Fig. 1e, middle panel),
integrating over 10,000 SNVs (mutation load of >4/Mbp found in over a quarter of human
cancer??) can provide high detection probability even at TFs as low as 107>, at a modest
sequencing effort readily achieved with standard WGS (detection probability of >85% with
20X depth of coverage, or >99% with 50X; Fig. 1e, right panel).

Development and validation of ultra-sensitive ctDNA detection via genome-wide
mutational integration (MRDetect)

Our model predicts the TF as a function of number of detected sites, mutation load, and
sequencing coverage depth. To validate this model, we simulated ctDNA detection using /n
sifico admixtures of tumor and normal WGS data from eight patients with various cancers
(Supplementary Table 1), generating over 700 /in silico admixtures varying the TF mixtures
(range 107°-0.2) in 35X coverage with replicates (n = 11; see Online Methods; Fig. 2a;
Supplementary Table 1).

We designed a tumor-informed detection approach for the MRD setting — MRDetect - that
utilizes the primary tumor mutational compendium as a prior. /n silico plasma mixtures are
then evaluated by searching all sites from the matched patient tumor compendium for
corresponding mutations. Since integrating many sites also results in accumulation of
sequencing errors, we estimated the extent of noise in WGS-based cfDNA detection in a
complementary dataset from matched germline WGS ( TF = 0, varying sequencing depth
[5-35X], in subsampling replicates [n = 20], n = 341 in total). Signal-to-noise was measured
by comparing the rate of detection (sites with a matching variant out of all sites in the
patient-specific compendium) in plasma admixtures (TF > 0) compared to controls (TF = 0),
with detection of TFs as low as 1073 even with only 35X depth of coverage WGS (Fig. 2b).

Further increase of the sensitivity of genome-wide SNV detection required reduction of the
noise caused by sequencing errors (~1/1000 bases?!; Fig. 2c). Lower sequencing quality
metrics are associated with sequencing errors, suggesting the possibility to optimize the
tradeoff between the true positive and false positive rates. (Extended Data Fig. 2a,b,c). To
integrate multiple quality metrics to inform the probability of error in a single read, we
implemented a support vector machine (SVM) classification framework (see Online
Methods, Extended Data Fig. 2d). We note that this method was specifically designed to
address the challenging scenario where the TF is far lower than the inverse of the depth of
coverage, such that, at best, one supporting read is expected for each detected somatic
mutation (hence read-classification rather than the standard locus-classification
frameworks23:24). Applying this filtering strategy further reduced the sequencing noise by a
median 14.4-fold (range 11-17) to lower than 1/10,000 bases (Extended Data Fig. 2¢).

Nat Med. Author manuscript; available in PMC 2021 May 10.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Zviran et al.

Page 5

Importantly, this machine learning approach improved the sensitivity of the MRDetect-SNV
down to TF of 107° (Fig. 2b; Extended Data Fig. 2f-h), with assay level specificity of 95%
as evaluated across 160 control WGS. As anticipated, this read-centric method showed
superior performance compared to a leading locus-centric method in detecting mutations in
this unique context of ultra-low TF samples (Extended Data Fig. 2i). We further note the
high concordance between the known synthetic TF admixtures and our model TF predictions
(Fig. 2d,e; Extended Data Fig. 2j, 3a-h). Thus, MRDetect also offers TF inference that is not
limited by the number of genomic equivalents and is therefore orthogonal to current
prevailing methods that utilize mutational VAF.

As detection sensitivity using genome-wide SNV integration is a function of the mutation
load and the sequencing depth, we systematically evaluated the relationship between TF’s
lowest limit of detection (LLOD) and these parameters. Using synthetic admixtures of a
melanoma tumor/normal pair to generate plasma-like samples with varying depth of
coverage (10-120X), mutation load (2,000-63,000 through subsampling of the mutations
detected in the tumor) and TFs (1073-107%), we demonstrated that at high mutational load,
TF detection as low as 1078 is feasible with 120X sequencing depth (Fig. 2f). Collectively,
these results suggest that genome-wide mutational integration offers an orthogonal route to
ultra-sensitive and quantitative TF monitoring in the low disease burden setting.

Expanding the genome-wide mutational integration approach to copy number alterations

(CNAs)

Substantial aneuploidy is observed in 88% of human cancer?® (Extended Data Fig. 4),
through which large swaths of the genome undergo amplification and deletion, yielding a
potentially robust signal for ctDNA detection. We therefore developed MRDetect-CNA to
integrate changes in read depth at patient-specific amplification and deletion segments
across the genome. At these CNA segments, the coverage in the plasma represents a mixture
of the diploid normal cfDNA, together with ctDNA with directional coverage skews (7.e.,
greater read depth in amplified regions and lower read depth in deleted regions). Even at low
TF admixtures we observed sparse read depth skews, that are biased towards the known
patient-specific CNA segment directionality (7.e. amplification or deletion, Fig. 3a). We
therefore integrated read depth skews in tumor-specific CNAs across the genome to achieve
enhanced ctDNA detection.

We observed high concordance between input synthetic admixture TF and TF inferred by
MRDetect-CNA (Fig. 3b; Extended Data Fig. 5a-c), while tumor copy neutral regions,
where no directional coverage skews are expected, showed no change in detection signal in
relation to TF (Fig. 3c; Extended Data Fig. 5d-f). A high concordance was also noted
between the orthogonal SNV- and CNA-based estimates (Extended Data Fig. 6a). CNA-
based detection thus enabled sensitive detection at TF as low as 5*107° (range 1074-107°,
Fig. 3b; Extended Data Fig. 5a-c), extending the detection range by two orders of magnitude
compared to a leading CNA ctDNA algorithm10 (Extended Data Fig. 6b). To systematically
evaluate the relationship between lowest limit of detection (LLOD) and the footprint of the
aggregated CNAs, we down-sampled the cumulative size of segments affected by CNA used
for detection. This analysis shows the expected relationship whereby a larger cumulative size
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of genome affected by CNASs translates into greater sensitivity, with highest sensitivity (TF <
5*107°) with 1Gbp CNA footprint (Fig. 3d), applicable to a substantial proportion of
patients across tumor types (Extended Data Fig. 4).

Application of the genome-wide mutational integration approach to clinical plasma
samples

To evaluate MRDetect in the clinical setting, we tested the method on clinical cohorts
comprising lung adenocarcinoma patients (LUAD; n = 39), colorectal cancer (CRC; n = 19)
and melanoma (n = 2) undergoing surgery (LUAD and CRC patients) or immunotherapy
(melanoma patients). We also collected plasma from controls with no known malignancy (n
= 38), with similar age and tobacco exposure, to characterize the noise background and
estimate clinical specificity (Supplementary Table 2 and 3).

Sequencing noise in cfDNA WGS was comparable to noise rates obtained from the in silico
DNA mixtures (median error rate = 1.03*1073 [1/bp]; Fig. 4a, unfiltered), allowing for facile
adaptation of our SVM de-noising strategy using a training set of control plasma samples (n
= 8), with comparable suppression performance across test control samples (n = 30, Fig.
4a,). We further leveraged the short size of cfDNA fragments (~165bp), to detect
discordance between read pairs (150bp paired end protocol) indicative of potential
sequencing errors (Extended Data Fig. 6¢). This combined filtering scheme showed
reduction of sequencing error rate to median 4.96*10~° (median 21-fold reduction, Fig. 4a,
filtered), with analytic specificity (probability of a true negative detection per locus
sequenced at 30X) of 99.85%. The application of MRDetect-CNA to this cohort required
additional adaptations (see Online Methods), to account for differences in read depth profiles
in WGS cfDNA compared with WGS from genomic DNA (Extended Data Fig. 6d,e),
possibly due to differences in library preparation (PCR vs. PCR-free protocols) and non-
uniformity of cfDNA coverage driven by DNA degradation and epigenetic features (e.g.,
chromatin accessibility)®.

We first applied MRDetect to the challenge of monitoring immunotherapy response in high
disease burden metastatic melanoma. Patient-specific mutational compendia were obtained
from baseline (pre-treatment) plasma WGS, and applied to plasma samples during therapy.
The Z-score between the patient plasma signal and the test control plasma noise distribution
(n = 30) was used to measure the significance of discrimination between ctDNA detection in
patient vs. control samples (Fig. 4b and Extended Data Fig. 7). These data demonstrated that
MRDetect effectively track tumor responses, matching radiographic changes, but with
higher temporal resolution. Notably, while disease burden estimated by MRDetect decreased
with therapy, our data supported residual disease detection, consistent with imaging results
and in contrast to benchmarked methods where ctDNA burden decreased below the limits of
detection (Fig. 4b, lower panél).

Genome-wide mutational integration enables detection of post-operative residual disease

One of the foremost challenges for residual disease monitoring is detection shortly after
surgery to aid with the application of adjuvant therapy in patients with high risk of relapse
(Fig. 4c). In this clinical scenario, resected tumors are sequenced to define the patient tumor-
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specific mutational profiles, which can then be used to detect minute amounts of ctDNA in
the patient plasma post-operatively.

To evaluate MRDetect in the post-operative MRD setting, we tested CRC cfDNA, where
post-operative ctDNA detection was shown to predict adverse outcome28. We collected
plasma from a cohort of 19 operable CRC patients prior to surgery and at a median of 43
days after surgery (Supplementary Table 2 and 3), including 6 CRCs with micro-satellite
instability (MSI) and 13 micro-satellite stable (MSS) tumors (Fig. 4d, Supplementary Table
4). To further ensure the robustness of the ctDNA detection, we bootstrapped the patient
plasma sample by down-sampling the WGS data (down to 80% coverage, n = 20 random
down-sampling replicates), confirming that detection is not driven by isolated sites
(Extended Data Fig. 8a). MRDetect-SNV detection performance was evaluated using a ROC
analysis showing AUC+SE = 0.97 + 0.025 (sensitivity£SE = 90% + 0.069%, specificity+SE
= 98% + 0.006%, Extended Data Fig. 8b). An orthogonal noise model can be generated by
applying the patient-specific mutational compendium to other CRC patient plasma samples,
which may reveal artifactual non patient-specific detection due to matching mutational
sequence context preference (e.g., MSI signature). This cross-patient analysis showed
similar detection profiles and performance (Extended Data Fig. 8c, d), supporting detection
that is highly specific to an individual malignancy.

MRDetect-CNA showed lower performance (AUC = 0.73 + 0.064, sensitivity = 40% *
0.126%, specificity = 92% + 0.013%; Extended Data Fig. 8e, f), consistent with the lower
CNA load in CRC (Extended Data Fig. 4f). However, as the MRDetect-SNV and -CNA
signals are independent, they can be combined to a single statistical detection score (see
Online Methods), showing robust performance in operable CRC detection (Fig. 4e).

Following the validation of sensitive and specific pre-operative plasma detection, we tested
the more challenging task of detecting ctDNA post-operatively. Post-operative detection was
evaluated in the same CRC cohort (n = 19, Fig. 4f; Extended Data Fig. 8g,h), and was found
to be associated with shorter disease-free survival (Fig. 49, see Supplementary Table 5 for
analysis accounting for additional clinical features) over a median post-operative follow-up
of 15 months (range 4-32; Fig. 4g). Four patients with post-operative detection did not show
evidence of recurrence, of which three have received adjuvant therapy which may have
eliminated residual disease, consistent with prior reports showing that adjuvant therapy may
reduce recurrence even in patients with detectable post-operative ctDNAZ6. The remaining
patient had MSI tumor which has been shown to be associated with extended course to
relapse?” and even rarely with spontaneous regression28:29, Alternatively, this individual
may reflect a false positive classification.

In addition, we tested ctDNA detection in the challenging case of low-burden disease
LUAD, where even tumor-informed targeted panel detection showed limited pre- and post-
operative sensitivityl”. We collected plasma from a cohort of early-stage LUAD patients
(78% stage I-1la LUAD) prior to surgery and at a median of 2.5 weeks after surgery (Fig. 5a,
Supplementary Table 2 and 3). MRDetect-SNV applied to pre-operative plasma (Fig. 5b,
Extended Data Fig. 9a, Supplementary Table 4) showed AUC = 0.82 + 0.049 (Extended
Data Fig. 9b). Tumor fraction estimates using our mathematical model showed the expected
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correlation between ctDNA TF and disease stage (Fig. 5c), as well as confirmed that ctDNA
TF in early stage LUAD can be often < 1073, in agreement with the above-described
modeling result (Fig. 1b,c). Performance was maintained in the cross-patient analysis
(Extended Data Fig. 9c,d), validating MRDetect high specificity even in a more challenging
setting. MRDetect-CNA showed comparable performance to CRC (Fig. 5b and Extended
Data Fig. 9e, f), with integration of SNV and CAN detection leading to improved
performance in early stage LUAD detection (Fig. 5d). Increasing the detection threshold to
achieve higher clinical specificity of 96%z 0.006% still maintained high LUAD detection
sensitivity of 67% = 0.079% (Fig. 5d). These data show that genome-wide integration for
disease monitoring can perform as well, or better, than deep targeted approaches!®.17 or
other CNA-based methods!9 (Extended Data Fig. 9g), while overcoming the limitation of
input genomic equivalents abundance.

Post-operative detection was evaluated for a cohort of early stage post-operative samples (n
= 22, note that these patients were from the same cohort evaluated in the pre-operative
detection, except 3 patients [LUAD37-39] where a pre-operative sample was not available).
ctDNA was detected in 10 post-operative plasma samples by MRDetect (SNV or CNA
method; Fig. 5e; Extended Data Fig. 9h, i), associated with shorter disease-free survival
(Fig. 5e, f, see Supplementary Table 5 for analysis accounting for additional clinical
features). Thus, MRD ctDNA detection anticipated recurrence shortly post-operatively,
compared with delayed identification with imaging (Extended Data Fig. 10a-d). The cohort
of patients with ctDNA detected post-operatively also included five patients with no
evidence of recurrence, including a patient that was treated with adjuvant chemoradiation
after plasma collection. The additional four patients with no evidence of recurrence may
reflect shorter follow up time than needed to demonstrate recurrence in these early stage
malignancies (e.g., LUAD11 with only 12 months follow up, below median time for
recurrence30), with longer follow-up potentially reveal that residual disease detected
anticipates additional recurrences, or alternatively may reflect false positive testing. In
contrast, the 12 patients where ctDNA was not detectable in post-operative plasma showed
no recurrence over a median follow-up of 18 months post-operatively (range 6-36; Fig. 5¢).

Notably, it has been shown that ctDNA fragments are shorter than other cfDNA fragments®
and thus this feature may even be used for detection of high burden ctDNAS3C. Consistent
with this notion, tumor-specific mutations detected in patient plasma showed a shorter
fragment size compared to non-patient-specific (cross-patient) mutations that are detected in
the same samples (Extended Data Fig. 10e-h). We further developed a kernel-density-
estimator (KDE) trained on patient derived xenograft (PDX) samples to discriminate
between tumor-derived and normal-derived cfDNA based on the fragment size signature (see
Online Methods, Extended Data Fig. 10i). Applying this KDE method to the detected pre
and post-operative samples showed significant shift towards tumor fragment size signature
in the tumor-specific mutations vs. non patient-specific (cross-patient) mutations (Fig. 5g
and Extended Data Fig. 10j), providing an orthogonal confirmation that the detected
mutations are indeed ctDNA derived, and further suggesting the potential of future
integration of fragment length into machine learning de-noising approaches.
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Discussion

Deep targeted sequencing approaches are limited in the context of low disease burden due to
(i) low fraction of ctDNA, often below 0.1%, and (ii) limited numbers of available DNA
fragments in a typical plasma sample, often in the range of only hundreds to several
thousand genomic equivalents. The limiting number of genomic equivalents effectively
places a ceiling on the depth of sequencing beyond which available distinct fragments are
exhausted. Thus, in low disease-burden cancer, deep targeted sequencing is limited to
ctDNA detection in frequency above 1073, resulting in detection in only 20-70% of cases
with radiographically demonstrated early stage cancer!8:19.17, Residual disease (e.g., post-
operative) detection is anticipated to pose an even greater challenge to current
technologies?®. To overcome the fundamental limitation of low input of cfDNA, we
integrated genome-wide mutational signal to allow ultra-sensitive detection, as well as
quantitative dynamic monitoring of disease burden. Our results show that through genome-
wide mutational integration, we enable accurate and sensitive ctDNA detection in fractions
as low 10°. As this was achieved with a modest sequencing depth (35X), the genome-wide
approach severs the limiting tie between available genomic equivalents and detection
sensitivity.

WGS also enables effective integration across orthogonal data dimensions such as SNV and
CNA, allowing clinical application to a wide range of tumor types that have either high
mutation load?2 or aneuploidy2°. WGS provides an abundance of additional information
sources to further increase sensitivity, including shorter fragment length of ctDNA compared
with normal cfDNA and nucleosome position information8:27:29.31.32_ A these data
dimensions could be potentially extracted from the same WGS data, allowing for versatile
and cost-effective use of a simple experimental workflow.

We note that while our approach provides sensitive detection of ctDNA it provides limited
confidence in the sensitivity to detect any individual site (e.g., a driver mutational event).
This suggests that in scenarios where therapeutic targeting requires such information, deep
targeted approaches are more appropriate. However, in the context of the broad cancer
detection challenge, this may serve as a potential advantage. Genome-wide detection is often
based on the majority of events that are ancestral (/.e., preceding transformation3%:32), and
thus less affected by clonal diversification which may hinder detection via personalized
targeting panels due to spatial subsampling or clonal tides. Moreover, targeted cancer gene
panel mutation detection may be confounded by clonal growths of hematopoietic
origin18:33:34 This finding may present a larger limitation to panel strategies, given the
emerging challenge to distinguish pervasive clonal outgrowths across tissues in
physiological aging®>-37, from true malignancies. In contrast, MRDetect leads to exquisite
specificity driven by the patient-specific mutational compendia, such that even when applied
cross-patient to samples from individuals with a known malignancy, specificity is
maintained.

MRDetect further obviates the need for optimizing the design of capture panels and
molecular de-noising, enabling detection with standard WGS. The simplified workflow
enabled by WGS based ctDNA detection may thus pave the path to wide-scale clinical
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application, given the anticipated decline in raw sequencing costs. In addition, the approach
presented here requires lower amount of input material (1ml of plasma), in contrast to deep
sequencing approaches, where sensitivity hinges on completely saturating the available
genomic equivalents. This aspect is an important consideration in clinical applicability as
sampling related variability of the amount of available plasma (and genomic equivalents)
may hinder real-world application of deep targeted approaches, leading to fluctuating
sensitivity.

Notably, the application to clinical care will also be closely informed by the negative and
positive predictive values. For example, for stage Ib LUAD the estimated recurrence rate
may be as high as 40-50% 38 39, In this scenario the positive predictive value (PPV) and
negative predictive value (NPV) of MRDetect (with sensitivity 81% and specificity 83%) are
0.8 and 0.84, respectively. With the higher thresholds (sensitivity 67% and specificity 96%)
PPV and NPV are 0.93 and 0.78, respectively. These performance metrics are in line with
current risk-benefit assessment which translates to practice guidelines offering adjuvant
therapy for stage Ila NSCLC with recurrence rate of 0.55. While further validation in large
cohort studies is required, these proof-of-principle data highlight the potential of MRDetect
to deliver precision stratification of patients for adjuvant therapy, and more broadly to
address the urgent unmet need of informing the complex residual disease therapy decision-
making.

Human subjects, sample collection and processing.

The study was approved by the local ethics committee and by the Institutional Review Board
(IRB) and conducted in accordance to the Declaration of Helsinki protocol. Blood samples
were collected in Blood Collection Tubes (BCT) (Streck, La Vista, Nebraska) from patient
and healthy adult volunteers enrolled on clinical research protocols at the NewYork-
Presbyterian/Weill Cornell Medical Center (NYP/WCMC), Memorial Sloane Kettering
Cancer Center (MSKCC) or the Massachusetts General Hospital (MGH) approved by the
respective Institutional Review Boards. Tumor tissue were collected from resected lung and
colorectal cancer biopsies. The diagnosis of lung adenocarcinoma and colorectal cancer was
established according to the World Health Organization (WHO) criteria and confirmed in all
cases by an independent pathology review. Informed consent on IRB-approved protocols for
genomic sequencing of patients” samples was obtained prior to the initiation of sequencing
studies.

Germline and tumor DNA processing.

Tumor tissue and matched germline DNA from peripheral blood mononuclear cells (PBMC)
or adjacent normal tissue were collected and stored in —80°C until they were processed for
extraction (see Supplementary Table 3). Genomic DNA was extracted from tumor tissue
using QlAamp DNA Mini Kit (Qiagen, Hilden, Germany). Genomic DNA was extracted
from PBMC using QIlAamp DNA Blood kit (Qiagen, Hilden, Germany). Libraries were
prepared using the TruSeq DNA PCR-free Library Preparation Kit (Illumina, San Diego,
CA) with 1g DNA input following the recommended protocol*! with minor modifications
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as described below. Intact genomic DNA was concentration normalized and sheared using
the Covaris LE220 sonicator (Woburn, MA) to a target size of 450bp. After cleanup and end-
repair, an additional double-sided bead-based size selection was added to produce
sequencing libraries with highly consistent insert sizes. This was followed by A-tailing,
ligation of lllumina DNA Adapter Plate (DAP) adapters and two post-ligation bead-based
library cleanups. These stringent cleanups resulted in a narrow library size distribution and
the removal of remaining unligated adapters. Final libraries were run on a Fragment
Analyzer (Agilent, Santa Clara, CA) to assess their size distribution and quantified by gPCR
with adapter specific primers (Kapa Biosystems, Wilmington, MA). Libraries were pooled
together based on expected final coverage and sequenced across multiple flow cell lanes to
reduce impact of lane-to-lane variations in yield. Whole genome sequencing was performed
on the HiSeq X (HCS HD 3.5.0.7; RTA v2.7.7) at 2x150 bp read length, using SBS v3
reagents.

Patient Derived Xenograft (PDX) plasma collection.

Mouse PDX studies were reviewed and approved by Institutional Animal Care and Use
Committee (IACUC) at Weill Cornell Medicine (protocol number 2014-0024). PDX were
established using fresh pathological tissue fragments from a patient with triple negative
breast cancer, implanted subcutaneously into eight-week-old anesthetized NSG mouse.
Implant growth was assessed by palpation and when required tumor masses were harvested
(< 1.5 cm3). Recipient animals were checked regularly and sacrificed at early sign of
distress. Serial propagation were performed implanting tissue seed, as described before42.
Blood collection were obtained via tail vein. Blood was collected into Eppendorf tubes
contained 5pl of Streck solution. Samples were span for 15 minutes at 14,000rpm. Plasma
was collected and stored at —80°C. cfDNA were extracted and sequenced to shallow WGS
(1X) to obtain human (Tumor) circulating DNA and mouse (Normal) circulating DNA.

Plasma DNA processing.

At the same day of blood collection, BCT tubes were centrifuged at 2000rpm for 10 minutes
to separate plasma. Cell free (cfFDNA) was then extracted from human blood plasma by
using Mag-Bind® cfDNA Kit (Omega Bio-tek, Norcross, GA). Protocol was optimized and
modified in order to optimize yield. Elution time was increased to 20 minutes on
thermomixer at 1600rpm at room temperature and eluted in 35ul elution buffer. The
concentration of the samples was quantified by Qubit Fluorometer (ThermoFisher, Waltham,
MA\) and they were run on fragment analyzer by using High Sensitivity Genomic DNA
Analysis Kit (Agilent, Santa Clara, CA), to define the size of cfDNA extracted and genomic
DNA contamination.

Extraction protocol optimization.

Given the limited amount of cfDNA in the setting of low tumor burden, we examined the
potential of cfFDNA extraction optimization. To decrease variation derived from sample
acquisition and inter-individual variation, we compared available extraction methods on
uniform cfDNA material generated through large-volume plasma collections (~300cc)
through plasmapheresis of healthy subjects and patients with blood cancer in remission
undergoing hematopoietic stem cell collection. The large volume of plasma allows the
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testing of multiple methods and protocol parameters on the same cfDNA input, enabling
accurate measurement of subtle differences in yield and quality. We compared cfDNA
extraction methods from Capital Biosciences (Gaithersburg, MD), Zymo Research (Irvine,
CA), Omega Bio-tek (Norcross, GA), and NeoGeneStar (Somerset, NJ). Extractions were
performed on 1ml of the large-volume plasma sample according to the manufacturer’s
instructions and multiple plasma aliquots were processed in parallel to assess both inter- and
intra-method variability. The yield and purity of each recovered cfDNA sample was
determined using Qubit Fluorometer (total mass), Nanodrop (ThermoFisher, Waltham, MA)
via UV absorbance (detection of salt and protein contaminants), and on-chip electrophoresis
(size distribution and gDNA contamination). We found that the Mag-Bind cfDNA Extraction
Kit from Omega Bio-tek displayed overall somewhat better performance (Extended Data
Fig. 1c,d) and ease of use compared to other tested methods. We therefore elected to perform
Omega Bio-tek extraction for patient and control plasma samples.

Plasma cfDNA library preparation and sequencing.

Two library preparation methods were used to sequence cfDNA: (i) KAPA Hyper Library
Preparation and (ii) NEXTflex Cell Free DNA-Seq Library Preparation. We have
transitioned to the KAPA method due to ability to generate library on variable input material
and somewhat lower duplication rate. We note no significant differences between the
methods in terms of MRDetect performance and coverage variation across the genome. For
KAPA Hyper Library Preparation, samples having a mass above 1ng were prepared for next
generation sequencing on lllumina’s HiSeq X’s by using modified manufacturer’s protocol.
The protocol was scaled down to half reaction by using 25ul of extracted cfDNA. IDT for
Illumina TruSeq Unique Dual Indexes were used by diluting 1:15 with EB and ligation
reaction was adjusted to 30 minutes. Additional 0.8x SPRISelect Magnetic beads (Beckman
Coulter, Pasadena, CA) clean-up was included to the protocol after post-ligation clean-up in
order to remove excess adapters and adapter dimers. cfDNA from 1mL of plasma was used
for all of the plasma samples in this study. For samples with low concentration (5 samples in
the entire study), an additional 1mL of plasma was extracted and the DNA aliquot with the
highest mass was used for library preparation (see Supplementary Table 3, for the total
plasma extracted for each sample). The number of PCR cycles was dependent on initial
cfDNA total mass. For samples with >5ng of total cfDNA, 5 PCR cycles were performed.
For samples with <5ng of total cfDNA, 7-10 PCR cycles were performed. Quality metrics
were performed on the libraries by Qubit Fluorometer, High Sensitivity NGS DNA Analysis
Kit, and KAPA SYBR Fast qPCR Kit (Kapa Biosystems, Wilmington, MA).

For NEXTflex Cell Free DNA-Seq Library Preparation, 1-5ng of the extracted cfDNA were
prepared to make libraries for next generation sequencing on Illumina’s HiSeq X’s by using
manufacturer’s protocol for Illumina Sequencing. NEXTflex™ DNA Barcode was diluted
1:8 and ten PCR cycles were performed on the libraries. Additional 0.8x SPRISelect
Magnetic beads clean-up was included to the protocol after post PCR clean-up in order to
remove excess adapter dimers. Quality check was performed by Qubit Fluorometer, High
Sensitivity NGS DNA Analysis Kit by AATI, and KAPA SYBR Fast gPCR Kit. Whole
genome sequencing was performed on the HiSeq X (HCS HD 3.5.0.7; RTA v2.7.7) at 2x150
bp read length, using SBS v3 reagents.
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Preprocessing, quality control analysis and sample identification/concordance.

Whole genome sequencing (WGS) reads for primary tumor, matched germline and plasma
samples were demultiplexed using Illumina’s bcl2fastq (v2.17.1.14) to generate FASTQ
files. The primary tumor and matched germline WGS was submitted to the NYGC somatic
preprocessing pipeline which includes alignment to the GRCh37 reference (1000 Genomes
version) with BWA-ALN (v0.6.2)*3. We used a modified alignment pipeline for plasma
cfDNA to accommaodate adapter trimming. We did this after observing increased adapter
contaminated reads in cfDNA samples as compared to tumor samples, presumably due to the
fact that cfDNA has shorter fragment size which can lead to R1/R2 overhang (data not
shown). For cfDNA samples, we used Skewer#4 for adapter trimming (default settings), and
subsequently aligned samples using BWA-MEM (default settings) to the GRCh37 reference
(1000 Genomes version). For all samples, duplicate marking and sorting was done using
Novosort MarkDuplicates (v1.03.01, a multi-threaded bam sort/merge tool by Novocraft
technologies®?) followed by indel realignment (done jointly for the tumor and matched
germline) and base quality score recalibration (BQSR) using GATK (v3.4.0)%® resulting in a
final coordinate sorted bam file per sample. Alignment quality metrics were computed using
Picard (v1.83; QualityScoreDistribution, MeanQualityByCycle,
CollectBaseDistributionByCycle, CollectAlignmentSummaryMetrics,
CollectlnsertSizeMetrics, CollectGeBiasMetrics, CollectOxoGMetrics) and GATK (average
coverage, percentage of mapped and duplicate reads). To specifically assess for potential
sample contamination we applied Conpair4’, which validated genetic concordance between
the matched germline, tumor and plasma samples, as well as evaluated any inter-individual
contamination in the samples. Samples that showed low concordance (< 0.99) were excluded
from further analysis. Specifically, three pre-operative plasma samples from LUAD patients
#37, #38 and #39 were rejected from analysis due to low concordance score.

Generation of synthetic-plasma DNA admixtures.

We generated /n silico admixtures of tumor and matched germline DNA from eight patients
with various cancer types, including LUAD, breast cancer, melanoma and osteosarcoma
(Supplementary Table 1). Admixtures were generated by downsampling and mixing, using
SAMtools (v1.1, view -s and merge commands), of tumor and germline reads sequenced
with the same protocol and sequencing device (see tumor DNA processing above) used for
the lung adenocarcinoma cohort reported in our study. The ratio of tumor vs. germline reads
was defined by the tumor fraction (TF) taking into account the tumor-specific purity and
ploidy using the following model. In the tumor sample, the fraction of DNA that is actually
coming from the tumor (Tyg) can be characterized by the following equation:

T _ Treads _ PU*PL
TF Treads + Nreads PU*PL + (1 - PU)*2

Eq. 1

Where Py denotes purity, P, denotes ploidy in the tumor sample, Tyeaqs denote the number
of tumor-tissue reads sequenced from the tumor sample, Neaqs denote the number of
healthy-tissue reads (normal tissue in the tumor sample or contamination) sequenced from
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the tumor sample. Down-sampling the original tumor to a lower TF (S0 as to represent
highly tumor diluted plasma samples) will require the downsampling ratio S:

*PU*PL+(1_PU)*2
Py* Pr

TFoquired

quire

S = T T =TI required
TF

Eq. 2

Lastly scaling down the coverage of each sample, tumor and germline, and mixing will take
the following form

) COUyeq
tumor read ratio = S * —— Eq. 3
cour
cov
germline read ratio = (1 — S)* —r
covN

Where covyeq is the required read depth coverage for the admixture sample and covr, covy
are the read depth coverage of the tumor and germline samples, respectively.

Tumor / Normal somatic mutation calling.

The primary tumor and matched germline bam files were processed through somatic variant
calling pipeline which consists of MuTect (v1.1.7)23, Strelka (v1.0.14)*8 and LoFreq
(2.1.3a)*? for single nucleotide variants (SNVs). We note that for the two patients with
metastatic melanoma, no primary tumor was available for sequencing. We therefore
performed mutation calling comparing the pre-treatment plasma WGS to PBMC WGS. To
achieve stringent somatic variant calling we enforced intersection between callers. We
further removed triallelic sites and common germline variants (minor allele fraction [MAF]
> 5% in cancer genes DNMT3A, TET2, JAK2, ASXL1, TP53, GNAS, PPM1D, BCORL1
and SF3B1, and with MAF = 1% elsewhere in the genome, as reported in the 1000 Genomes
Project release 3 and the Exome Aggregation Consortium [EXAC] server). Finally, we
removed a subset of artifactual calls by the use of a “blacklist” generated by calling somatic
variants on 16 random pairings of 80x/40x in-house sequenced HapMap WGS data. Small
deletions and insertions (indels) were not used in our methodology, due to smaller frequency
and somewhat greater challenges in calling accuracy. Copy number alterations (CNA),
including deletions, amplifications and copy-neutral loss of heterozygosity, were called
using NBIC-seq (v0.7)%0. Segments with log, > 0.2 were categorized as amplifications, and
segments with log, < —0.235 were categorized as deletions (corresponding to a single copy
gain or loss, respectively, at 30% purity genome).

Plasma cfDNA single nucleotide variant (SNV) identification.

Sensitive detection of patient-specific compendia of SNVs is performed by searching the
plasma WGS for all sites from the matched patient-tumor compendium with corresponding
mutations in the same genomic site and the same exact substitution. To efficiently identify
variants present in the sequencing data, we used a custom python script (python version
3.6.2), which utilizes the pysam module to efficiently extracts alignments harboring variants,
and extracted any read that both uniquely maps to a variant of interest and was in an aligned
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portion of the read (no clipping or soft-masking at the position of the variant). All extracted
reads were then subjected to the support vector machine (SVM, see below) model for further
classification.

error suppression.

The detection of mutations in cfFDNA WGS required a novel conceptualization of the
mutation calling process. Current mutation calling is typically “locus-centric”’23:48:49
whereby the presence of multiple supporting reads for the same mutation is incorporated
into statistical models. However, in highly underrepresented ctDNA detection in low burden
disease, the tumor fraction is orders of magnitude lower than the inverse of depth of
sequencing, such that, at best, only a single supporting read is available. We therefore
generated a novel analytic framework that is “read-centric”®! using a machine learning
models to scan through individual reads and provide a measure of confidence to classify
them as likely true somatically mutated ctDNA vs. sequencing artifacts. These data are then
integrated across the genome using analytic models (see below) to measure the tumor
fraction representation in cfDNA.

Our read-centric denoising method applies a support vector machine (SVM) framework.
Five features were included in the model training, which are known to represent sequencing
error patterns, and which showed association to artifactual detections in our training control
plasma cohort (n = 8). Variant base quality (VBQ) indicates our trust in the particular
mismatch, which showed significant enrichment with sequencing error (P value < 107100
two sample t-test, Extended Data Fig. 2b,c). Mean read base quality (MRBQ) represents the
overall quality of sequencing within a particular read pair. Position in read (PIR) captures
cycle specific errors, as 3” showed higher association with sequencing error (Extended Data
Fig. 2d). R1/R2 allow us to test concordance between overlapping read-pair sequences,
where discordance is associated with sequencing error (Extended Data Fig. 5a). Mapping
quality (MQ) is an alignment-provided metric corresponding to the trust the aligner has in
the particular alignment.

In order to train the read-centric SVM model, we first focused on building a high-quality
truth set of confident alterations and likely errors. For confident alterations we aimed for
variants with a high degree of support. We used GATK (v3.4.0) to call variants on each of
the training control plasma sample, using the -L flag to specify only returning sites in
dbSNP (build 151) variants. For error mutations, we searched for mutations with a low
degree of support by performing pileup using SAMtools mpileup to identify mismatches
genome wide. These were then filtered for coverage (coverage > 10X) while enforcing that
the variant has low support of <= 0.1 VAF. We sampled 10,000 reads randomly from the
training set of 8 control patients’ cfDNA for each class for training.

For model training we utilized sklearn’s SVM package, using linear SVM with a C: 1.0, tol
1e-7, hinge loss, and 12 regularization. Using 0 as a cutoff we evaluated model performance
by F1, sensitivity, and specificity using 10-fold cross validation (Extended Data Fig. 2e).
Throughout development we considered the decision boundaries when various features were
fixed. Visualizations were interpreted for expected relationships between features: VBQ
correlates with PIR, R2 has a more stringent bias, MRBQ correlates with VBQ and when
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both VBQ and MRBQ are high we make a confident decision. As a comparison to our SVM
method, we evaluated the performance of a random forest fit using the same dataset and
features. The number of trees was set to 50. The SVM model outperformed the random
forest model across several metrics (Extended Data Fig. 2e).

Additional de-noising methods.

Paired-end sequencing of the short cfDNA fragments (read length 150bp) result in
overlapping R1 and R2 reads which provide an additional means of error suppression due to
overlapping information from the same DNA fragment. Given the low probability of a
sequencing error occurring in both of the overlapping reads, pairs that contained the same
alternative base in their overlaps (concordant mutation) were considered as more likely to
represent true mutations as opposed to pairs in which only one read differed (discordant),
which are more likely to reflect sequencing errors. To test this notion, we evaluated the
proportion of concordant read pairs at dbSNP sites and at likely artifactual sites, which were
defined by read pairs with variants overlapping the union of all patient somatic SNVs
compendia across all LUAD patients, that were observed with the same variant in the control
plasma samples (Extended Data Fig. 5a). This analysis revealed that pairs are far more likely
to be discordant at artifactual sites, and mostly concordant at sites containing true germline
variant. This analysis was conducted using a custom python script (python version 3.6.2)
which utilizes the pysam module. Briefly, for each variant, reads containing the variant of
interest and their read mates were compared to evaluate whether both (concordant) or only
one (discordant) contained the variant of interest, and discordant read pairs were discarded.
Additionally, we generated a “blacklist” of regions in the genome that are more likely to
contain artifactual variants. To do this, we performed artifact detection mode on the training
control plasma samples (n = 8), any variant detected in at least two controls was included in
the blacklist and removed from subsequent patient plasma analysis.

Plasma SNV-based ctDNA detection and quantification.

We reasoned that the fraction of the patient-specific SNVs that are observed in the plasma
cfDNA WGS follows a binomial distribution over A independent Bernoulli trials, where Nis
the number of SNVs in the patient-specific mutational compendium (identified through
standard SNV detection on matched tumor and germline DNA WGS data). Each such trial
includes multiple rounds of random sampling that depends on the local coverage, where the
probability of sampling a DNA fragment containing a given variant in each round is defined
as the tumor fraction (the fraction of circulating tumor DNA in the cfDNA pool). We note
that we have not explicitly modeled heterozygosity or lower VAF due to subclonal events,
and thus our Bernoulli model likely somewhat underestimates the true TF. However, these
aspects will likely lead to a 2-3 fold underestimation at most (given depth of sequencing,
purity for subclonal SNVs), which is anticipated to have limited impact considering the
heavy dilution of ctDNA in low burden disease (< 1%).

Therefore, the relationship between coverage, mutation load (SNV/tumor), number of
detected variants in cfDNA WGS, and the tumor fraction corresponds to the following
equation:
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M=N(1-(1-TF)“")+u*R Eq. 4

Where M denotes the number of SNVs detected in the plasma sample, A denotes the number
of SNVs (mutation load) in the patient-specific mutational compendium, 7/ denotes the
tumor fraction, cov denote the local coverage in sites with a tumor-specific SNV, 4 denoted
the mean noise rate (number of _errors/number of reads evaluated) that corresponds to the
patient-specific SNV compendium evaluated in control plasma WGS data (see below), and

R denote the total number of reads covering the patient-specific mutational compendium.
This relationship allows the calculation of the plasma TF from the mutation detection rate,
even in extremely low allele fraction where the mutation allele fraction itself is not
informative (random sampling between 0 and 1 supporting read at best).

To address variation in sequencing artifact noise (4) across patients with different mutational
compendia, we apply the patient-specific mutational compendium to calculate the expected
noise distribution across the cohort of control plasma samples. The process described above
is performed to detect the patient-specific SNVs in control plasma samples or other patients
(cross-patient analysis). These detections represent the background noise model for which
we calculate the mean and standard-deviation (U,o) of artifactual mutation detection rate.
Confident cfDNA tumor detection can then be defined by converting the patient-specific
detection rate (det_rate = number of SNVs detected in cfDNA/number of reads checked =

M/R) to a Z-score = de’—’f#, and define a threshold that will keep the specificity above

80% (Z-score > 1.2). Specificity and sensitivity performance values were further validated
using receiver operating characteristic (ROC) curve using the Python (version 2.7.10)
module numpy.metrics.roc_curve and numpy.metrics.roc_auc_score.

Calculating the patient tumor fraction from point mutation detection was then carried out by
the following equation (which is an inversion of Eq.4):

TF=1-(1-[M— pu*R]/N)" Eq.5

Where M denotes the number of SNVs detected in the plasma sample, A/ denotes the number
of SNVs (mutation load) in the patient-specific mutational compendium, 7/ denotes the
tumor fraction, covdenote the local coverage in sites with a tumor-specific SNV, 4 denoted
the noise rate (number of errors/number of reads evaluated) that corresponds to the patient-
specific SNV compendium, and R denote the total number of reads covering the patient-
specific mutational compendium.

Plasma copy number alteration (CNA)-based quantification.

To generate a patient-specific CNA compendium (amplifications and deletions), we applied
NBIC-seq® to the primary tumor and generated an interval list of amplifications, deletions
and copy-neutral loss of heterozygosity. This interval list was then interrogated in cfDNA
WGS to calculate an integrated signal (score) for representation of ctDNA in the cfDNA.
Average coverage per base-pair was calculated in plasma samples using GATK (v3.4.0)
DepthOfCoverage. The genomic region of interest (CNA or Neutral segments) was divided
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into non-overlapping 500bp bins and median depth of coverage per-bin was calculated. We
note general stability of performance for bin size between 200bp and 1Kbp with lower
performance with increasing bin size (not shown). To compare across samples with varying
depths of coverages, we normalized the depth of coverage in each bin by dividing the
coverage by the average coverage of the sample. To further correct for sample-specific
variation in depth of coverage, a robust Z-score normalization was applied to each plasma
sample separately. Median and median absolute deviation (MAD) were calculated per
sample over the entire genomic region of interest (over the aggregate of all the patient’s
CNA segments), subsequently all genomic bins were normalized by subtracting the median

and dividing the result by the MAD. Specifically, every 500bp bin is converted to a

bj — Median

H )
normalized_coverage = —AD

Generating plasma reference sample.

Read depth profiles from cfDNA and from gDNA (tumor or PBMC) showed significant
differences (Extended Data Fig. 5b,c), possibly due to differences in library preparation
(PCR vs. PCR-free protocols) and non-uniformity of cfDNA coverage driven by DNA
degradation and epigenetic features (e.g., chromatin accessibility). To ensure that the signal
calculated is not driven by these effects, we generated a control plasma reference for plasma
differential coverage measurement. Control plasma training set samples (n = 8) were
randomly down-sampled and admixed, using SAMtools (v1.1, view -s, merge), to generate a
reference cfDNA plasma sample with 25X depth of coverage. The robust Z-score
normalized coverage of this reference sample was used as the reference plasma for all
subsequent analysis, in place of patient-specific PBMC reference. We further note that
detection results with the plasma reference and with patient-specific PBMC WGS showed
high concordance confirming the robustness of these results (Supplementary Table 4).

Removing artifactual CNA events.

We observed that some genomic regions show recurrent amplification and deletion patterns
in control samples; these include centromeres and other regions of poor coverage known as
“gap regions”. To remove genomic bins (500bp) with recurrent and significant high or low
coverage compared to the rest of the genome, we removed bins with extreme coverage
values (> abs(1.5 M AD)), on the reference sample, after robust Z-score normalization. Given
that each sample is diluted in the plasma reference (composed of downsampled 8 samples)
this likely results in removal of only recurrent artifactual amplification or deletion. Somatic
CNA events originating from possible clonal hematopoiesis can also create biases in plasma
cfDNA CNA analysis, as most cfDNA is derived from blood cells. To assess for this
potential artifactual, CNA matched PBMC WGS were assessed for CNAs using NBIC-seq
(v0.7) against a contemporary normal sample, NA12878%2, sequenced using the same
protocol as the PBMC. Copy-neutral LOH events were also examined using B-allele
frequency (BAF) analysis. Copy number alterations (CNA) were called using NBIC-seq
(v0.7)11 on PBMC vs contemporary normal. Segments (>1Mb in length) with log, > 0.2
were categorized as amplifications, and segments with log, < —-0.235 were categorized as
deletions (corresponding to a single copy gain or loss, respectively, at 30% purity genome)
in the PBMC. These regions were then excluded from the patient-specific CNA interval list.
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Detected events were removed from the CNA and neutral interval lists to prevent biases in
MRDetect CNA signal. Three patients had a detectable somatic-PBMC events, LUAD10
(amp Chr12:60138-133841502), LUAD26 (CN-LOH Chr4:50400000-191044164), and
CRCO03 (del Chr3:234305-80851349; del Chr5:75605307-180877637; del Chr7:95649215—
159128563; del Chr10:50003039-108417985; del Chr15:36365636-63901029; del
Chr15:36365636—63901029; del Chr17:7602691-20374289; del Chr18:24227106—
78017148).

Plasma cfDNA CNA sighal measurement.

Differential coverage between plasma sample (pre-surgery or post-surgery) and the reference
showed a tendency for a positive skew in bins overlapping patient-specific amplifications
and a negative skew in bins overlapping patient-specific deletions. Therefore, multiplying
the differential (Plasma_sample — PON_reference) depth of coverage by the directionality of
the CNA segment (amplification multiplied by +1, deletion multiplied by —1) and summing
these values across the CNA regions provides the CNA signal, while neutral regions (diploid
regions in the matched tumor) provides the background noise, in which random
directionality in depth of coverage is expected to result in low integrated signal. This is
represented by the following equation:

M
CNA Signal = Y [(P(i) = N(@i)) * sign(T(i) — N())] Eq. 6

i=1

Where M is the number of hon-overlapping 500bp bins covering the region of interest (CNA
segment). A7) and N/(i) are robust Z-score normalized depth of coverage values in the
window /for the plasma sample and reference, respectively. Sign(7(i)-\N(i)) represents the
direction of the tumor CNA segment (amplification multiplied by +1, deletion multiplied by
-1) that overlap with window /.

To address variation in noise across patients with different CNA compendia we used the
patient specific CNA interval list to calculate patient-specific noise distribution over a cohort
of control plasma samples (n = 30). The process described above was done to detect the
patient-specific CNA compendia in control plasma samples or in other patients’ plasma
(cross-patient). These detections represent the background noise model for which we
calculate the mean and standard-deviation (l,o) of artifactual background noise.
Subsequently, the patient integrated CNA signal and control noise values were converted to
Z-scores to define the significance of CNA detection in patient samples compared to
background noise.

These detections represent the background noise model for which we calculate the mean and
standard-deviation (,o) of artifactual CNA detection signal. Confident cfDNA tumor
detection can then be defined by converting the patient-specific CNA signal to a Z-score =

M, and define a threshold that will keep the specificity above 80% (Z-score >

1.2). Specificity and sensitivity performance values were further validated using receiver
operating characteristic (ROC) curve using the Python (version 2.7.10) module
numpy.metrics.roc_curve and numpy.metrics.roc_auc_score.
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Utilizing the CNA mixture model on copy-neutral regions of the same tumor genome was
done as an additional negative control with the same model defined above (£4.6). In this
case, for each 500bp bin, the directionality was defined as the local sign(T-N), meaning the
local sign of the difference between the tumor normalized coverage and the germ-line
normalized coverage in this specific 500bp bin (in copy-neutral regions this sign takes
random +1/-1 values without a defined trajectory).

CNA downsampling.

To demonstrate sensitivity at various TFs and size of genome altered we used the 7n silico
admixtures of tumor and matched germline DNA from breast cancer (described in Methods
above) and randomly downsampled the CNAs footprint. We generated 8 replicates across
TFs (1x1075 to 5x10~1 and control) and 3 replicates across CNA footprint sizes (5Mb to
1050Mb). We applied MRDetect CNA (described in methods above) comparing the
replicates to control plasma samples to generate CNA Z-scores and finally compute median
Z-score across all replicates.

CNA load across tumor types analysis.

We applied a junction balance analysis algorithm (JaBbA)>3 on 588 TCGA WGS samples
across 10 tumor types to obtain purity and ploidy corrected CNA segments. Briefly,
JaBbAS3 infers somatic segmental CN simultaneously with rearrangement junction copy
numbers from paired tumor-normal WGS. High-density (200 bp bins) coverage data is
collected from tumor and normal WGS aligned reads, corrected for GC-content and
mappability, and rearrangement junctions are inferred by SVABA (d0i:10.1101/
gr.221028.117). JaBbAS3 reconstructs a junction-balanced genome graph by optimizing a
complexity-regularized likelihood function with mixed-integer programming.

Integrating SNV and CNA scores.

For definition of tumor detection (pre and post operatively), we applied thresholds designed
based on the ROC analysis. The threshold for SNV detection was defined as the first value to
provide > 95% specificity, Z score > 3 for lung (Fig. 5b,e and Extended Data Fig. 9) and Z
score > 4 for CRC (Fig. 4d,f and Extended Data Fig. 8). The threshold for CNA detection
was defined as the first value to provide > 80% specificity, Z score > 0.9 for lung (Fig. 5b,e
and Extended Data Fig. 9) and Z score > 1.3 for CRC (Fig. 4d,f and Extended Data Fig. 8).
To further evaluate performance, we have also applied identical Z score thresholds across the
cohorts. For example, in SNV analysis, a Z-score of > 3, selected based on specificity>90%
in CRC (specificity —98%, sensitivity —90%), yields similar results in LUAD (specificity
—-95%, sensitivity — 67%). For the CNA analysis, a Z-score of > 1.3, selected based on
specificity>90% in CRC (specificity —92%, sensitivity —40%), yields similar results in
LUAD (specificity —89%, sensitivity — 27%). These thresholds did not affect the association
between post-operative detection and adverse outcome (P value of 0.03 for CRC cohort, P
value of 0.024 for LUAD cohort).

Additionally, as the SNV noise model and CNA noise model are largely independent,
generated by different noise mechanisms, the SNV and CNA Z-score values of control
plasma samples can be combined together and still generate a normal distribution around
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zero mean. Measuring this combined noise Z-score across all control samples by applying
all the different patient mutation compendia (total 7= 132 combinations) yielded a mean Z-
score of 0.07. In contrast, patient cfDNA CNA and SNV Z-scores are correlated due to the
underlying circulating tumor DNA detection signal, which will allow an increased signal-to-
noise for combined CNA and SNV detection signal. SNV Z-score and CNA Z-score are
combined to get the integrated score (integrated_score = SNV _zscore + CNA_zscore) for all
patient plasma and control plasma , the combined metrics performance is shown for lung
and CRC (Fig. 4e and 5d).

Ichor-CNAC (version 2.0) was used as an orthogonal CNA-based method for the estimation
of plasma tumor fraction (TF) in the /in silico admixtures and in patient samples. We
optimized input setting for more sensitive detection in low tumor burden disease using the
modified flags: --altFracThreshold 0.001, --normal .99, --NORMWIG for using matched
normal instead of the ichor panel of normal; all other settings were set to default values. As a
matched normal for the /n silico admixtures, we used an independent matched germ-line
sample. For the patient samples, we used our control plasma PON (see above in the CNA
methods) as the matched normal.

Fragment size kernel density estimator (KDE).

Circulating DNA fragments that originate from the tumor show shorter fragment size in
comparison to “normal” DNA fragments that originate mainly from apoptosis of
hematopoietic cells (immune cells)>*32, We therefore reasoned that shorter fragment length
of DNA fragments of somatic variants detected in cfDNA could provide orthogonal support
to the fact that these indeed represent ctDNA. To generate a robust model that can quantify
the probability of a single DNA fragment to be from tumor or normal origin, we used a joint
kernel density estimator (KDE) to characterize the fragment size distribution of circulating
DNA. This method allows to rigorously quantitate the fragment size shift across the entire
fragment sizes distribution (80-600bp), instead of focusing only on < 150bp fragments3°. To
train the KDE estimator we used a triple negative breast cancer (TNBC) patient derived
xenograft (PDX) to create a purified set of human circulating tumor DNA (human-ctDNA).
We collected blood from the mouse and sequenced the cfDNA (see “Patient Derived
Xenograft (PDX) plasma collection” section above). Circulating tumor DNA fragments were
then isolated by retaining only human-aligned DNA reads, which were then used as a tumor-
labeled training set (n = ~3M fragments). Normal cfDNA training set was defined by a
random sample of reads from our human control plasma cohort (n = ~6M fragments, from 8
control plasma samples). A KDE model was trained over the tumor and normal cfDNA sets
using the Python (version 2.7.10) module scipy.stats.gaussian_kde, using scott-rule to
choose optimal bandwidth (bw_method="scott’). We then scored collections of cfDNA
fragments (e.g., tumor specific detections or cross-patient detection) based on their fragment
sizes using the following equation:

score = median[log(pdf_tumor(collection))] —

median[log(pdf _normal(collection))] Eq.7
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where for each specific DNA fragment the logpdf value was calculated using
scipy.stats.gaussian_kde().logpdf() for both the tumor KDE and the normal KDE separately.

The KDE score was tested on the aggregated tumor-specific mutation detections and
aggregated cross-patient mutation detection in different patient sets (pre-surgery plasma,
ctDNA-positive post-surgery plasma and ctDNA-negative post-surgery plasma). We used a
permutation test to check the significance of the difference in KDE-score between tumor-
specific mutation detections and cross-patient mutation detection. For each mutation set, we
randomly sub-sampled 150 DNA fragments 1,000 times with replacement and calculated the
KDE-score for each permutation sub-sample. Violin-plot statistics of these permuted KDE-
score cohorts is shown (Fig. 5g; Extended Data Fig. 10j), and statistical difference was
calculated using two-sample t-test.

Reanalysis of targeted panel cfDNA sequencing datal8.

Supplementary tables S3 and S7 from Phallen et al® were downloaded and, for each patient
in table S3, the variant allele frequency (VAF) information was retrieved from table S7.
Distributions were fit to the patients’ maximum VAF values using the R package
“fitdistrplus” setting the “distr’ parameter to ‘beta’ or ‘Inorm’ as appropriate (Fig. 1b).
Goodness-of-fit was determined by computing the Mean Squared Error (MSE) between the
predicted distributions and the empirical cumulative distributions. The number of genomic
equivalents (unique coverage) for each patient was taken from table S4. Linear regression
was performed using the ‘Im” function in R (version 3.4.2) and R and P value statistics
were calculated (Fig. 1c).

Statistical analysis.

Statistical analysis was performed with Python 2.7.13 and R version 3.4.2. Continuous
variables were compared using the Student’s t-test, Wilcoxon rank-sum test or non-
parametric permutation test, as appropriate. All P values are two-sided and considered
significant at the 0.05 level unless otherwise noted.

Reporting Summary.

Further information regarding research protocol and study design is available in the Life
Sciences Reporting Summary associated with this article.
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Extended Data
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Extended Data Fig. 1. Deep targeted sequencing analysis and DNA extraction optimization
(a-b) constitute a re-analysis of previously published datal8. (a) Histogram of samples

detected as a function of the maximum variant allele fraction (VAF) in stage I-1V cancer.
Maximum VAF serves as an estimation of tumor fraction (TF). Patient histogram (solid bars)
and empirical cumulative distribution (solid line) are shown, displaying stage dependent
detection probability from 50% sensitivity in stage | cancer to >90% sensitivity in stage IV.
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Color coding represents different cancer stages. Number of patients considered per cancer
stage is indicated in the figure. (b) Histogram of variants (mutations) detected as a function
of the variant allele fraction (VAF) for different cancer stages. Higher cancer stage exhibits
an increase in the mutation VAF, associated with higher probability of detection. Number of
mutations included in the analysis per cancer stage is indicated in the figure. (c) Comparison
of cfDNA vyields across various leading commercial extraction kits. Multiple extractions (n =
3) for each kit were performed over 1mL aliquots of the same input plasma sample (from
plasmapheresis of a normal donor), \and total mass (per 1mL) was determined with Qubit
(ThermoFisher, Waltham, MA). Mean value and confidence interval (standard deviation) is
shown. (d) Extracted cfDNA was evaluated with Nanodrop (ThermoFisher, Waltham, MA)
to detect impurities such as salt and genomic DNA. Omega Bio-Tek (Norcross, GA) had the
lowest amount of contaminant carry over compared to other kits. Multiple tests (n = 3, solid
lines) for each kit were performed over 1mL aliquots of the same input plasma sample
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Extended Data Fig. 2. Patient-specific genome-wide SNV integration and error suppression
a) Base quality (BQ) signal for high quality germline single nucleotide polymorphisms

(SNPs; n =9,142,326) vs. low VAF (single supporting read) artifactual variants (n =
407,061) from representative PBMC sample (Pat.01), showing distinct separation between
SNP and the low VAF artifacts BQ distributions (Pvalue < 10719, two-sample t-test), and
supporting effective filtration of sequencing artifacts by BQ filtration. (b) Receiver-
operating-curve (ROC) analysis for BQ filtering including germline SNPs (true labels) and
low VAF artifactual variants (false labels), using the same data set as in (a), and showing
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high filter performance for this simple quality metric (AUC = 0.9, n = 9,142,326). (c)
Variant position-in-read (PIR) shows association between low VAF artifactual variants (n =
407,061) and position at the 3’ of the sequencing read, while germline SNPs (n = 9,142,326)
show uniform spread across the sequencing read length. (d) Support vector machine (SVM)
classification performance between germline SNPs (random subsampling, n = 100,000) vs.
low VAF artifactual variants (random subsampling, n = 100,000) from all PBMC WGS data
(n = 8). Performance of SVM and random forest classification was compared over the same
sample set with 10-fold cross validation. (€) Box plot of error rate estimations before error
suppression (blue) and after SVM-based error suppression (red) over four cancer types and
40 PBMC-derived replicates (2 patients per cancer type, 20 replicates per patient’s PBMC
sample). Error rate was calculated as the number of mismatches detected over the humber of
bp checked. Showing a uniform error reduction (median 14 fold-change reduction, range
11-17). (f-h) Patient-specific SNV signal-to-noise quantification over a range of TFs
(107°-1072) compared to basal noise signal detected in control (TF = 0, subsampled PBMC
DNA fragments) samples (left column). Signal-to-noise was estimated by calculating the log
difference between the number of detections in each plasma-like admixture (TF > 0) and the
mean number of detections in the controls (TF = 0). Analysis was done separately using
tumor and matched germline (PBMC) WGS from lung (f, Pat.04), breast (g, Pat.05) and
osteosarcoma (h, Pat.08) patients. Inset panel shows discrimination of tumor and control
samples down to tumor fraction 10~° after utilizing machine-learning-based sequencing
error suppression (red) vs. reduced sensitivity with the raw unfiltered data (blue). (i)
Benchmarking of mutation detection performance for mutation centric method?3 vs. read-
centric method (MRDetect). Patient-specific SNV signal-to-noise quantification over a range
of TFs (107°-2X10~1) compared to basal noise signal detected in control (TF =0,
subsampled PBMC DNA fragments) samples (right column). Signal-to-noise was estimated
by calculating the log difference between the number of detections in each plasma-like
admixture (TF > 0) and the mean number of detections in the controls (TF = 0). (j) Single
nucleotide variant (SNV) point mutation detection in plasma mixtures with different tumor
fractions (TF > 0) and controls (TF = 0) is shown. Y-axis shows the number of detections
(variants observed in tumor WGS and also detected in plasma synthetic admixture) as a
function of TF (x-axis). Red line constitutes the number of detections predicted for each TF
based on the mutation load, coverage, noise model. Gray area represents the area under the
background noise model threshold (1.5std), showing robust discrimination from noise for TF
> 1073. Analysis was done on 35X coverage lung cancer (Pat.04) admixture cohort. Centre
values represent mean and error bars represent standard deviation. In (f-j), n =11
independent admixture samples for TFs > 0 and n = 20 independently down-sampled PBMC
replicates for the control (TF=0) of each patient. Throughout the figure, boxplots represent
median, bottom and upper quartile; whiskers correspond to 1.5 x IQR.
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Extended Data Fig. 3. Patient-specific genome-wide SNV integration provides accurate read out
of tumor fraction

(a-h) Tumor fraction (TF) inference plots using MRDetect genome-wide SNV integration
for two melanomas (a: Pat.01, b: Pat.02), two lung cancers (c: Pat.03, d: Pat.04), two breast
cancers (e: Pat.05, f: Pat.06), and two osteosarcomas (g: Pat.07, h: Pat.08). Each plot was
generated using /n silico admixtures of varying TF (range 107°-0.2) with 35X depth of
coverage by randomly downsampling and mixing tumor reads (mean coverage 97X, range
85X-110X) and germline reads (mean coverage 49X, range 43X-56X) from WGS data (see
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Methods; Supplementary Table 1). For TFs > 0, n = 11 independent admixture samples. For
the control (TF = 0), n = 20 independently down-sampled PBMC replicates. We observed
accurate TF estimation as low as 107>, discriminated from control (TF = 0) samples (left
box-plot), with high Pearson correlation (two-sided test) between the input TF mixture (x-
axis) and the SNV-based estimated TF prediction, confirming accurate inference based on
genome-wide mutational integration. Throughout the figure, boxplots represent median,
bottom and upper quartile; whiskers correspond to 1.5 x IQR.
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Extended Data Fig. 4. CNA load across tumor types
Histogram of CNA load in WGS samples across cancer types from the TCGA cohort.

Measured as a function of the size of genome altered by CNA (in log;oMb). Dashed lines
represent the percentage of samples that have CNA load of over 10 Mb and 1 Gb
respectively, for each cancer type. Cancer types include LUSC: Lung squamous cell
carcinoma (n=50), HNSC: Head and Neck squamous cell carcinoma (n=50), CESC:
Cervical squamous cell carcinoma and endocervical adenocarcinoma (n=18), OV: Ovarian
serous cystadenocarcinoma (n=50), KICH: Kidney Chromophobe (n=50), COAD: Colon
adenocarcinoma (n=53), THCA: Thyroid carcinoma (n=50), LUAD: Lung adenocarcinoma
(N=152), ESCA: Esophageal carcinoma (n=19).
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Extended Data Fig. 5. CNA based detection of ctDNA tumor fraction
(a-c) Tumor fraction (TF) inference using MRDetect genome-wide CNA integration for

representative patients, including melanoma (a: Pat.01) and lung cancer (b: Pat.03, c:
Pat.04). Each plot was generated using /7 silico admixtures of varying TF (range 10> - 0.2)
in 18X coverage, by randomly downsampling and mixing tumor reads (mean coverage 97X,
range 85X-110X) and germline reads (mean coverage 49X, range 43X-56X) from WGS data
(see Methods; Supplementary Table 1). Twenty replicates used for each TF > 0 sample, and
for the control (TF = 0) samples, showing accurate TF estimation as low as 5*107°,
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discriminated from control (TF = 0) samples (left box-plot), with high Pearson correlation
between the input TF mixture (x-axis) and the CNA-based estimated TF prediction (two-
sided test). (d-f) Tumor fraction (TF) inference in neutral regions (no copy number gain or
loss in the tumor WGS data) for the same /n sifico admixtures (d: melanoma, Pat.01; e lung,
Pat.03; f: lung, Pat.04), shows the expected low Pearson correlation between input admixture
TF and the signal (two-sided test), consistent with no expected coverage changes in the
plasma admixtures in these regions. Throughout the figure, boxplots represent median,
bottom and upper quartile; whiskers correspond to 1.5 x IQR.
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Extended Data Fig. 6. CNA and SNV M RDetect correlation and further error suppression
(a) Spearman correlation between SNV and CNA TF estimation across TF admixtures for a

lung tumor (Pat.03) shows high correlation (two-sided test) between the two orthogonal
inference methods. Red dots correspond to cancer plasma (TF > 0) samples and blue dots
correspond to control plasma (TF = 0) samples. Detection threshold (dashed lines) were set
on TF < 5*107° for both methods. Eleven replicates used for each TF > 0 sample, and 20
replicates were used for the control (TF = 0) samples. (b) Comparison to an orthogonal
CNA-based TF method- ichor-CNAI®, Analyzing the same cohort of breast cancer (Pat.05)
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in silico synthetic admixture samples shows concordance in TF estimation for high TF (TF >
5+1073), with extension of detection for MRDetect to lower TFs. The same 20 replicates
were used for both MRDetect and ichor-CNA for each of the TF > 0 and control (TF = 0)
samples. (c) Proportion of variant concordant (brown) vs. discordant (gray) read pairs (R1
and R2) detected in germline SNPs and artifactual variants. Analysis was done across 10
control (benign lung lesions) plasma samples, comparing read-pairs associated with
germline SNPs (right bar) vs. read-pairs associated with artifactual variants (left bar) per
plasma sample. The artifactual variants were defined by read pairs with variants overlapping
the union of all patient somatic SNVs compendia across all LUAD patients, that were
observed with the same variant in the control plasma sample. The number of read-pairs used
in the analysis is indicated above each bar. (d) Median genome-wide normalize (divided by
mean coverage) coverage from matched germline PBMC WGS samples from patients with
LUAD (cyan, n = 15) and control plasma WGS samples from patients with benign lung
lesions (red, n = 11) before and after robust Z-score normalization. (€) Median absolute
deviation (MAD) calculated over normalized-coverage (/.¢e., divided by mean coverage)
from matched germline PBMC and control plasma WGS samples as in (d) before and after
robust Z-score normalization. Throughout the figure, boxplots represent median, bottom and
upper quartile; whiskers correspond to 1.5 x IQR.
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Extended Data Fig. 7. Serial application of M RDetect to monitor melanoma response to
immunother apy

Melanoma treatment response (Patient MEL02) during immunotherapy (Nivolumab) is
monitored by blood samples. Upper panels- Treatment monitoring by computed tomography
(CT) shows response to therapy but residual disease after 3 months of therapy. Middle panel-
MRDetect Z-scores effectively track tumor responses, matching radiographic changes, in
higher temporal resolution than that feasible with imaging. Lower panel- ichor-CNA
captures treatment response dynamics but showing lower signal to noise ratio compared to
the MRDetect method. For both MRDetect and ichor-CNA methods, Z-score is calculated
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from a single plasma sample for each timepoint compared to a panel of control samples (n =
30). Throughout the figure, boxplots represent median, bottom and upper quartile; whiskers

correspond to 1.5 x IQR.
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Extended Data Fig. 8. MRDetect performancein colorectal monitoring
(a) Robust Z-score discrimination between signal detected across 20 random subsamplings

(80% of reads per subsampling iteration) of LUAD patient pre-operative plasma (black, n =
36 patients) and the cohort of control plasma test set (gray, n = 30). The signal was measured
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on the subsampling set and control test set using the same patient-specific point mutation
(SNV) compendium. Z-score was calculated using the noise parameters estimated in the
control test cohort (see Methods). (b) Receiver-operating-curve (ROC) analysis was
performed over all SNV-based Z-score values calculated on the patients’ pre-operative
plasma and control plasma as in (a). (c) Cross patient noise evaluation. Robust Z-score
discrimination between signal detected at 20 random subsamplings (80% of reads per
subsampling iteration) of LUAD patient pre-operative plasma WGS (black, n = 36 patients),
cross-patient noise estimation via application of the patient-specific compendium to all other
patient pre-operative plasma (n = 35, gray). Z-score was calculated using the noise
parameters estimated in the cross-patient cohort (see Methods). (d) Receiver-operating-curve
(ROC) analysis was performed over all SNV-based Z-score values calculated on the matched
patients and cross-patient plasma. (€) Z-score discrimination between MRDetect-CNA on
LUAD patient pre-operative plasma (red, n = 36 patients) compared to signal detected in
neutral regions (as a negative control, blue), control plasma test cohort (n = 30) and cross-
patient cohort (n = 35). Cross-patient noise was estimated by applying the patient-specific
CNA compendium to other patient plasma samples (n = 35, all other patients). Z-score was
calculated using the noise parameters estimated by the control plasma cohort. (f) Receiver-
operating-curve (ROC) analysis was performed over all CNA-based Z-score values
calculated on the patients’ pre-operative plasma and control patients. (g) ROC analysis was
performed over all ichor-CNA?# TF values calculated on the LUAD patients’ pre-operative
plasma and control patients (n = 66). Interestingly the two patient plasma samples detected
by ichor-CNA included events that do not appear in the tumor, one of them was found to be
a PBMC specific somatic event (potentially from clonal hematopoiesis). Throughout the
figure, boxplots represent median, bottom and upper quartile; whiskers correspond to 1.5 x
IQR. (h) Z-score discrimination between signal detected in 20 random subsampling (80% of
reads per subsampling iteration) of LUAD patient plasma WGS (n = 22 patients) collected at
a median of 17 days after surgery and a cohort of control plasma test samples (gray, n = 30).
The signal was measured on the matched plasma and control set using the same patient-
specific point mutation (SNV) compendium. Z-score was calculated using the noise
parameters estimated in the control cohort (see Methods). (i) Z-score discrimination between
MRDetect-CNA on LUAD patient plasma (red, n = 22 patients) collected at a median of 17
days after surgery, compared to signal detected in neutral regions (as a negative control,
blue) and control plasma cohort (n = 30). Z-score was calculated using the noise parameters
estimated by the control plasma cohort (see Methods). Throughout the figure, boxplots
represent median, bottom and upper quartile; whiskers correspond to 1.5 x IQR.
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Extended Data Fig. 9. MRDetect performancein LUAD monitoring
(a) Robust Z-score discrimination between signal detected across 20 random subsamplings

(80% of reads per subsampling iteration) of LUAD patient pre-operative plasma (black, n =
36 patients) and the cohort of control plasma test set (gray, n = 30). The signal was measured
on the subsampling set and control test set using the same patient-specific point mutation
(SNV) compendium. Z-score was calculated using the noise parameters estimated in the
control test cohort (see Methods). (b) Receiver-operating-curve (ROC) analysis was
performed over all SNV-based Z-score values calculated on the patients’ pre-operative
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plasma and control plasma as in (a). (c) Cross patient noise evaluation. Robust Z-score
discrimination between signal detected at 20 random subsamplings (80% of reads per
subsampling iteration) of LUAD patient pre-operative plasma WGS (black, n = 36 patients),
cross-patient noise estimation via application of the patient-specific compendium to all other
patient pre-operative plasma (n = 35, gray). Z-score was calculated using the noise
parameters estimated in the cross-patient cohort (see Methods). (d) Receiver-operating-curve
(ROC) analysis was performed over all SNV-based Z-score values calculated on the matched
patients and cross-patient plasma. (€) Z-score discrimination between MRDetect-CNA on
LUAD patient pre-operative plasma (red, n = 36 patients) compared to signal detected in
neutral regions (as a negative control, blue), control plasma test cohort (n = 30) and cross-
patient cohort (n = 35). Cross-patient noise was estimated by applying the patient-specific
CNA compendium to other patient plasma samples (n = 35, all other patients). Z-score was
calculated using the noise parameters estimated by the control plasma cohort. (f) Receiver-
operating-curve (ROC) analysis was performed over all CNA-based Z-score values
calculated on the patients’ pre-operative plasma and control patients. (g) ROC analysis was
performed over all ichor-CNA# TF values calculated on the LUAD patients’ pre-operative
plasma and control patients (n = 66). Interestingly the two patient plasma samples detected
by ichor-CNA included events that do not appear in the tumor, one of them was found to be
a PBMC specific somatic event (potentially from clonal hematopoiesis). Throughout the
figure, boxplots represent median, bottom and upper quartile; whiskers correspond to 1.5 x
IQR. (h) Z-score discrimination between signal detected in 20 random subsampling (80% of
reads per subsampling iteration) of LUAD patient plasma WGS (n = 22 patients) collected at
a median of 17 days after surgery and a cohort of control plasma test samples (gray, n = 30).
The signal was measured on the matched plasma and control set using the same patient-
specific point mutation (SNV) compendium. Z-score was calculated using the noise
parameters estimated in the control cohort (see Methods). (i) Z-score discrimination between
MRDetect-CNA on LUAD patient plasma (red, n = 22 patients) collected at a median of 17
days after surgery, compared to signal detected in neutral regions (as a negative control,
blue) and control plasma cohort (n = 30). Z-score was calculated using the noise parameters
estimated by the control plasma cohort (see Methods). Throughout the figure, boxplots
represent median, bottom and upper quartile; whiskers correspond to 1.5 x IQR.
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Extended Data Fig. 10. Imaging of sample monitored L UAD cases and fragment length analysis
Positron emission tomography—computed tomography (PET-CT) of two patients (LUAD#3

and LUAD#6) confirms no radiographically observable metastatic spread at the time of
surgery (a and c, respectively), while metastatic recurrence has been identified
approximately six months post-operative by PET-CT (b and d, respectively). (e-h)
Representative fragment size histograms showing the distribution of DNA fragments as a
function of the fragment length. DNA fragments that are associated with tumor mutations
(gray) are showing significantly shorter size compared to DNA fragments that are associated
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with artifactual non patient-specific detections (red, derived from applying cross-patient
mutational compendia; median Avalue < 1073, two-sample t-test). Plots include two pre-
operative plasma samples (e: LUAD#18, tumor mutation detection n = 35, artefactual
detection n = 18802 ; f: LUAD#31, tumor mutation detection n=82, artefactual detection n =
32530) and matching plasma samples after surgery (g: LUAD#18, tumor mutation detection
n = 55, artefactual detection n = 22737; h: LUAD#31, tumor mutation detection n = 27,
artefactual detection n = 14610). (i) Kernel-density-estimator (KDE) trained to discriminate
between tumor-derived (human aligned reads from a patient derived xenograft model, see
Methods, blue) and normal-derived (from control plasma samples, orange) cfDNA based on
the fragment size signature. The log difference between the tumor and normal density
functions (black solid line) was used as a score function that integrates the fragment size
shift signal across the entire fragment sizes distribution (80bp-600bp). (j) Pre-operative
cfDNA showed significant shift (two-sample t-test) in their tumor-specific mutation
detections in the patient plasma (red, n=563), compared to non-tumor (cross-patient)
detected mutations in the same samples (blue, n=4184). Violin plots depict kernel density
estimates of the density distribution. Center dashed lines represent the median and dashed
lines represent the interquartile range.
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Figure 1: Low cfDNA input material limits sensitive ctDNA mutation detection with deep
targeted sequencing, but can be overcome by genome-wide mutational integration.

(a) lustrative schematic showing that mutations captured by targeted panel deep
sequencing are only a small fraction of genome-wide somatic tumor mutations (upper
panel). The low input and random sampling nature of cfDNA collection by blood samples
results in higher probability for mutation capture by WGS than by targeted panels (lower
panel). (b-d) constitute a re-analysis of previously published datal8. (b) Histogram of
samples detected as a function of the maximum variant allele fraction (VAF) in stage IV
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(left) and stage | (right) cancer. Maximum VAF serves as an estimation of tumor fraction
(TF). Patient histogram (solid bars), empirical cumulative distribution (solid line) and
predicted “optimal-sensitivity” detection (dashed line, see Methods) are shown. Lower limit
of detection (red solid line) shows a residual of 44% of stage | patients that are not detected
by the deep targeted sequencing panel (10% for stage 1V). Most of these cancers are
predicted to have been detected if the VAF lower-limit-of-detection was 10-°. Re-analysis
across 64 stage | and 21 stage 1V patient samples across tumor types. (c) Plasma input
material (depth of coverage) correlates to the number of detected tumor mutations
(correlation and statistical significance calculated with a two-sided Pearson correlation.)
Upper panel: distribution (histogram) of unique genomic equivalents (GEs, unique coverage,
x-axis) across all patient samples (n = 194 patients, across different tumor types and disease
stages) sequenced with exhaustive deep sequencing (median 40,729X). A median of 6,000
(range 400-14,000) unique reads (GEs) was found in a median 4.2mL of plasma (range 1.6—
9.8). Lower panel: the average number of mutations detected per patient shows a positive
correlation with the number of unique GEs in the patient plasma, indicating that input
material is a potential limiting factor for mutation detection with deep targeted sequencing
(two-sided Pearson correlation). Dashed line shows regression line, shaded area represents
95% confidence interval. (d) Patient samples with higher number of unique GEs (coverage)
have higher probability for cancer detection by deep targeted sequencing (Pvalue = 7*1074,
two-sided Wilcoxon rank-sum test). Analysis includes all detected (n = 85) and non-detected
(n = 53) stage I/11 patients across tumor types. Boxplots represent median, bottom and upper
quartile; whiskers correspond to 1.5 x IQR. (€) Predicted probability (analytic derivation
from binomial distribution of Bernoulli trials, see Methods) of detecting at least one mutated
(SNV supporting) read as a function of the number of unique GEs (coverage) and the
fraction of ctDNA in cfDNA (tumor fraction, TF). Left: targeting only a single SNV (e.g.,
with digital droplet PCR), the probability for detection decreases rapidly with tumor fraction
(e.g., probability to detect at 107> with 5000 GEs is <0.05, red line). Middle: targeting 10
patient-specific mutations (e.g., LMbp panel for patient with 10/Mbp mutation load or a
typical exome-based patient specific panell’) shows low probability of detection in low TF
(e.g., probability to detect at 107> with 5000 GE is <0.4 , red line). Right: targeting 10,000
patient-specific mutations (e.g., whole genome sequencing for patient with >4/Mbp mutation
load) shows significant probability of detection in low tumor fraction even with modest
coverage (e.g., probability to detect at 107° is > 0.99 with 50X coverage, red line).
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Figure 2: Patient-specific genome-wide SNV integration provides ultra-sensitive ctDNA detection
and precision tumor fraction (TF) estimation.

(a) llustration of genome wide SNV integration for inference of plasma TF, and analytical
validation scheme. Patient-specific SNV mutations are detected from matched tumor and
peripheral blood mononuclear cells (PBMC) germline whole genome sequencing (WGS).
Tumor somatic SNVs are then used to calculate the genome-wide tumor signal in the
patient’s plasma sample. To test this approach, for each cancer, tumor and PBMC WGS
reads were mixed to generate a range of TFs (1073-0.2) in 35X coverage with multiple

Nat Med. Author manuscript; available in PMC 2021 May 10.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Zviran et al.

Page 46

replicates (n = 11, see Methods). Across eight patient samples with four different tumor
types (lung, melanoma, breast and osteosarcoma), we generated over 700 /n silico admixture
samples. Detection and filtering were applied on each patient sample to benchmark the
tumor fraction detection sensitivity and accuracy. (b) Patient-specific SNV signal-to-noise
quantification over a range of TFs (107°-0.2) compared to basal noise signal detected in
control (TF = 0) samples (left column), estimated using melanoma sample (Pat.01). Signal-
to-noise was estimated by calculating the log difference between the number of detections in
each plasma sample (TF > 0) and the mean number of detections in the controls (TF = 0).
Inset panel shows discrimination of tumor and control samples down to tumor fraction 107>
after utilizing machine-learning-based sequencing error suppression (red) vs. reduced
sensitivity with the raw unfiltered data (blue). For TFs > 0, n = 11 independent admixture
samples. For the control (TF = 0), n = 20 independently down-sampled PBMC replicates. (c)
Correlation between the number of base-pairs evaluated for SNVs and the number of
mismatches detected (artefactual detections), measured over all synthetic control plasma (no
tumor DNA, TF =0, n = 341) from eight patients and mutational compendia from four
tumor types (lung, breast, melanoma and osteosarcoma). Results show a constant error rate,
independent of tumor type, corresponding to previously published?140 [llumina sequencing
error-rate estimates (~1/1000 bps) (correlation and statistical significance calculated with a
two-sided Pearson correlation). (d-€) Tumor fraction (TF) inference using genome-wide
SNV integration for lung cancer (Pat.03) (d) and melanoma (Pat.01) (€) samples, shows
accurate TF estimation as low as 5*107° and 1072, respectively, discriminated from control
(TF =0) samples (left box-plot). High Pearson correlation (two-sided test) between the input
TF mixture (x-axis) and the SNV-based estimated TF prediction, confirms accurate
inference based on genome-wide mutational integration. For TFs > 0, n = 11 independent
admixture samples. For the control (TF = 0), n = 20 independently down-sampled PBMC
replicates. (f) The lower-limit-of-detection (LLOD) was empirically measured as a function
of the input mutational load and the WGS coverage showing that for high mutational loads
(~60,000 mutations) achieving sensitivity nearing 1078 is feasible. Analysis was done over
21,420 in silico admixtures, varying TF (1073-1075), coverage (10-120X), mutation load
(2,000-63,000), and across 20 replicates (random read downsampling) for each admixture.
Lower-limit-of-detection (LLOD) was defined by the lowest tumor fraction that show
significant Z-score separation from the control (TF = 0) cohort, for the same context
(mutation load and coverage depth, see Methods). Throughout the figure, boxplots represent
median, bottom and upper quartile; whiskers correspond to 1.5 x IQR.
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Figure 3: Patient-specific genome-wide CNA integration provides ultra-sensitive ctDNA
detection and precision tumor fraction (TF) estimation.

(a) llustration of the genome-wide copy number alteration (CNA) integration for the
inference of plasma tumor fraction (TF). Patient-specific CNA segments are detected from
matched tumor and germline WGS. Tumor CNA segments are then used to calculate the
genome-wide accumulated signal in the patient’s plasma sample. Amplification segments
(right panels, pink) in synthetic plasma with TF of 1% and 0.1% show sparse TF correlated
signal that can be integrated due to the positive read coverage bias. Deletion segments (left
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panel, blue) show similar sparse signal, which is negatively biased. Upper panel: normalized
coverage difference between plasma and control (TF = 0) across a 10Kbp region. Lower
panel: sum of coverage differences between plasma and control. (b) Utilizing patient-
specific CNA mixture model allows for the integrated CNA signal to be directly converted to
TF estimates in a breast cancer (Pat.05) in silico synthetic plasma sample, with accurate TF
estimation as low as 5*107°, discriminated from the control samples (TF = 0, left box-plot).
High Pearson correlation (two-sided test) between the input TF mixture (x-axis) and the
CNA-based estimated TF (y-axis) shows accurate inference based on CNA patterns. N = 20
for each TF > 0 sample, as well as the control (TF = 0) samples. (c) Utilizing the CNA
mixture model on copy-neutral regions of the same tumor genome (i.e., regions that do not
show differential read-coverage between tumor and germline WGS), do not show correlation
with TF (two-sided Pearson correlation). N = 20 for each TF > 0 sample, as well as the
control (TF = 0) samples. (d) CNA method lower-limit-of-detection (LLOD) was
empirically measured as a function of the CNA load showing high sensitivity (5X107°) for
tumors with copy number variation footprint of 1Gb or more.Upper panel: ctDNA detection
at various TF (107° - 5*10~1 and control (TF=0)) and CNA load (5Mb - 1050Mb) estimated
in a breast cancer (Pat.05) /n silico synthetic plasma samples. Detection is observed at
TF=5*10"3 at 5Mb and as low as TF=5*107° at 1Gb (Z score >= 1). Lower panel: Smoothed
histogram (kernel density estimate) of a representative cohort of WGS breast cancer
(BRCA) samples from TCGA (n = 95). Majority (97.9%) of the samples have CNA load
above 10Mb and 33.7% have CNA load above 1Gb, corresponding with ultra-high ctDNA
sensitivity. CNA method lower-limit-of-detection (LLOD) was empirically measured as a
function of the CNA load showing high sensitivity (5X107°) for tumors with copy number
variation footprint of 1Gb or more. Upper panel: ctDNA detection at various TF (107 -
5*10~1 and control (TF=0); 20 random admixtures each) and CNA load (5Mb - 1050Mb; 3
random subsampling each) estimated in a breast cancer (Pat.05) in silico synthetic plasma
samples. Throughout the figure, boxplots represent median, bottom and upper quartile;
whiskers correspond to 1.5 X IQR.
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Figure 4: Detection of ctDNA using M RDetect in Melanoma during immunother apy and colon
cancer post-oper atively.
(a) Error rate estimation in a cohort the test control plasma samples (n = 30) with and
without error suppression. Applying support vector machine (SVM) error suppression and
paired-end read concordance allow sequencing error reduction by a median 21 fold and
increase the uniformity between samples (2-fold decrease in coefficient of variation).
Boxplots represent median, bottom and upper quartile; whiskers correspond to 1.5 x IQR.
(b) Melanoma treatment response during immunotherapy (Nivolumab) is monitored by
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blood samples. Treatment monitoring by computed tomography (CT) shows response to
therapy but residual disease after 3 months of therapy (upper panel). MRDetect Z-scores
effectively track tumor responses, matching radiographic changes, in higher temporal
resolution than that feasible with imaging (middle panel). Ichor-CNA sensitivity captures
initial treatment response dynamics but does not detect residual disease after 3 months of
treatment. Z-score is calculated from a single plasma sample for each timepoint compared to
a panel of control samples (n = 30). (c) Hllustration of the colon cancer clinical cohort and
potential clinical utility for liquid biopsy residual disease detection post-operatively. Upon
surgical resection of tumor, the primary tumor is sequenced to define the tumor mutational
compendium. Pre-operative plasma is used to verify tumor mutational integration detection
in cfDNA and establish detection performance metrics. Post-operative plasma (median 6
weeks) is used to establish the presence of residual disease. (d) Colorectal cancer (CRC)
detection on pre-operative plasma samples (n = 19 patients), using SNV (red) and CNA
(gray) MRDetect methods. Z-score estimation (bar plots) was used to calculate mutation
signature detection in the patient plasma in comparison to detection in the control plasma
test cohort (n = 30). Z-score (> 4 and >1.3) was used for the SNV or CNA methods,
respectively, to define a positive tumor detection based on ROC optimization on each
method (€) Receiver operating curve (ROC) analysis on a combined detection model of SNV
and CNA mutational compendia. Pre-operative plasma samples (n = 19) were used as the
positive label, and the panel of control plasma samples against all patient mutational
compendia (n = 570, nineteen mutational compendia assessed across thirty control samples)
was used as the negative label. Two operational points (Z-score thresholds) are shown that
correspond with two different specificity regimes. (f) Detection of ctDNA post-operative (6
weeks after surgery) in plasma samples (n = 19) was performed using Z-score estimation in
comparison to the cohort of control plasma samples (n = 30). Patients with clinical
recurrence, are indicated by red dots. Post-operative ctDNA detection (lower panel) is
associated with early disease recurrence as shown in the pie chart. None of patients with the
non-detected post-operative ctDNA (upper panel) showed clinical recurrence after median
clinical follow-up of 15 (range 4-32) months. (g) Kaplan Meier disease free survival
analysis was done over all patients with detected (n = 7) and non-detected (n = 12) post-
operative ctDNA. Post-operative ctDNA detection shows association with shorter
recurrence-free survival (RFS) (two-sided log-rank test).
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Figure5: Detection of ctDNA using M RDetect in lung adenocarcinoma (L UAD) pre- and post-
operative.

(a) lustration of the LUAD clinical cohort and potential clinical utility for liquid biopsy
residual disease detection post-operatively. Upon surgical resection of tumor, the primary
tumor is sequenced to define the tumor mutational compendium. Pre-operative plasma is
used to verify tumor mutational integration detection in cfDNA and establish detection
performance metrics. Post-operative plasma (median 2.5 weeks) is used to establish the
presence of residual disease. Patients with detectable ctDNA in their post-operative plasma
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samples show higher probability for disease recurrence even when there is no other clinical
or imaging confirmation at that time. (b) Early stage lung adenocarcinoma (LUAD)
detection on pre-operative plasma samples (n = 36 patients), using SNV (red) and CNA
(gray) MRDetect methods. Z-score estimation (bar plots) was used to calculate the mutation
signature detection in the patient plasma in comparison to detection in the control plasma
test cohort (n = 30). Z-score was used for the SNV or CNA methods to define a positive
tumor detection, indicated by black dots. (c) Early stage lung adenocarcinoma (LUAD)
tumor fraction estimation per stage. All pre-operative plasma samples were considered for
tumor fraction estimation by MRDetect, non-detected samples were assigned a 0 value. Bar
plot represent the median TF value per stage, black line represents the confidence intervals
(igr) and the specific patient TF values are overlaid for the detected (blue dots) and non-
detected (red dots) patients. Estimated tumor fraction shows association with cancer stage,
with stage 111 samples showing the highest TF values. (d) Receiver operating curve (ROC)
analysis on a combined detection model of SNV and CNA mutational compendia. Pre-
operative plasma samples (n = 36) were used as the positive label, and the panel of control
plasma samples against all patient mutational compendia (n = 1,080, thirty-six mutational
compendia assessed across thirty control samples) was used as the negative label. Two
operational points (Z-score thresholds) are shown that correspond with two different
specificity regimes. (€) Detection of ctDNA post-operative (median 2.5 weeks after surgery)
in plasma samples (n = 22) was performed using Z-score estimation in comparison to the
cohort of control plasma test cohort (n = 30). Z-score was used for the SNV or CNA
methods to define a positive tumor detection, indicated by black dots. Patients with clinical
recurrence are indicated by red dots. Post-operative ctDNA detection (lower panel) is
associated with early disease recurrence, as shown in the pie chart. None of patients with the
non-detected ctDNA (upper panel) showed clinical recurrence after median clinical follow-
up of 18 (range 6-36) months. (f) Kaplan Meier disease free survival analysis was done over
all patients with detected (n = 10) and non-detected (n = 12) post-operative ctDNA. Post-
operative ctDNA detection shows association with shorter recurrence-free survival (RFS)
(two-sided log-rank test). (g) Fragments containing tumor mutations show fragment size
shift in comparison to non-tumor (cross-patient) mutations in the same patient plasma. The
fragment size shift was estimated on detected post-operative patients and non-detected post-
operative patients using a kernel-density-estimation method (see Methods). Patients that
showed ctDNA detection post-operative also exhibit significant shift (two-sample t-test) in
their tumor-specific mutation detections in the patient plasma (light red, n = 226), compared
to non-tumor (cross-patient) detected mutations on the same samples (light blue, n = 1603).
Patients that do not show ctDNA detection post-operative also do not exhibit significant
fragment size shift in tumor-specific mutation detections (dark red, n = 160) compared to
non-tumor (cross-patient) detected mutations on the same samples (dark blue, n = 2121).
Violin plots depict kernel density estimates of the density distribution. Center dashed lines
represent the median and dashed lines represent the interquartile range.
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