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Abstract

Shallow genome-wide cell-free DNA (cfDNA) sequencing holds great promise for non-invasive
cancer monitoring by providing reliable copy number alteration (CNA) and fragmentomic profiles.
Single nucleotide variations (SNVs) are, however, much harder to identify with low sequencing
depth due to sequencing errors. Here we present Nanopore Rolling Circle Amplification (RCA)-
enhanced Consensus Sequencing (NanoRCS), which leverages RCA and consensus calling
based on genome-wide long-read nanopore sequencing to enable simultaneous multimodal
tumor fraction estimation through SNVs, CNAs, and fragmentomics. Efficacy of NanoRCS is
tested on 18 cancer patient samples and seven healthy controls, demonstrating its ability to
reliably detect tumor fractions as low as 0.24%. In vitro experiments confirm that SNV
measurements are essential for detecting tumor fractions below 3%. NanoRCS provides the
opportunity for cost-effective and rapid processing, which aligns well with clinical needs,
particularly in settings where quick and accurate cancer monitoring is essential for personalized

treatment strategies.
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Introduction

A recent advancement in cancer diagnostics involves the analysis of short cell-free DNA
(cfDNA) molecules found in blood and various other bodily fluids (Wan et al. 2017). These
molecules are primarily released by cells undergoing apoptosis and necrosis (Diaz and Bardelli
2014). In cancer patients, a fraction of the cfDNA stems from the tumor (circulating tumor DNA,
ctDNA). Because these ctDNA molecules carry the genetic features of the tumor (Burnham et
al. 2018; McEwen et al. 2020; Husain et al. 2017; Nawroz et al. 1996; Stroun et al. 1987),
interrogating them offers exciting opportunities for minimally-invasive cancer screening, cancer
diagnosis, minimal residual disease (MRD) detection and monitoring of tumor progression
(Lustberg et al. 2018; Bronkhorst et al. 2019a; Wan et al. 2017; Corcoran and Chabner 2018;
Husain et al. 2022; Diaz and Bardelli 2014).

Levels of single or multiple somatic single nucleotide variations (SNVs) can be
determined through digital droplet polymerase chain reaction (ddPCR) or targeted sequencing
(panels), (Lustberg et al. 2018; Bronkhorst et al. 2019a; Wan et al. 2017; Corcoran and Chabner
2018; Husain et al. 2022; Diaz and Bardelli 2014). However, tumor detection from small sample
volumes (~10 ml), such as a single vial of blood, remains challenging due to a combination of
factors. For instance, the amount of genetic material is very limited (~25ng), corresponding to
about 8000 haploid genomes (Chen et al. 2021; Alborelli et al. 2019). At the same time, the
genetic material derived from tumor cells is only a small fraction of this, resulting in extremely
low levels of mutated alleles at the targeted positions. Consequently, sequencing artifacts and
real mutations may be observed at similar frequencies (Bettegowda et al. 2014; Phallen et al.
2017; Cristiano et al. 2019; Zviran et al. 2020). Finally, subclonal expansions of hematopoietic
cells are known to contribute to false positive detection of tumor driver mutations and the

presence of cancer (Hu et al. 2018; Razavi et al. 2019).
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It has been proposed that genome-wide sequencing of cfDNA is a way to circumvent
these limitations (Zviran et al. 2020). By looking at the mutations through genome-wide
‘breadth’, the limited number of genome equivalents becomes less restrictive, enabling the
identification of tumor fractions (TFs) ~100 times lower compared to targeted ‘depth’ in SNV
analysis (Zviran et al. 2020). Genome-wide cfDNA can also reveal tumor-specific copy number
alterations (CNAs), which occur in more than 90% of solid tumors (Hoadley et al. 2018; Steele
et al. 2022; Martinez-Jiménez et al. 2023; Hieronymus et al. 2018). In addition to traditional
genomic mutation features, genome-wide cfDNA sequencing also enables the detection of so-
called fragmentomics features, such as fragment length and end-motifs (Lo et al. 2021; van der
Pol and Mouliere 2019; Liu 2021). Simultaneously evaluating mutational and fragmentomic
features in genome-wide cfDNA through a multi-modal approach maximizes the capacity to
detect ctDNA (Peneder et al. 2021; Moldovan et al. 2023).

A number of sequencing platforms are used for genome-wide cfDNA sequencing,
including Illumina sequencing, Oxford Nanopore Technologies (hanopore) sequencing and
PacBio sequencing (Lau et al. 2023; Choy et al. 2022; Cristiano et al. 2019), with Illumina
sequencing being the predominant platform owing to its low cost per base sequenced. However,
both Illlumina and PacBio sequencing typically require substantial initial investments, which may
be prohibitive for smaller hospitals and clinical centers in large parts of the world. Moreover,
cost-effectiveness is only achieved if samples are processed in large batches, resulting in
prolonged turn-around times as long as several weeks, which is often incompatible with clinical
timelines. In contrast, nanopore sequencing offers low-cost, portable, and non-batched
sequencing and is therefore increasingly utilized for cfDNA sequencing (van der Pol et al. 2023;
Lau et al. 2023; Marcozzi et al. 2021). The main challenge for implementing nanopore
sequencing for the purpose of ctDNA sequencing is the relatively high single-nucleotide error
rate (Marcozzi et al. 2021). Multiple strategies were proposed to lower the error rate through

repetitive sequencing of the same original molecules (Li et al. 2016; Volden et al. 2018;
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Acevedo et al. 2014; Wilson et al. 2019; Deng et al. 2023; Marcozzi et al. 2021,
Thirunavukarasu et al. 2021). While SNVs are clearly an important asset in ctDNA analysis, no
approach has been successfully implemented to sequence genome-wide SNVs in cfDNA using
nanopores.

Here we present genome-wide Nanopore Rolling Circle Amplification (RCA)-enhanced
Consensus Sequencing (NanoRCS), a high-accuracy, PCR-free, genome-wide cfDNA
sequencing method based on a combination of rolling circle amplification and consensus calling
of long-read nanopore sequences. The concatemeric RCA products ensure physical linkage of
copies of the same original template, allowing for single-molecule resolution. In the current
study, we aim to identify whether NanoRCS allows detection of tumor-specific SNVs and CNAs,
as well as fragmentomic features in cfDNA. This proof of concept study spans three cancer
types: common CNA-driven esophageal adenocarcinomas, rare SNV-driven granulosa cell-
tumors and ovarian cancer with different subtypes (The Cancer Genome Atlas Research
Network 2017; Nones et al. 2014; Roze et al. 2020; Smith et al. 2023; Frankell et al. 2019;

2011).

Results

Multimodal genome-wide cfDNA sequencing with NanoRCS

We designed NanoRCS to improve the accuracy of nanopore cfDNA sequencing. First, 5 ng of
cfDNA molecules are circularized with a specifically designed flexible DNA backbone (Fig. 1A).
The circularized DNA molecules serve as a template to create long concatemers by RCA, which
are subsequently sequenced on a nanopore device (Fig. 1B). A high-quality consensus
sequence of the cfDNA is finally generated from the concatemers using a consensus algorithm

to reduce the sequencing errors (Fig. 1C). A true mutation will be present in all repeats,

whereas sporadic sequencing artifacts are reduced by the consensus of multiple (=3) repeats.
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NanoRCS offers a precise, multimodal nanopore sequencing-based strategy for cfDNA
sequencing through the accurate identification of tumor-informed SNVs along with CNAs and
fragmentation length patterns in cfDNA (Fig. 1D).

We performed NanoRCS on cfDNA from plasma of seven healthy controls (HCs), five
patients with metastatic esophageal adenocarcinoma (EAC), and two patients with recurrent
adult-type granulosa cell tumor of the ovary (GCT) (including a time-series of one GCT patient),
and on cfDNA from ascites of seven patients with ovarian cancer (OVCA) (Fig. 1E;
Supplemental Table S1). NanoRCS libraries of cfDNA were sequenced on nanopore MinlON
and/or PromethlON systems. To allow comparison with Illumina sequencing, shallow whole
genome sequencing with NovaSeq was performed in parallel on all tumor cfDNA samples and
three of the HC samples for which enough cfDNA was available.

A median of 1,570,181 (range 526,943- 4,860,826) and 16,620,361 (range 1,403,031-
26,816,916) raw reads were obtained on MinlON and PromethlON, respectively. Reads with =3
repeats were used for consensus calling. After deduplication, 51% (range 6%-71%) of raw
reads contributed to unique consensus reads on MiInlON, resulting in a median of 869,287
(range 114,105-1,291,239) unique consensus reads. On PromethlON, 35% (range 5%-—71%) of
raw reads contributed to 4,865,792 (range 896,261-8,905,143) unique consensus reads. Each
consensus read contained a median of 6 subreads (Supplemental Table S1; Supplemental Fig.
S1D,E). Library complexity calculations indicated that further sequencing could have yielded
additional useful data for the majority of the samples sequenced on MinlON (Supplemental Fig.
S1B,C; Supplemental Methods), which can be achieved by sequencing on PromethION, or

running multiple MinlON flow-cells in parallel.

Low SNV error rate with NanoRCS allows SNV-based tumor detection

The main shortcoming of native nanopore-based cfDNA sequencing is the difficulty to

accurately detect SNVs. We evaluated if NanoRCS lowered the SNV error rate sufficiently to
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allow accurate somatic SNV detection in cfDNA. In reads obtained from the HC samples that do
not overlap with any germline variants, the error rate of non-consensus-called nanopore reads
was 0.00674 (Q21; Fig. 2A). The consensus calling approach of NanoRCS lowered this error
rate ~9.4 times to 0.00072 (Q31; Fig. 2A). This error rate was lower than the error rate of
lllumina NovaSeq after error correction in overlapping regions of paired-end reads (0.00108;
Q30; Fig. 2A). Notably, the NanoRCS error profile was very uniform across the genome,
whereas the GC-rich chromosome 19 was clearly enriched for sequencing errors in NovaSeq
(Supplemental Fig. S2A) (Harris et al. 2020).

Next, we performed tumor-informed somatic SNV detection in five cfDNA samples where
tumor biopsy sequencing is available (Supplemental Table S2). Tumor-informed somatic SNV
detection in cfDNA samples involves counting mutant alleles versus wild-type alleles in the
cfDNA molecules that overlap with mutations observed in the tumor biopsy. The mutation
fraction was subsequently calculated and compared between each tumor cfDNA sample and
HC background levels. In total, between 10 and 582 somatic SNVs were detected in each of the
five tumor samples (Fig. 2E; Supplemental Fig. S2C-L). False positive SNV calls in HC samples
were very low for OVCAOQL, GCTO01, GCT02, at only 0-3 observations per sample, while in EAC
samples a higher background of between 0-18 false positive SNV calls was observed (Fig. 2E;
Supplemental Fig. S2C-L). In EAC samples, somatic SNVs were determined by sequencing
FFPE tumor biopsies, which is known to cause false positive somatic SNV calls (Robbe et al.
2018; Do and Dobrovic 2015). This implies that the majority of the false positive calls in EAC
cfDNA may have been, in fact, false positive calls in the tumor biopsies instead of cfDNA.
Regardless, mutant alleles were significantly higher in all patients versus HCs (Fisher's exact
test, p-value <1.1x10™"), confirming that NanoRCS can capture tumor-informed somatic SNVs

in cfDNA confidently.
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Real-time cfDNA sequencing and SNV-based tumor fraction inferences

Nanopore sequencing uniquely offers real-time sequencing, where results can be analyzed
while sequencing. To demonstrate how this can be leveraged, we determined the minimum
sequencing time required for finding mutant alleles in tumor samples. Within 20-110 minutes of
sequencing, mutant read counts exceeded the healthy control background levels in all 5
samples (Fig. 2D). For samples with TFs lower than 0.1, however, simulations showed that a
longer sequencing time may be required (Supplemental Fig. S3; Supplemental Methods).

To reliably estimate the TF from SNV data, we developed a Monte Carlo simulation
approach. The simulations incorporate the observed number of tumor-informed SNVs, the VAF
of each SNV in the tumor and the sequencing error rate to estimate the most probable TF (Fig.
2B; Methods: ‘Tumor fraction estimation from somatic SNV detection’). Using this approach, we
found that TFs of the patient samples were between 0.16 and 0.69 (Fig. 2F; Supplemental
Table S3), which was more than 40x higher than healthy controls (~0.004; Fig. 2F). The SNV-
based TFs observed through NanoRCS and NovaSeq were highly correlated (R* =0.96; Fig.
2C), confirming that the SNV error rate is sufficient to estimate ctDNA fraction in liquid biopsies

reliably.

CNA-based tumor detection using NanoRCS

CNAs represent another important feature of the tumor that is reflected in the ctDNA. Using
ichorCNA, a tool optimized for CNA analysis on ultra-low-pass genome-wide sequencing data
(Adalsteinsson et al. 2017), CNAs were observed in 13 out of 14 patient cfDNA samples (Fig.
3A,B; Supplemental Fig. S4A). Five out of seven OVCA ascites samples showed numerous
copy number gains indicative of whole-genome amplifications, which fits with the high-grade
serous ovarian cancer subtype of most of these samples (Fig. 3A; Supplemental Table S2)
(Cheng et al. 2022; Bielski et al. 2018; Yang et al. 2022). EAC samples exhibited numerous

copy number gains and losses (Fig. 3A), in line with the fact that this cancer is typically driven
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by CNAs (Nones et al. 2014; Frankell et al. 2019; The Cancer Genome Atlas Research Network
2017), while SNV-driven GCT (Roze et al. 2020) patients displayed fewer CNA regions (Fig. 3A).
In sample EAC04 we did not observe a clear CNA profile in the cfDNA. This could be due to a
low TF or absence of CNAs in this sample. CNA profiles from NanoRCS and NovaSeq cfDNA
(Supplemental Fig. S4A) were highly correlated for most samples (Pearson’s correlation = 0.715;
Supplemental Fig. S4B), confirming that NanoRCS can capture CNA profiles in cfDNA reliably.

The cfDNA-derived CNA profiles were compared to the CNA profiles obtained from the
tumor biopsy samples, if available. For four out of five samples, CNA patterns were similar (Fig.
3B; Supplemental Fig. S4C-F). The more dissimilar sample, GCT02, showed additional CNAs in
cfDNA compared to the sequenced tumor tissue biopsy (Supplemental Fig. S4D), suggesting
ongoing tumor evolution. CNA profiles obtained through NanoRCS were concordant with those
obtained with NovaSeq sequencing for this patient.

For samples with at least one CNA, ichorCNA allows direct estimation of the TF, with
inferred TFs above 0.03 considered to be reliable (Adalsteinsson et al. 2017). In 13/14 patient
samples, we reliably detected TFs from the cfDNA-derived CNA profile. While HCs had a
median TF of 0.016 (range 0.003-0.032), TFs of cancer samples ranged between 0.026 and
0.73 (median = 0.31), with OVCA ascites samples generally displaying high tumor fractions
(median = 0.43) compared to plasma samples (median: 0.10; Fig. 3A; Supplemental Table S3).
The CNA-derived TF of EAC04 was too low (0.026) to be detected reliably with NanoRCS.
However, we detect a TF of 0.034 in the same sample using NovaSeq, suggesting that this
sample does have a detectable TF (Fig. 3A; Supplemental Fig. S3A). The CNA-based TFs
observed through NanoRCS and NovaSeq were highly correlated (R?> = 0.98; Fig. 3C),
confirming that NanoRCS combined with ichorCNA can correctly identify TFs through CNA
analysis.

To examine if the CNAs in cfDNA samples corresponded to known driver CNAs, the

copy number of frequently amplified and deleted genes in tumors was determined in the cfDNA
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(Fig. 3D; Supplemental Fig. S5). All patients with EAC in this study have ERBB2-negative
tumors, matching with the observation that ERBB2 was copy number neutral (Supplemental
Table S2). In the other 10 commonly amplified and 4 commonly deleted genes in EAC,
concordant CNAs were observed in 7/10 and 2/4 genes, respectively. (Fig. 3D). We performed
similar analyses for CNA driver genes in OVCA and GCT and found that 12/15 and 5/8 of the
genes, respectively, that are frequently hit by copy number changes in these solid tumors
showed similar patterns in the cfDNA data (Supplemental Fig. S5). The observation of gain and
losses of genes through cfDNA could be useful for detecting driver CNA events, especially in

EAC where there are often no SNV-drivers.

Fragmentomics-based tumor detection using NanoRCS

cfDNA has a fragment length mode at ~167 bp and at ~332 bp, corresponding to single or di-
nucleosomal DNA (Bronkhorst et al. 2019b; Yu et al. 2021), while ctDNA fragments are slightly
shorter and exhibit a prominent ~10bp periodicity (Mouliere et al. 2018; Udomruk et al. 2021). In
line with this, NanoRCS-derived fragmentation patterns for the GCT and EAC plasma samples
consistently showed ~4-5bp shortening of the first peak (Fig. 4A; Supplemental Table S4). The
OVCA ascites samples displayed variable patterns, typically with a distinct 10bp periodicity (Fig.
4A). This might reflect differences in release mechanisms or removal of cfDNA specific to the
abdominal environment compared to the bloodstream. Notably, previous work (Werner et al.
2021) found more concordant fragmentation patterns between ascites and blood, indicating that
further investigation into the relation between the biofluid and fragmentation patterns is required.

To estimate TF from fragmentation patterns, we normalized the cfDNA length distribution
within the 30-220 bp range and fitted it to a two-component Non-negative Matrix Factorization
(NMF) model derived previously (Fig. 4B-D) (Renaud et al. 2022; Lee and Seung 1999). The
contribution of signature 2 served as an estimator for TF (Fig. 4B,C; Supplemental Figs. S6-7).

The seven HC samples showed a fragment length-derived TF of O - 0.152, whereas the patient
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samples exhibited contributions ranging from 0.197 to 1.00 (Fig. 4B; Supplemental Table 2).
The correlation of NanoRCS-derived and NovaSeg-derived TF was modest (R?=0.34; Fig. 4D).
Taken together, this indicates that, while the fragmentomics-based TF measure may not be very
precise, the fragmentatomics-based TF measure can distinguish tumor samples from HCs.

To verify if the length differences between HC and tumor samples found in NanoRCS
reflect true differences or bias from the sequencing, we employed an orthogonal measurement,
AFM imaging, which measures DNA length with ~3bp resolution through direct visualization of
DNA on a flat surface (Mouliere et al. 2014; Binnig et al. 1986). Between 19,274-107,424
molecules per condition were computationally analyzed (Fig. 4E,F; Supplemental Fig. S8).
Consistent with the sequencing results, AFM detects shorter DNA fragment lengths for the
tumor samples compared to the healthy controls (Fig. 4; Supplemental Fig. 8K,L). Comparison
of AFM imaging derived cfDNA length profiles to the length profiles obtained by NanoRCS and
NovaSeq suggested that sequencing methods enrich for fragment lengths above 200bp, while
the AFM method was better at detecting shorter fragments <150bp (Fig. 4F). NanoRCS was
able to capture the second (~330bp) and third (~500bp) peak in the fragment length distribution
more clearly than NovaSeq and AFM. This analysis reveals that while the precise
measurements of peak lengths in cfDNA and the proportion of longer to shorter sequences
differ based on the method applied, there is a consistent trend of shorter cfDNA fragments in

cancer samples as opposed to healthy ones (Fig. 4F).

Detecting low tumor fractions using multi-modal NanoRCS

By combining multi-modal cfDNA signals, NanoRCS detects disease in all tumor samples and
not in healthy samples (Supplemental Fig. S9; Supplemental Table S2). To determine the limit
of detection, admixture ratios of OVCAOL1 and HC02 (0.5-10% OVCAO01; corresponding to TFs
of 0.004-0.071; Fig. 5A-D) were sequenced using NanoRCS. TF estimates from fragment length

and CNA indicated that TFs down to 0.071 could be detected (Fig. 5B-D), with the CNA profile

10
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at TF=0.071 still consistent with the original OVCAO1l sample. However, at TFs <0.03 the
ichorCNA profile started to deviate from the CNA profile observed in sample OVCAOL,
confirming that these CNAs at low TFs were unreliable (Fig. 5B,D). Notably, through SNV
analysis, the presence of ctDNA was confirmed in all admixtures, including the lowest TF of
0.004 (>80-fold above the HC background levels). The admixture experiment suggests that
genome-wide tumor-informed SNV analysis allows detection of the lowest TFs, which is
required for proper MRD detection (Fig. 5A,D).

To further deduce the lowest limit of detection, 300 million in silico Nanopore and
NanoRCS MinlON and PromethlON cfDNA sequencing runs were simulated for 50 EAC and
100 OVCA patients while taking into account a realistic sequencing throughput and error rate
(Supplemental Fig. S10). We then identified the lowest TF detectable for each simulated patient.
Comparing PromethlON to MinlON and raw to consensus-called NanoRCS clearly showed that
both a lower error rate and a higher throughput could further improve MRD detection (Fig. 5E;
Supplemental Fig. S10D). We also observed that higher variant allele frequencies and higher
variant counts in samples contributed to improved detection of lower TFs within a cancer type
(Supplemental Fig. S10). More than 95% of the samples could be distinguished above
background at a TF of 0.0024 (range 0.0020-0.0052) in esophagus cancer samples and TFs of
0.0043 (range 0.0024-0.0281) in ovarian cancer samples (Fig. 5E).

To further demonstrate the utility of NanoRCS in MRD, we retrospectively applied
NanoRCS to cfDNA sampled at five time points of patient GCTO02 (Fig. 6A; Supplemental Table
S2). GCT02 was diagnosed with GCT 17 years prior to whole genome sequencing of the tumor
tissue, and the disease became progressive with unresectable metastases 11 years later.
Around the time of cfDNA time series measurements (indicated as day 0 to day 602), the patient
had multiple chemotherapy treatments and surgeries, which led to a temporary stable disease
(day 518, 595). The patient, however, relapsed shortly after and died on day 760. For this

patient, ddPCR-based assessments of FOXL2 mutation were performed at eleven time points
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(Groeneweg et al. 2021). Using NanoRCS, TF estimates obtained from all three modalities
closely matched the TF values derived from ddPCR at the initial time points (day 237, 309). At
later time points (day 525, 546, 567) when the patient had stable disease, however, the TF
became very low with SNV measurements (both ddPCR and NanoRCS), while the presence of
tumor-derived cfDNA increased drastically and became evidently high with CNA and
fragmentomics analysis. cfDNA-based CNA analysis revealed the emergence of a distinct CNA
profile with different gains and losses after day 497, suggesting that a new subclone became
predominant (Supplemental Fig. S11). The increased CNA and fragmentomics inferred TFs at
late time points corresponded to the patient disease progression at day 720 and death at day
760. This experiment demonstrates that simultaneous evaluation of SNV, CNA and
fragmentomics features in genome-wide NanoRCS enables the most efficient detection of

cancer in cfDNA.

Discussion

We introduce NanoRCS, a rapid, highly accurate, nanopore-based sequencing technology
capable of attaining genome-wide cfDNA profiles in a single sequencing run. As shown
previously, genome-wide tumor-informed SNV detection in cfDNA can alleviate the limitations
associated with detecting one or a few mutation targets in sample volumes with a limited
number of genome equivalents present (Zviran et al. 2020). In addition to SNVs, NanoRCS can
simultaneously analyze CNAs and fragmentation patterns in cfDNA. We also show that the
technique is compatible with different biofluids. As a result, NanoRCS offers a comprehensive
and accurate representation of all subclones present in a tumor, improving the ability to detect

tumor presence, monitor tumor progression and identify treatment resistance.
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The complementarity of cfDNA modalities is exemplified by our patient time-series
analysis and dilution experiments. The TF became (undetectably) low through SNV analyses,
while the CNA and fragmentomics modalities provided clear and early evidence for the
emergence of a new tumor clone. A distinct CNA profile in late time points suggests ongoing
tumor evolution, which may go unnoticed when considering single driver events through ddPCR.
On the other hand, the admixture experiments showed that only SNV analysis is suitable for
detecting tumor fractions below 3% and the SNV-modality was most consistent, whereas there
was more variability in CNA and fragmentomics analyses. As both tumor evolution and multi-
clonality are known to occur frequently in tumors (Roerink et al. 2018), we envision that
capturing multi-modal signals in cfDNA will provide the most complete picture.

Lowering the sequencing error rate is especially crucial for cfDNA sequencing because
real mutations can occur at a similar frequency as sequencing artifacts, making true variants
impossible to detect. There is a continued effort by multiple sequencing vendors to lower the
single molecule error rate to Q40 and beyond. Nevertheless, for uninformed SNV analysis in
liquid biopsies, a Q70 or higher will be required to detect TFs > 1% in a cfDNA sample with
cancer (Extended Methods). NanoRCS improved the error rate of Nanopore-based sequencing
to the equivalent of lllumina NovaSeq with paired-end error correction, PacBio HiFi reads, and
Avidity sequencing (Stoler and Nekrutenko 2021; Arslan et al. 2023; Hon et al. 2020). In
addition to NanoRCS, other avenues to lowering sequencing errors are being explored for
various platforms. Most notably, amplification with unique read identifiers (UMI) has been
demonstrated for both NovaSeq and Nanopore (Karst et al. 2021; Kivioja et al. 2011) as a
potent way of producing very high single-molecule accuracies. However, UMI-based methods
suffer from clustered amplification errors (Lou et al. 2013). In contrast, NanoRCS is PCR-free
and relies on RCA where consensus calls are made from connected copies of the original

template, preventing amplification of errors introduced by PCR.
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Notwithstanding the importance of lowering the sequencing error rate, our simulations on
the efficacy of the SNV modality for tumor presence detection demonstrate that there is a clear
trade-off between coverage and error-rate. We conclude that not only low error rate is essential,
but a reasonable throughput (e.g. 0.71x at Q31) is also required to capture sufficient mutated
bases in low tumor fraction samples. This is particularly important for patients with early-stage
cancer and for samples and tumor types with low tumor mutational burden. In theory, NanoRCS
lowers throughput capacity by sequencing the same molecule in a single RCA product multiple
time. However, a recent report of sequencing native cfDNA with MinlON of which 5ng of input
cfDNA resulted in only 3 million reads (~0.15-0.20x) after demultiplexing (Lau et al. 2023),
suggesting that the numbers of unique read NanoRCS provides are not lower than native cfDNA
sequencing on Nanopore.

An exciting aspect of the nanopore platform is to deliver real-time sequencing results
(Vermeulen et al. 2023; Weilguny et al. 2023). Indeed, it is possible to detect ctDNA for high
tumor fraction samples based on only 20 minutes of sequencing on a PromethlON system using
NanoRCS. Moreover, the nanopore platform has experienced continuous improvements in
recent years, majorly increased throughput and substantially reduced error rates (Delahaye and
Nicolas 2021). These improvements are likely to continue in the coming years, which also
directly benefits throughput and error rates of NanoRCS. It should be noted that, although
NanoRCS enables more accurate SNV detection in cfDNA, native Nanopore sequencing has
the advantage of incorporating methylation as an additional modality that can be captured
(Simpson et al. 2017; Lau et al. 2023). Future improvements of NanoRCS include
encompassing even more modalities, such as additional fragmentomic features, to further
increase comprehensiveness.

NanoRCS requires low setup costs, thereby lending itself for quick introduction into the
clinic and adoption in resource limited parts of the world. To successfully bring NanoRCS into

clinical practice, large multi-center clinical studies with patients with various cancer types across
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different tumor stages are required. These studies are crucial for validating the efficacy and
reliability of NanoRCS across diverse oncological contexts such as early diagnosis, monitoring
treatment response, and detecting minimal residual disease. In addition to robust clinical
validation, securing CE marking and obtaining FDA, and in vitro diagnostic (IVD) medical
devices regulatory approvals will ensure that NanoRCS meets international standards for safety
and efficacy. Within Europe, CLIA-certified laboratories and clinics also have the option to use
research-only kits for clinical purposes after completing a rigorous internal validation process,
bridging the gap between research and practical application. This regulatory flexibility allows for
accelerated introduction of cutting-edge technologies like NanoRCS into routine clinical

workflows, ultimately enabling patients to benefit from this innovative technology much sooner.

Methods

Tumor tissue sample collection and cellular DNA sequencing

Tumor DNA of EAC samples was extracted from formalin-fixed paraffin-embedded (FFPE)
slides of tumor tissue. Data of whole genome sequencing (WGS) of tumor DNA extracted from
fresh frozen tissue in GCT and OVCA samples were obtained from previously published studies
of matched patients (Kopper et al. 2019; de Witte et al. 2020). The use of these human
specimens for research purposes was approved by the Medical Ethics Committee of the UMC
Utrecht (14-472 HUB-OVI, 17-868 and 20/055) and by the Medical Ethics Committee of the
Amsterdam UMC (METC 2013 241), respectively. All participants provided written informed
consent. A detailed description of sample collection and WGS can be found in Supplemental

Methods.
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Somatic variant analysis in cellular DNA sequencing of tumor tissue

WGS data of tumor biopsies and matched germline samples was mapped to the human
reference genome (hs37d5). The WGS data underwent preprocessing steps using the Sarek
(Hanssen et al. 2023) nf-core (Ewels et al. 2020) NextFlow pipeline (nf-core/sarek v3.1.2),
adhering to the recommended GATK (Van der Auwera and O’Connor 2020) best practices.
Default options were activated, including: adapter trimming (fastp 0.23.2) (Chen 2023),
alignment (BWA-MEM, v0.7.17-r1188), MarkDuplicates (GATK4, v4.3.0.0), and Base quality
score recalibration (GATK4, v4.3.0.0). Variant calling was performed subsequently by Strelka
(v2.9.10) (Saunders et al. 2012) and Mutect2 (GATK4, v4.3.0.0) by providing paired tumor and
normal samples. Single-base somatic variants on autosomal chromosomes with a Strelka filter
‘PASS’ that intersect with Mutect2 results are selected. Subsequently, variants with filter labels:
“germline” and “panel of normal” were removed to remove potential false positive calls. For EAC
samples, an extra step of selecting ‘PASS’ variants in Mutect2 was performed to reduce the
amount of false positive calls. With these filtering criteria, a list of tumor-informed somatic SNV
was recorded as a VCF file. These VCFs were used in the following Methods section: “Tumor-

informed SNVs detection in NanoRCS'.

cfDNA isolation from plasma and ascites

Plasma and ascites were collected and stored fresh frozen in -80 for cfDNA extraction (See
Supplemental Methods for detailed information). cfDNA was isolated from 5 ml plasma or 5 ml
ascites using the Quick-cfDNA Serum & Plasma Kit centrifugation protocol (Zymo Research) for
HC, OVCA, GCT samples, and QlAamp Circulating Nucleic Acid Kit (Qiagen) for EAC samples,
and then stored in MilliQ at -80°C. DNA concentration was determined by the High Sensitivity

Assay Kit (Thermo Fisher Scientific) using a Qubit fluorometer. Between 5 and 25 ng of cell-free
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DNA was obtained from the human specimens. These cfDNA are used for downstream

NanoRCS and lllumina NovaSeq sequencing.

NanoRCS library preparation of cfDNA

NanoRCS is developed in order to generate RCA-derived concatemers of linear and circular
cfDNA for subsequent nanopore sequencing. While circular cfDNA can serve as an RCA
substrate as it is, the linear cfDNA needs to be circularized. The circularization reaction used in
this study is mediated by a proprietary DNA linker called backbone. Several variations of the
NanoRCS were used during this study. Different circularization conditions were evaluated. In
particular, we have tested the effect of 1) different amounts of cfDNA input, 2) different
backbone sequences, 3) de-phosphorylation of the cfDNA before the circularization reaction, 4)
circularization using backbones and cfDNA with blunt- or tailed- ends, 5) post-circularization
digestion of backbone-backbone concatemers. Each method eventually yielded similar
concatemeric DNA as a product, and we did not find any noticeable difference in the consensus
reads generated using the different protocols. Detailed steps and variations of the protocols can

be found in the Supplemental Methods.

NanoRCS sequencing and consensus base calling

Prepared sequencing runs are submitted for standard nanopore sequencing with MinlON or
PromethION for 72 hours. Sequencing is done via the MinKNOW interface using the SUP base
caller model. Multiple FASTQ files are derived from each nanopore run. Data is then processed
via CyclomicsSeq bioinformatics pipeline automated with NextFlow workflow language to
generate consensus sequences. In short, nanopore reads are aligned to the human reference
genome (hg37d5) with minimap2 (Li 2018). A consensus algorithm takes aligned BAM reads
and constructs consensus alignment sequences based on a majority vote for each position, per

read. Consensus base quality is calculated by aggregating the quality score for all reads
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contributing to the final consensus. The remaining backbone sequences are subsequently
trimmed from both 3’ and 5’ ends. Reads mapped to the same genomic coordinates with + 1bp
are merged. We opted for hg37d5 in our analyses, as ichorCNA is most optimal for this genome
version. Nevertheless, NanoRCS is also compatible with newer genome versions and we do not

expect that the results will significantly change with a newer version.

NovaSeq cfDNA library preparation, sequencing and base calling

lllumina sequencing libraries are prepared by incorporating 1-10 ng of cfDNA with the
ThruPLEX® Plasma-seq Kit by Takara Bio, following the guidelines provided by the
manufacturer. The quality of these libraries was assessed using the Agilent 4200 TapeStation
System, employing the D1000 ScreenTape Analysis assay from Agilent for precise evaluation.
Following quality control, the libraries were pooled in equal molar concentrations and
sequenced. Two sequencing runs were performed on an lllumina NovaSeq 6000 system,
utilizing 150bp paired-end runs and S4 flow-cells.

lllumina sequencing output is mapped to the human reference genome (hs37d5). Briefly,
FASTQ reads are trimmed with BBDuk (v38.79) (Bushnell, 2024) before mapping with bwa-
mem (v0.7.17). Duplicates in BAM files are removed with Picard MarkDuplicates (Picard v2.22.2,
http://broadinstitute.github.io/picard). BAM files are filtered to remove PCR duplicates, non-

primary alignments, and reads with a mapping quality of less than five.

cfDNA SNV detection error rate

SNV detection error rate was established by sequencing cell-free DNA of HCs with known
genome references. The germline variants of HCs were identified with haplotypecaller (GATK4,
v4.3.0.0). Two different sequencing methods were processed in four manners and the error rate
was compared: raw NanoRCS, consensus NanoRCS, lllumina NovaSeq, and Illumina NovaSeq

with paired-end correction. For raw NanoRCS, BAM files are obtained by mapping the nanopore
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FASTQ files obtained with the NanoRCS wet-lab protocol to the human reference genome
(hs37d5) with minimap2, settings “-ax map-ont -m 1 -n 10 -s 20" and subsequently keeping the
first alignment of each Nanopore FASTQ read. Illumina NovaSeq and NanoRCS alignment BAM
files preprocessing steps were as described in the sections above. Subsequently, all alignment
BAM files are filtered to include only primary alignment reads with a mapping quality of at least
60, then overlapped with the germline variants of HCs with BEDTools intersect (Quinlan and
Hall 2010). Reads overlapping with a germline variant are removed from the analyses. The
remaining reads are supposed to be exactly the same as the reference genome for all samples.
The edit distance of each read to the reference is defined as sequencing errors. We randomly
subsample 400,000 non-overlapping reads and calculate error rates in all reads. The error rate

is calculated by the mismatches excluding indels divided by mapped read length.

Tumor-informed SNVs detection in NanoRCS

VCF files from germline and somatic variant analysis in tumor biopsies with matched germline
samples are acquired as described in Methods section ‘Somatic variant analysis in cellular DNA
sequencing of tumor tissue.” These somatic variants specific to the tumors serve as the markers
in tumor-informed SNV detection. All mapped reads in the BAM files that overlap with these
SNV positions are recorded. The allele overlapping with tumor-informed SNV is noted,
reference allele, mutant allele, or erroneous allele (an alternative allele that was not the mutant
allele in tumor VCF. Reads overlapping with these identified variants are annotated with a
timestamp of sequencing for NanoRCS. For each time period, The number and ratio of mutant
alleles and/versus the reference allele are recorded. The number of mutants, reference, and

erroneous alleles is recorded for tumor fraction estimation for NanoRCS and Illumina NovaSeq.
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Tumor fraction estimation from somatic SNV detection

To estimate tumor fraction from cell-free DNA mixtures, we employed a Monte Carlo simulation
approach. Cell-free DNA mixtures are composed of fragments from both healthy cells and tumor
cells. Because of the probabilistic nature of observing a mutant (MUT) or reference (REF) allele
in tumor-derived cfDNA. each variant position from tumor-derived cfDNA has a probability p of
being observed (adjusted for tumor purity Variant Allele Frequency, VAF); for example, if the
tumor purity is 60% and the VAF is 50%, then there is a 30% probability of observing that
particular MUT allele. Conversely, there is a 1-p probability of observing a REF allele. For
healthy-cell-derived cfDNA, the probability of observing a MUT allele is 0. To derive the possible
outcome of a given set of MUT alleles and their associated VAFs, we systematically vary the
percentage of tumor-derived cfDNA from 0.00 to 1.00 in 100 discrete linear steps. For each
percentage, we count the number of observed MUT alleles by randomly sampling each allele
based on their probability. We repeat this process for 10,000 trials and collect the observed
MUT allele frequencies per tumor fraction. The most likely TF in each sample was inferred by
identifying where the highest percentage of simulations aligned with the observed distribution of
cfDNA sources. The confidence interval is derived from the tumor fractions that fall at the 2.5%
and 97.5% of the simulated distribution. If the inferred TF is lower than 0.05, we repeated the
same process with 100 discrete log steps ranging from 0.00 to 0.10 to obtain a more fine-

grained TF estimation.

Somatic copy humber alteration analysis and tumor fraction inference

We use ichorCNA (Adalsteinsson et al. 2017) software (commit 5bfc03e) to calculate and
visualize the copy number alterations and infer copy-number derived tumor fraction in all
samples. Customized panels of normal (PoN) file was created and used for NanoRCS runs (the
PoN file is available on GitHub repository). Two parameter combinations were tested for all

samples, one allows flexibility of high ploidy and high copy number; the other is optimized for
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low tumor fraction samples (MRD setting). If the inferred tumor fraction was below 0.03, the
MRD setting was applied. The optimal solution was chosen from the provided solutions
according to the principles the author suggested and the prior knowledge of ploidy in tumor
tissue samples. The selected solutions are provided in Supplemental Table S6, and please refer

to the Supplemental Methods and Supplemental Table S5 for detailed description on settings.

Analyzing CNA on tumor-specific copy nhumber events

Tumor-specific copy number events are tumor-type specific. Specific copy number events were
curated from literature for EAC (Frankell et al. 2019; The Cancer Genome Atlas Research
Network 2017), OVCA (de Witte et al. 2022), and GCT (Roze et al. 2020). The list of following
genes was curated. For EAC: KRAS, VEGFA, EGFR, ERBB2, GATA4, GATA6, MYC, CDKNZ2A,
SMAD4, SMARCA4, CCND1, CCND3, CCNE1, CDK6, MET, PTEN, APC, CCNEL1. For OVCA:
KRAS, MYC, CCNEL1, TP53, NF1, CDKN2A, RB1, MAP2K4, BRCA1, BRCA2. For GCT: FOXL2,
TP53, TERT, DICER1. Genomic coordinates of genes of interest were retrieved from Ensembl
biomart version GRCh37. The copy number of the one megabase bin overlapping with these

genes was determined to be the copy number of the gene.

Non-negative matrix factorization derived tumor fraction on fragmentation length distribution

Non-negative matrix factorization is a non-supervised method where a matrix V is factorized into
two non-negative matrices W and H. The weight matrix W, has as many rows as the input
matrix and represents the contributions of each cfDNA source to each sample. The number of
cfDNA sources is a hyperparameter that needs to be set in advance. Renaud et al. (Renaud et
al. 2022), utilized NMF to determine the contribution of different cfDNA sources to fragment
length signatures in 86 prostate cancer samples. We adapted the 2 signatures extracted from
this analysis, and selected the region between 30 to 220 bp, and used them as signatures to

decompose the cfDNA source in our sample sets. The fragments between 30-220 bp are
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selected and normalized to 1. NMF with fixed signatures with  function
non_negative_factorization from sklearn.decomposition (v1.1.2) is applied to obtain cfDNA

source contribution for each sample. All values are capped at 1.0.

Atomic Force Microscopy (AFM) image analysis for cell-free DNA length determination

cfDNA samples and a commercial DNA ladder (Thermo Scientific GeneRuler 50 bp DNA Ladder)
were prepared and imaged with a Nanowizard Ultraspeed 2 AFM (Bruker). For detailed sample
preparation steps, please check the Supplemental Methods. Data processing used the software
SPIP (Image Metrology, v6.5) and involved background correction using global correction with a
3" order polynomial and line-wise correction of 3" degree. The z-offset is set to the mean pixel
height after background correction, corresponding to the mean height of the mica surface.

To quantify DNA length distributions from the AFM images, we employed the Particle
Analysis pane in Scanning Probe Image Processor (SPIP). A threshold detection level of 0.6 nm
with respect to the z-offset was used, and we included a post-processing step to eliminate small
speckles with a surface-projected area <100 nm? The resulting features were traced by
skeletonization and the reported lengths values are the fiber lengths, i.e. the longest segment of

a one-pixel wide branched line obtained by thinning the 2D-projected surface area of each chain.

Determining the lowest TF detectable with generation of cfDNA admixture

We generated cfDNA admixture in the laboratory with samples OVCAO1 and HC02. 10%, 2%,
1%, 0.5%, admixture of OVCAO01:HCO2 ratio. A 10 times or 100 times diluted stock solution of
OVCAO1 was used to prepare a more precise admixture. Final solutions of 5ng DNA cfDNA
admixture were subjected to NanoRCS library preparation, followed by sequencing runs with
minlON and promethlON flow cells as described above (and in Supplemental Table S1).
Inference of tumor fraction in three modalities, including SNV, CNA, and fragmentation length,

can be found in previous sections.
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Determining the lowest TF detectable with simulation on PWACG tumor patient samples

Genome-wide somatic SNV profiles of 50 EAC and 100 OVCA patients were obtained from The

ICGC/TCGA Pan-Cancer Analysis of Whole Genomes Consortium (Cancer Genome Atlas

Research Network et al. 2013; ICGC/TCGA Pan-Cancer Analysis of Whole Genomes

Consortium 2020) (PCAWG,; https://dcc.icgc.org/pcawg). Real mutation numbers and variant

allele frequencies (VAFs) were used as input for the simulations (Supplemental Fig. S9B,C). We
then generated in silico genome-wide sequencing datasets for each patient (Supplemental Fig.
S9A) at 51 different TFs (TF of 0 & 50 TFs between: 0.001 - 1, logarithmic) and for 4 techniques:
native Nanopore sequencing on MinlON (0.25x coverage), native Nanopore sequencing on
Promethion (3x coverage), NanoRCS on MinlON (0.04x coverage), and NanoRCS on
Promethion (0.8x coverage). Error rates for each of the techniques were defined as described in
the Methods section ‘Cell-free DNA SNV detection error rate.” In total, we generated 10,000
simulated datasets for each patient in each scenario, which translates to 2,040,000 (10,000 * 51
(TF) * 4 (technique)) simulated datasets per patient or 3,060,000,000 (2,040,000 * 150)
simulated datasets in total. Using the simulated sample with a TF of 0, we could obtain a
‘background noise’ profile for each patient. For each patient, a confident lowest detectable
tumor fraction is defined by >95% true positive rate (TPR, i.e. we performed in silico sequencing
of this patient 10,000 times, and we detected the tumor presence more than 95% of the time)
and >68% true negative rate (TNR, i.e. we performed in silico sequencing of samples with TF=0
10,000 times, and more than 68% of the time we do not detect cancer presence).

Generative Al and Al-assisted technologies in the writing process

During the preparation of this work the authors used chatGPT (https://chatgpt.com/) in order to
rephrase sentences. After using this tool, the authors reviewed and edited the content as

needed and take full responsibility for the content of the publication.
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Software Availability

The algorithm and code for conducting analyses in this manuscript are deposited at

https://github.com/UMCUGenetics/NanoRCS/ and as Supplemental_Code.zip.

Data Access

All raw and processed sequencing data generated in this study have been submitted to the

European Genome-Phenome Archive (EGA; https://web2.ega-archive.org/) under accession

number EGAS50000000154 and EGAS50000000695. Raw AFM images were uploaded to
Zenodo at doi.org/10.5281/zenodo.10423114 (HCO03), doi.org/10.5281/zenodo.10423541
(OVCAOQ1), doi.org/10.5281/zenodo.10423356(OVCAOQ7), doi.org/10.5281/zenodo.10423726

(DNA ladder) with open access.
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Main Figure legends

Figure 1. NanoRCS can identify SNVs, CNVs, and fragment size in cell-free DNA (a)
Healthy cfDNA (blue) and tumor ctDNA (pink) are circulated with a high curvature DNA

backbone (orange) and form a double-strand circular DNA product. (b) DNA primers of random
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sequence and phi29 polymerase are added to these DNA circles. Rolling circle amplification of
double-strand circular DNA templates subsequently creates long concatemers of cfDNA and
backbone that are sequenced on a nanopore device. (¢) Obtained DNA sequences are aligned
to the reference genome and undergo consensus calling, resulting in cfDNA consensus
sequence with reduced random errors (yellow dots) and retained true variants (red dots). After
consensus calling, the tumor mutations can be found in the tumor cfDNA and not in the healthy
cfDNA. (d) NanoRCS allows simultaneous assessment of fragmentomics, copy number profile,
and accurate tumor-guided SNVs. ctDNA fraction can be derived based on all three modalities.
(e) cfDNA from plasma of healthy controls, esophageal adenocarcinoma (EAC) and granulosa
cell tumor (GCT) patients, and cfDNA from ascites of ovarian carcinoma (OVCA) patients is
subjected to genome-wide NanoRCS. We also sequenced the same patient samples with

lllumina NovaSeq. Created with BioRender.com.

Figure 2. NanoRCS enables SNV detection with a low error rate on Nanopore. (a) Single-
nucleotide error rate in cfDNA of three healthy controls using different sequencing methods
(lower is better). Error bars represent standard deviations. (b) Monte Carlo simulations are
utilized to search for the tumor fraction that best explains the observations in cfDNA given the
known tumor variants and their variant allele frequency (VAF) in the tumor. Created with
BioRender.com. (For detailed methods, please see Method section: Tumor fraction estimation
from somatic SNV detection) (c) Correlation of SNV-derived tumor fraction between NanoRCS
and NovaSeq. (d) Realtime assessment of the ratio of the mutant (MUT; red shading) and
reference (REF; grey shading) allele at somatic SNV positions during the first three hours of
sequencing in the five liquid biopsy samples with known somatic SNV profile from the tumor
biopsy. Red data points and lines indicate the MUT SNV ratios in cancer patients, and dark grey
data points and lines in healthy controls (at level ~0.00). (e) SNV observations in the five liquid

biopsy samples with known tumor somatic SNV profile. For each panel, the top row shows the
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VAF of detected mutations in the tumor biopsy, the second row represents the MUT or REF
allele observations in the liquid biopsy of the corresponding patient, and the bottom three rows
represent the observations in three healthy controls randomly downsampled to same amount of
observation as in the tumor sample. (f) Lollipop plots show each sample's inferred tumor fraction

according to corresponding tumor-informed variants in figure (c).

Figure 3. NanoRCS identifies copy number alteration in cell-free DNA of tumor samples.
(a) Copy number alterations (CNAs) and derived tumor fraction (lollipops) for cfDNA samples
across different sample types (HC, healthy controls; OVCA, ovarian carcinoma; GCT, granulosa
cell tumor; EAC, esophageal adenocarcinoma). Tumor copy numbers were calculated by
multiplying the copy number in the liquid biopsy by the tumor fraction in that liquid biopsy. Red
indicates copy number gain and blue indicates copy number loss. Color intensity indicates the
copy number alteration multiplied by the tumor fraction in cfDNA. (b) The CNA profile, obtained
using NanoRCS on cfDNA (pink), NovaSeq on cfDNA (orange), and from tumor tissue (grey), is
concordant in patient OVCAOL. The X-axis indicates the genomic position on the chromosomes
(IMb bins), and the Y-axis indicates copy numbers. (c) Correlation of CNA-derived tumor
fraction between NanoRCS and NovaSeq. (d) NanoRCS copy number of genes often amplified
(red) and deleted (blue) according to literature. The boxplots show the observed copy number
distribution across the four EAC samples in this study. Each data point represents a single

(EAC) sample.

Figure 4. NanoRCS captures cfDNA fragmentation length distribution indicating tumor
presence. (a) cfDNA fragmentation length profiles for each sample, categorized by sample
type. HC, healthy controls (black); OVCA, ovarian carcinoma (pink); GCT, granulosa cell tumor
(purple); EAC, esophageal adenocarcinoma (orange). The profiles display the distribution of

cfDNA fragment sizes ranging from 30-400 base pairs (bp). (b) Tumor fraction (TF) for each
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sample derived by mapping the length profile to Signature 2 of the non-negative matrix
factorization (NMF) on a reference set (see Methods). TF is annotated to the right of each bar,
ranging from 0.14-1.0 for tumor samples. (c) Representative NMF cfDNA length profiles
adapted from Renaud et al. 2022. for two signatures: Signature 1, predominantly observed in
healthy individuals, and Signature 2, indicative of tumor-derived cfDNA. (d) Scatter plot
correlating the fragmentomics NMF-derived tumor fraction of NanoRCS and NovaSeq against
each other (R=0.3412). (e) Atomic Force Microscopy (AFM) images visualizing HCO3 (top) and
OVCAO01 (bottom) cfDNA fragments (yellow). The scale bar represents 200 nm. (f) Density plots
comparing the length distribution obtained from 3 different techniques (blue, NanoRCS; green,
NovaSeq; yellow, AFM) in sample HCO3 (top) and OVCAOQL (bottom). Conversion of the x-axis
in nm (brown) to x-axis in bp (black) is based on the calculation of DNA ladder where Ly, =
(L,m*+10) /0.341. AFM imaging (brown) appears to better represent the shorter fragments, while

both sequencing methods enriched for longer fragments, especially NanoRCS (blue).

Figure 5. Minimal residual disease detection using NanoRCS. (a-d) Admixture experiment
with different percentages of OVCAO1 versus HC02 cfDNA (100%, 10%, 2%, 1%, and 0.5%, 0%
mixtures). (a) SNV observations for all dilutions. The top row shows the VAF of detected
mutations in the tumor biopsy and the following five rows represent the MUT or REF allele
observations in the different admixtures. (b) Copy number alterations (CNAs) for all dilutions.
Red indicates copy number gain and blue indicates copy number loss. Color intensity indicates
the copy number alteration multiplied by the tumor fraction in cfDNA. (c) cfDNA fragmentation
length profiles for all dilutions. The profiles display the distribution of cfDNA fragment sizes
ranging from 30-700 base pairs (bp). (d) Inferred tumor fraction of each of the 3 NanoRCS
modalities are shown in log-scaled bars. SNV (solid), CNA (nofill), and fragmentation length
(striped) are compared to theoretical expected tumor fractions (grey dashed lines). (e)

Simulation results to assess the lowest tumor fractions detectable for different platform
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throughputs (MinlON vs PromethlON) and with or without consensus calling for Esophagus and

Ovarian cancer. Simulation characteristics were obtained from PCAWG (see Methods).

Figure 6. NanoRCS tumor fractions of patient GCT02 during treatment. ctDNA fraction
estimations in patient GCT02 obtained using ddPCR (dotted line) and NanoRCS (solid lines);
the three colors of solid lines represent the three modalities. A time period of 600 days after
inclusion in the study is displayed. Circles represent samples that were analyzed using both
ddPCR and NanoRCS, whereas triangles represent samples that were only assessed using
ddPCR. Clinical events such as disease state (partial response, stable disease, progressive
disease) are shown by colored blocks and interventions (surgery, chemotherapy) by vertical

lines. Error bars for the SNV modality represent 95% confidence intervals.
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