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1. General introduction

1.1 Solid malignancies

Cancers are subdivided into fluid malignancies like cancers of the blood or bone
marrow, and solid malignancies. Solid malignancies encompass a diverse group of
cancers arising from various tissues and organs, characterized by the uncontrolled
growth of abnormal cells that form solid tumours. These tumours, such as those
found in the breast, lung, colon, or prostate, contribute significantly to cancer-
related morbidity and mortality worldwide and nationally (1).

Of these, non-small cell lung cancer (NSCLC) and colorectal cancer (CRC) are among
the most prevalent and deadly cancers. Lung cancer was diagnosed 14,806 times in
2022 in the Netherlands and caused the highest number of cancer-related deaths
in the Netherlands that year: 10,896 in total, or almost 22% of all cancer-related
deaths. Colorectal cancer has the highest incidence amongst all cancers in the
Netherlands, at 17,670 new diagnoses in 2022. With 6,465 deaths, it accounts for
another 13% of cancer-related deaths in the Netherlands, making it the second-
leading cause of cancer-related deaths after lung cancer (1,2).

Personalised medicine and diagnostics in solid malignancies

In the past decades, treatment for solid malignancies has shifted from one-size-
fits-all chemotherapy towards more individualised approaches, tailored towards
specific tumour characteristics. This shift, along with earlier cancer detection,
has significantly improved long-term survival in many solid malignancies (2,3).
Personalized medicine in this context aims to deliver the right treatment for the
right patient at the right time (4). To identify which treatments are likely to benefit
each patient, detailed information about the tumour is necessary.

Different cancers, even within the same tissue or organ, can vary significantly in
behaviour and treatment response. Traditionally the diagnosis, prognosis, and
monitoring of solid malignancies have relied on tissue biopsies — an invasive
procedure that provides a sample of tumour tissue for pathological examination.
These biopsies yield insights into tumour diagnosis, staging, origin, and therapy
selection through various microscopic techniques that help classify cancer type
(e.g. adenocarcinoma, squamous cell carcinoma, etc) and guide selection of the
most effective treatment.

Increasingly, tissue biopsies are also used for molecular profiling; revealing specific
genetic mutations or protein markers that identify targetable variants, thus
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enabling genomically informed therapies. Such targeted therapies focus on specific
alterations in tumour cells absent in healthy cells and can be highly effective. In
2020, it was estimated that up to 27% of all cancer patients in the US were eligible
for some form of genomically informed therapy (5). As a result, genetic testing
has become part of national and international guidelines for standard-of-care
diagnostics, including for NSCLC and CRC (6-10).

On the downside, tissue biopsies come with inherent limitations. They are invasive,
carry risks and costs, and not all patients are eligible for them due to health status
or tumour accessibility. Diagnostically, biopsies represent only a small section of the
tumour, and intra- and inter-tumoral heterogeneity can cause subclonal aberrations
to be missed. Furthermore, tissue biopsies provide only a single snapshot in time,
whereas frequent monitoring could offer more real-time information on tumour
evolution and early detection of resistance (11,12).

While tissue biopsies remain the gold standard for diagnosing solid tumours and
guiding treatment decisions, their limitations highlight the need for more flexible,
less invasive diagnostic approaches.

1.2 Liquid biopsies

One such approach is the liquid biopsy, a method that detects tumour-derived
material circulating in bodily fluids like blood. Unlike tissue biopsies, which require
invasive sampling directly from the tumour itself, liquid biopsies involve a routine
blood draw to capture fragments of circulating DNA, cells, or other markers that
tumours shed into the bloodstream. These shed materials, known as circulating
tumour markers, offer valuable clues about a cancer’s presence, type, and evolution,
making it possible to monitor changes over time with minimal invasiveness (13-15).

Examples of circulating tumour markers include circulating tumour cells,
extracellular vesicles, tumour-derived proteins and metabolites, and circulating
cell-free DNA (cfDNA) (16). These are most commonly investigated in blood, but
can also be examined in other bodily fluids like urine, cerebrospinal fluid, saliva,
and others (16,17). Many factors influence the abundance of circulating tumour
markers in their respective fluids, most notably the extent and location of disease
(18-20). Due to their dynamic nature, liquid biopsies enable monitoring of disease
over time.

Among the circulating tumour markers in liquid biopsies, cfDNA has gained
particular interest. Within the cfDNA reservoir, a fraction known as circulating
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tumour DNA (ctDNA) originates specifically from tumour cells and can offer insights
into a cancer’s genetic landscape. In the following section, we will explore cfDNA
and ctDNA in more depth, examining its characteristics, how it can be used to
inform personalised treatment decisions, and its current limitations.

Cell-free DNA

When cells die - whether through apoptosis, necrosis, or other processes — they can
release fragmented DNA into the bloodstream as cell-free DNA. cfDNA fragments
are short, typically ranging from 150 to 200 base pairs (bp), and circulate in the
plasma. Most cfDNA in healthy individuals originates from hematopoietic cells, like
white blood cells, but small amounts can also come from other cell types, including
those from specific organs or tissue. In patients with cancer, cfDNA originating from
the tumour cells is referred to as ctDNA and carries genetic information reflective of
the tumour’s unique mutations and characteristics.

The proportion of cfDNA that is tumour-derived, referred to as the tumour fraction
(TF), varies widely depending on factors like tumour size, location, and stage (20).
In early-stage cancers or certain types of tumours, ctDNA may represent only a
tiny fraction of the total cfDNA — sometimes as low as parts-per-million. In more
advanced cancers, or in tumours with greater vascularisation, this proportion
can exceed 10%. For most cancers, the tumour fraction is typically below 1%,
demanding highly sensitive techniques to identify low-frequency tumour-derived
variants with high specificity and sensitivity (14,18).

1.3 ctDNA detection

The detection of ctDNA relies on identifying tumour-derived variants within
the cfDNA. A cancer cell's genome is notoriously unstable, and as a result
tumour-derived variants can come in many different shapes, ranging from large
chromosomal rearrangements, copy number alterations, to small insertions and
deletions to variants at the single nucleotide level. Of these, single nucleotide
variants (SNVs) are highly abundant and relatively easy to detect and have therefore
gained primary interest in cfDNA-based diagnostic approaches. However, the
probability of detecting tumour-related SNVs is hampered by both biological and
technical factors that we will discuss in more detail below.

Biological factors

The rate of cell division and cell death in the tumour are key determinants of ctDNA
concentration in plasma (19). In healthy tissue these rates are usually balanced
in homeostasis, but they may be dysregulated in cancer tissue. Consequently,
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differences in tumour cellular turnover may cause biases in representation of
certain tumour sites (12,20).

Secondly, the location, size, and stage of the tumour are correlated to ctDNA
concentrations (18). For example, tumours of the lung and colon often exhibit
relatively high levels of ctDNA in plasma, while tumours in the brain do not (18).
Similarly, ctDNA levels were found to be overall higher in larger and more
aggressive tumours. On the contrary, organs that are encapsulated in barriers —
like the blood-brain barrier — are speculated to restrict ctDNA movement, making
detection more challenging for certain cancer types. However, when such barriers
are compromised, as in cases of inflammation or metastasis, ctDNA levels in
circulation may rise (20,21).

Tumour vascularisation also plays an important role in ctDNA levels. Tumour-
adjacent blood vessels provide a direct route for ctDNA to enter circulation. Poorly
vascularised tumours with limited blood supply may become hypoxic, inducing
further necrosis while at the same time releasing the ctDNA differently compared
to well-vascularised tumours. This illustrates a complex dynamic between increased
cell turnover but potentially reduced shedding to the bloodstream, that makes
it hard to capture such relationships in simple correlations or mathematical
approximations (20).

ctDNA dynamics are further influenced by the rate of clearance from the circulation.
The half-life of cfDNA is estimated between 30 minutes and 2 hours, meaning that
cfDNA levels can fluctuate and make ctDNA a snapshot of recent tumour activity
rather than a stable biomarker (22). The rate of clearance depends on factors such
as DNase activity and renal and hepatic function, each of which could be altered in
cancer patients due to treatment toxicity or disease progression (20,23).

Lastly, ctDNA detection sensitivity is impacted by the total cfDNA background in
circulation, which is predominantly derived from haematopoietic cells including
white blood cells. In conditions of inflammation, infection, or physical trauma,
cfDNA levels from non-tumour cells can increase substantially, diluting the ctDNA
signal and decreasing the relative TF.

In summary, these biological processes and systemic factors describe a nuanced
dynamic balance between numerous factors that is not fully understood at
this moment.

1
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Technological factors

While biological factors dominate the availability of ctDNA in a blood sample,
technological factors determine whether these molecules will be detected.
Advancements in ctDNA detection have evolved rapidly in response to this
challenge. Early ctDNA detection primarily focused on single SNVs per patient,
using quantitative polymerase chain reaction (qPCR) methods. However, gPCR
lacked the requisite sensitivity for detecting low-abundance mutations in a high
background of non-mutated, wildtype cfDNA.

Droplet digital PCR (ddPCR) emerged as a highly sensitive alternative, enabling the
detection of rare mutations even at low TF. This was achieved by partitioning the
PCR reaction into thousands of droplets, allowing for individual analysis of each
droplet, significantly enhancing sensitivity for mutation detection (24,25). Despite
these improvements, ddPCR is typically limited to analysing single or small sets of
SNVs. It requires prior knowledge of target mutations, which is restrictive when
there is a need to screen for a broader spectrum of possible tumour mutations.

To address this limitation, multiplex PCR methods such as BEAMing, COBAS z480,
and Idylla were developed (26-28). These methods enable simultaneous detection
of a handful of known mutations, particularly those that are frequently activating
or targetable in certain cancers. However, the number of mutations screened with
such multiplex PCR methods is still limited, and repeated testing is limited by
the scarcity of available material. It was therefore desirable to detect many more
mutations at once with a single test.

Next-generation sequencing (NGS) platforms, particularly amplicon-based
and hybrid-capture-based methods, allow for high-throughput sequencing of
numerous genes in a single run, making it possible to analyse a broad range of
potential mutations across many loci at once. Yet, NGS presents its own challenges,
primarily in terms of error suppression: the natural error rate of sequencing and
PCR (~0.1%) is similar to the frequency range of genuine mutations in ctDNA. This
overlap can cause false positives and diminish confidence in the detected variants.

To enhance accuracy, NGS techniques now frequently employ unique molecular
identifiers (UMls) (29-32). UMIs are small, unique barcode sequences added to each
DNA fragment prior to amplification. Since bona fide mutations are shared across
the family of sequenced fragments with the same UMI, while PCR- and sequencing
errors are more random, it is possible to reliably identify mutations at low variant
allele frequencies (VAF), even those present at fractions below 0.1%. This is offset
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by a need to sequence each fragment multiple times, requiring greater sequencing
depth and cost.

Each of these technological advancements has contributed to improved
performance in ctDNA testing, with the trend moving from single-mutation
detection to broader panels capable of capturing diverse genetic profiles. Each
approach still has limitations and is selected based on the clinical context, specific
cancer type, and availability of prior mutation knowledge.

Beyond SNVs

Although SNVs are commonly used for ctDNA detection, other biomarkers such
as copy number variations (CNVs), DNA methylation, and fragmentomics are
established or emerging as indicators of tumour presence.

CNVs are amplifications or deletions of larger DNA segments, often linked to cancer
development and progression. Detection of CNVs happens not by deep evaluation
of a limited number of sites in the genome, but frequently by shallow whole
genome sequencing (shWGS). By counting the relative number of DNA fragments
in binned segments of the genome, a profile arises that shows larger scale gains
and losses. However, at low ctDNA fractions, it becomes difficult to distinguish CNV
signals from background cfDNA, limiting its utility in early detection or cancers
with low cfDNA levels (33,34).

DNA methylation is an epigenetic process that involves addition of a methyl
molecule to a cytosine nucleotide, most frequently in a cytosine-phosphate-
guanine (CpG) context. Methylation is involved in gene expression, and certain
cancers display unique methylation profiles. Methylation assays can be highly
sensitive and specific for identifying tumour-related changes, especially as aberrant
methylation is often an early event in cancer development. However, they require
specialised laboratory steps like bisulfite or enzymatic conversion, reducing the
yield of measurable cfDNA and complicating analysis (35).

The emerging field of <¢fDNA fragmentomics assesses the size, distribution,
and sequence context of cfDNA fragments. ctDNA often exhibits characteristic
fragmentation patterns, influenced by factors like gene expression and methylation
(36,37). This approach holds promise for enhancing ctDNA detection sensitivity,
even at low TF. However, fragmentomics can be computationally demanding,
requiring sophisticated bioinformatic methods to interpret subtle patterns in the
data. Additionally, it remains a relatively novel field with methodological variability,
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where the influence of pre-analytical factors are not well-described, creating
challenges for standardized application in clinical settings (38-40).

Each of these markers has the potential to enhance ctDNA detection; however, they
also present limitations in consistency, scalability, or practical implementation.
For this thesis, we have chosen to mainly focus on SNVs due to their direct
interpretability and the extensive technological framework already established for
SNV detection.

1.4 Applications of ctDNA analysis
At present, liquid tumour markers can be used along multiple stages of disease
progression, performing different roles at each stage. These clinical stages broadly
depend on the stage of disease that the patient presents in and are broadly
characterized in terms of the amount of circulating ctDNA, and the availability of
tumour tissue material, as outlined below.

1.4.1 Screening

The first and technically most challenging setting is that of screening. In population
screening programs, individuals without symptoms of cancer are periodically
screened for the presence of cancer. In this setting ctDNA offers potential as a
minimally invasive method for early cancer detection, potentially screening for
single or multiple cancers.

A major complicating factor in this setting is that there is a low pre-test probability
of each screened individual to have the disease, posing stringent criteria on the
positive predictive value (PPV) of a test: Of all the positive results, how many were
true positive? In other words, the false positive rate of the test must at maximum
be in the same order as the disease prevalence in the intended population, to
prevent anxiety in a needlessly large group of people. This stringent criterium can
be partially alleviated by using a two-test strategy, where the ctDNA test is used as
a pre-screening or selection test for a second test. This can be a valuable strategy
if the second test is considered more reliable but also more expensive or imposes
a heavier patient burden, like low dose computed tomography (LDCT) for lung
cancer, or endoscopic evaluation for colorectal cancer screening.

What further complicates this setting is that it must be tumour agnostic, requiring
the test to detect generic cancer-related signals, rather than detecting specific
signals known to originate from a particular tumour. The development of tests that
perform well in a screening setting is still an area of active research, focussing on
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procedures that drastically increase the number of data points per sample, such as
genome-wide methylation and fragmentation assays (41-43). Current results using
Grail's Galleri test — a methylation-based multi-cancer early detection test (MCED) -
show a limited sensitivity for detecting early stage disease (41). These results have
given rise to a debate whether or not it is at all feasible to detect early stage cancers
using cfDNA (44,45).

It could be argued that even if a test does not manage to detect all the early
stage cancers, it is still better than the current practice — being an absence of any
screening test for most cancers. After all, detecting 27% of early stage cancers is
better than not detecting anything. In this debate it is worthwhile to remember
that screening programs must first show to reduce cancer-related mortality, and do
this at cost-effective levels (46). “All screening programmes do harm; some do good
as well, and, of these, some do more good than harm at reasonable cost.” (47).

1.4.2 Local disease

When a malignancy is discovered in an early stage, before it metastasises to
distant organs, this presents opportunities for treatments with curative intent. The
tumours in this stage are typically small and localised, therefore allowing surgery
or radiotherapy as viable treatment options to cure the patient. At the same time -
precisely due to the limited size of the tumour - the tumour fraction of the cfDNA
will typically be low, requiring sensitive technologies to detect the ctDNA.

Despite complete surgical resection of the tumour, not all patients are cured by
this intervention, and a number may develop recurrence of disease. This proportion
depends on the stage of the disease, and for example for NSCLC the 5-year
recurrence free survival ranges from 81% in stage | disease to 34% in stage Il (48).
In lieu of better predictive biomarkers, adjuvant chemotherapy is offered to all
patients diagnosed with stage Il or [l NSCLC, and withheld from patients with stage
| disease (49). This leads to overtreatment in the first group, and undertreatment in
the second group, highlighting a need for better biomarkers to select patients who
will benefit from adjuvant treatment.

Post-surgical detection of ctDNA could identify patients with minimal residual disease
(MRD), revealing the persistent presence of micrometastases that are invisible with
radiographic imaging. Such patients could benefit from adjuvant chemotherapy,
while patients without MRD could benefit from treatment de-escalation (50-53).
Detection of MRD is analytically challenging due to the extremely low TF, requiring
the tracking of many mutations at once with state-of-the-art technology.
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When surgery is part of the multimodal treatment of these patients, this allows
tissue-informed MRD testing where prior knowledge of the tumour’s mutations can
facilitate easier recall of these variants in the plasma cfDNA (54,55). While tissue-
informed approaches can be highly sensitive, they are also expensive, laborious,
and time-consuming, and ideally tumour-agnostic MRD tests are developed that
reach the requisite analytical and clinical sensitivity. Beyond this, clinical utility
must be shown by demonstrating that earlier detection of recurrence does lead to
better outcomes for the patients (56).

In a slightly different clinical environment, an increasing number of NSCLC patients
is treated with neo-adjuvant immune therapy before any surgery is conducted (57).
Approximately 24% of patients respond so well to this treatment that the tumours
are entirely gone by the time the surgery is performed. This is called pathological
complete response (pCR), indicating that no viable tumour cells are seen in the
resected tissue. These patients could have been spared the surgery, and detection of
pCR before the surgery is a special form of MRD detection that is gaining interest (58).

1.4.3 Metastatic disease

In metastatic disease, the tumour load in the patient is typically high and this is
reflected in the cfDNA. cfDNA measurements in this stage are often performed to
detect targetable mutations in tumour driver genes such as EGFR (primarily in lung
cancer) or KRAS (primarily in colorectal cancer). The list of targetable mutations that
needs to be tested differs per disease, but includes mutations in EGFR, BRAF, KRAS,
ERBB2, fusions in ALK, ROS1, RET, and amplification and exon 14-skipping in MET for
NSCLC. For CRC, the list includes KRAS, NRAS, and BRAF, as well as mismatch repair
deficiency and microsatellite instability (6,7,10,11,59).

Detection of specific EGFR mutations in patients with NSCLC makes them eligible for
systemic treatment with small molecule inhibitors (SMls), which selectively target
cells presenting the mutation while leaving healthy cells without the mutation
unaffected (59-61). Conversely, detection of KRAS mutations in patients with CRC
makes them ineligible for treatment with monoclonal antibodies (mAbs) directed
against EGFR (62-64). Eligibility for these therapies is tested in tissue biopsies from
one of the metastatic lesions, but when these cannot be obtained due to patient
condition or site of the lesions, national and international recommendations
prescribe detection of these mutations in cfDNA since 2022 (65,66).
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1.4.4 Recurrence

Patients with metastatic disease treated with targeted therapies like SMIs or mAbs
often show clinical response to therapy: Tumour lesions shrink, sometimes even to
undetectable levels. However, in many cases the disease will reappear later, even
while the patient remains on targeted therapy. This can be caused by resistance
mutations developing in the tumour under the selective pressure of the therapy.
Tumour cells that acquire a resistance mutation are immune to the targeted
therapy (67-69). For this reason, patients are often monitored periodically. This is
not feasible with tissue biopsies and is classically done with imaging techniques
instead. However, the imaging techniques used are not sensitive enough to
detect small lesions, and measuring the cfDNA in the blood often detects the
recurrence earlier than imaging does. Periodically measuring the ¢cfDNA has the
added advantage that it can also detect the specific resistance mutation causing
the tumour’s immunity to therapy, which in turn may allow the administration
of second generation targeted therapies that are specific to cells that have that
specific resistance mutation (67).

A complicating factor is that in many patients, more than one resistance mutation is
detected (70,71). This co-occurrence of resistance mutations, both on-target (i.e. on
the same gene as targeted by the therapy) and off-target, implies that multiple escape
routes are possible for the tumour, complicating the selection of the next therapy.

1.5 Current limitations

While the analysis of ctDNA holds a lot of promises, and the potential is widely
recognized, there are a number of steps that still prevent the widespread application
of ctDNA in daily practice (72,73). The most important steps have been summarized
in the ‘road to implementation’ (74). Among the steps in this roadmap are for
example the adoption by peripheral hospitals, quality assurance certifications, and
the reimbursement by insurance companies. These challenges are subdivided into
several groups and discussed below.

1.5.1 Standardization and comparability

The clinical implementation of ctDNA testing is hindered by significant variability
in procedures across laboratories, impacting sample collection, processing, and
analytical methods. This lack of standardization complicates the comparison
of ctDNA results across studies and clinical settings, potentially leading to
inconsistent or conflicting outcomes. The establishment of universal protocols
could improve reproducibility, but the diversity of detection technologies makes
harmonization challenging.
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Furthermore, the absence of well-established reference materials, such as
standardized controls or calibrators, hampers consistency across platforms and
labs. Developing and adopting such materials would enable cross-laboratory
comparisons and improve the reliability of ctDNA assays (75). Until these reference
standards are widely accepted, variability will continue to pose a barrier to the
broad clinical utility of ctDNA testing.

1.5.2 Sensitivity and specificity

While recent advancements have improved the sensitivity of ctDNA assays, there
remains a delicate balance between sensitivity (detecting low ctDNA fractions) and
specificity (minimizing false positives). Early-stage cancers or cancers with low-
shedding tumours present particularly challenging scenarios for ctDNA detection,
as ctDNA levels are minimal, requiring ultra-sensitive assays. However, as sensitivity
increases, so does the risk of detecting non-specific signals, which may lead to
false positives.

Advanced error-correction techniques, while improving accuracy, often require
greater sequencing depth and thus increase cost. Striking the right balance
between sensitivity and specificity is particularly crucial in these clinical settings
where ctDNA levels are minimal, requiring highly optimized detection strategies.

1.5.3 Data interpretation

Another challenge to the clinical implementation of ctDNA testing lies in the
complexity of data interpretation. The increasing sophistication of ctDNA assays—
often incorporating features like UMIs, error-correction algorithms, and multi-
biomarker integration—requires advanced bioinformatics pipelines, expertise,
and significant computational resources that are not typically available in routine
diagnostic laboratories.

Additionally, interpreting discrepant or ambiguous results can pose challenges
for clinicians. Plasma-derived results may not always align with tissue findings or
may show conflicting signals over time—for instance, one mutation increasing in
abundance while another decreases. Such cases complicate treatment decisions, as
they might reflect tumour heterogeneity, biological variability, or assay limitations.

Addressing these challenges requires streamlined, user-friendly bioinformatics
tools, better training for clinical staff, and robust guidelines for managing
discordant results. These improvements are essential for enabling accurate and
actionable ctDNA analysis in clinical practice.
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1.5.4 Cost and accessibility

The high costs associated with ctDNA testing—due to sequencing depth
requirements, reagents, and specialized equipment—represent a major limitation,
not only in low-income countries but also in well-resourced healthcare settings.
Reducing costs without sacrificing test sensitivity or specificity is challenging. While
some targeted approaches like droplet digital PCR can reduce expenses for known
mutations, broader applications often require high-throughput sequencing and
error correction, raising costs. Accessibility is further hindered by insurance and
reimbursement barriers in many healthcare systems. Developing cost-effective yet
robust methods is crucial for broadening ctDNA testing's accessibility and making
it a viable option for routine clinical care.

1.5.5 Implementation hurdles

Successful integration of ctDNA testing into clinical practice also faces challenges
in terms of validation and clinician adoption. For ctDNA assays to be trusted in
treatment decisions, they must undergo extensive validation across different cancer
types, stages, and patient populations to demonstrate consistent performance.
This clinical validation requires robust studies, which can be resource-intensive
and time-consuming.

Additionally, integrating ctDNA testing into clinical workflows demands training
and education for clinicians, particularly in interpreting ctDNA results and
integrating them with other diagnostic tools. Moreover, regulatory pathways and
reimbursement policies for ctDNA tests vary widely, influencing the feasibility of
broad clinical implementation. Overcoming these logistical and regulatory barriers
is necessary for ctDNA testing to become a routine component of cancer care.

1.5.6 Rationale for optimization

Given these challenges, optimizing ctDNA detection methods presents an
opportunity to address several of these barriers simultaneously. By refining the
technologies and bioinformatics tools that underlie ctDNA testing, we can improve
assay sensitivity and specificity, enhance data interpretation, and potentially lower
costs through better use of existing ctDNA data, maximizing the insights that can
be drawn from a single sample.

As the field continues to evolve, addressing these barriers will be essential for
ctDNA to fulfil its potential as a widely accessible and effective tool for cancer
detection and monitoring. Part of the solution may lie in the development of
increasingly powerful technologies, such as dramatically cheaper sequencing or

19




20

| Chapter 1

even more accurate polymerases. However, part of the solution also lies in better
usage of the data that are already available, and in combining data streams from
different sources more effectively (72).

1.6 Thesis outline

In this thesis, we present multiple efforts to optimize the performance of cfDNA
analysis methods in solid malignancies. These efforts include comparisons between
existing methods, as well as the development of new data analysis procedures
where these tools did not exist before.

One of the early workhorses of ctDNA analyses is ddPCR. Due to its ability to
partition each experiment into almost 20,000 picoliter sized droplets, detection of
even single molecules carrying a mutation in a much larger pool of non-mutated
wildtype molecules was suddenly child’s play with a relatively simple endpoint PCR
reaction. However, validation efforts from most labs and the use recommendations
from the vendor employed a simplistic threshold approach to distinguish positive
samples from negative samples. In Chapter 2 we describe that by employing a
thorough validation of our assays and a sophisticated post-hoc analysis, we were
able to identify polymerase induced errors in the data. We wrote an R script termed
ALPACA that corrects these errors and validate it using both synthetic samples and
patient samples.

Next to ddPCR, other assays exist that aim to detect hotspot mutations. It is
challenging to make a fair and unbiased comparison between these different assays,
due to the different analytical and preanalytical requirements, and data processing
procedures of each assay. In Chapter 3 we perform a head-on comparison between
four hotspot mutation detection assays, in this case targeting the KRAS gene, in
the setting of metastatic colorectal cancer. The methods compared are BEAMing,
COBAS 2480, ddPCR, and Idylla, each with different strengths and shortcomings.

In the setting of primary metastatic non-small cell lung cancer (mNSCLC) it's in
national and international guidelines that patients receive a diagnostic test to see
whether they have mutations in a number of genes. For this reason, single-locus
hotspot mutation tests are not sufficient, and the tumour tissue biopsy material
is usually tested with a broader targeted NGS panel. However, tissue biopsies are
not always feasible, or do not yield sufficient material to perform all the different
diagnostic tests that the pathologist wants to perform. In Chapter 4 we investigate
how molecular profiling of the plasma ctDNA can complement the standard-of-
care tissue molecular profiling.
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In localized NSCLC, patients with stage II-llIA disease are offered surgery with
curative intent. One of the great challenges of ctDNA analyses is to detect minimal
residual disease (MRD) after removal of the tumour in this setting. By sequencing
the cfDNA prior to surgery and after surgery, as well as the tumour resected
tissue material and the hematopoietic cells, we aim to detect MRD in Chapter 5.
By combining data streams from both mutation detection and fragment length
analyses, we improve the performance of our method.

Finally, in Chapter 6 we summarize, discuss and conclude the thesis, and discuss
some exciting future directions that we feel the field is moving towards.
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Abstract

Background

Bio-Rad droplet-digital PCR is a highly sensitive method that can be used to detect
tumor mutations in circulating cell-free DNA (cfDNA) of patients with cancer. Correct
interpretation of ddPCR results is important for optimal sensitivity and specificity.
Despite its widespread use, no standardized method to interpret ddPCR data is
available, nor have technical artifacts affecting ddPCR results been widely studied.

Methods

False positive rates were determined for 6 ddPCR assays at variable amounts of
input DNA, revealing polymerase induced false positive events (PIFs) and other
false positives. An in silico correction algorithm, known as the adaptive LoB and
PIFs: an automated correction algorithm (ALPACA), was developed to remove PIFs
and apply an adaptive limit of blank (LoB) to individual samples. Performance of
ALPACA was compared to a standard strategy (no PIF correction and static LoB=3)
using data from commercial reference DNA, healthy volunteer cfDNA, and cfDNA
from a real-life cohort of 209 patients with stage IV nonsmall cell lung cancer
(NSCLC) whose tumor and cfDNA had been molecularly profiled.

Results

Applying ALPACA reduced false positive results in healthy ¢fDNA compared to
the standard strategy (specificity 98 vs 88%, P=10"") and stage IV NSCLC patient
cfDNA (99 vs 93%, P=10"""), while not affecting sensitivity in commercial reference
DNA (70 vs 68% P =0.77) or patient cfDNA (82 vs 88%, P=0.13). Overall accuracy in
patient samples was improved (98 vs 92%, P=107).

Conclusions

Correction of PIFs and application of an adaptive LoB increases specificity without
a loss of sensitivity in ddPCR, leading to a higher accuracy in a real-life cohort of
patients with stage IV NSCLC.
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Introduction

Bio-Rad droplet-digital PCR (ddPCR) is a sensitive and quantitative method for the
detection of variants with low variant allele frequencies (VAF) (1,2). For this reason,
it is often used for the detection of mutations in circulating cell-free DNA (cfDNA).

The concept of ddPCR is that DNA molecules are randomly distributed over
10000-20000 droplets (2,3). A PCR reaction driven by Taq polymerase amplifies the
target molecules, and absence or presence of the target mutation is signaled by
wildtype and mutation specific tagman hydrolysis probes labeled with hexachloro-
fluorescein (HEX) and fluorescein amidites (FAM) fluorescence, respectively.
Subsequently, each droplet’s fluorescence is individually measured, allowing for
the detection of minute quantities of target molecules. In this way, ddPCR can
detect rare (low VAF) mutations, making it especially useful for the detection of low
abundant tumor-derived cfDNA in blood samples (1,4-6).

One of the challenges of this approach is to distinguish a true positive from a false
positive signal. It has been noted that mutation positive droplets (events) can
occur in wildtype-only experiments (2,3,7), underlining the need for an optimal
cutoff that prevents false positive results yet preserves a high analytical sensitivity.
Different strategies have been described in literature and recommendations are
given by the manufacturer (2,8-13), but none of these strategies takes into account
technical artifacts and concentration dependent effects.

In this study, we report the occurrence of polymerase induced false positive events
(PIFs) and an input dependent increase in PIFs in ddPCR experiments. Based on
this observation, we developed a novel ddPCR data interpretation algorithm
(adaptive LoB and PIFs: an automated correction algorithm, ALPACA) that combines
corrections for assay specific error rates and technical artifacts. Its performance
was compared to the standard ddPCR data analysis strategy suggested by
the manufacturer.

Materials and methods

Healthy Donors and Patient Enrollment

Plasma and serum from healthy donors were obtained under informed consent,
in accordance with the declaration of Helsinki and as approved by the medical
ethics committee (METC) of the Netherlands Cancer Institute (NKI; Amsterdam,
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the Netherlands). All patients were enrolled with written informed consent as
part of the Lung Cancer Early Molecular Assessment Trial (LEMA; ClinicalTrials.gov
NCT02894853), which was reviewed and approved by METC of the NKI. A subgroup
of the LEMA cohort, consisting of the first consecutive cohort of 209 patients with
confirmed stage IV nonsmall cell lung cancer (NSCLC) for whom pretreatment
plasma was available, was used in this study.

Blood collection, cfDNA isolation, and ddPCR procedure are described in the online
Supplemental Methods, and dMIQE2020 adherence in Table 4 in the online Data
Supplement (14). Briefly, cfDNA was isolated using the QIAsymphony (Qiagen) and
ddPCR was performed using the QX100 instruments (Bio-Rad Laboratories Inc.).

Phase 1: Designing the ALPACA Algorithm

Experiments

The ALPACA algorithm was designed using EP17 experiments (15), as follows:
commercial wildtype DNA (Horizon Discovery Ltd) or mutant DNA (gBlock Gene
Fragments, Integrated DNA Technologies Inc.) was measured in 60-fold in 2-4
concentrations per assay, ranging from 5 to 472 copies/uL (0.4-24.5ng/well).
Droplet counts from 60 wells were combined and analyzed as a single result.

PIF correction

The EP17 results were corrected for PIFs as follows: assuming that mutant
molecules are randomly distributed over the droplets, the ratio of FAM-only
vs FAM&HEX positive droplets was expected to be equal to the ratio of empty
vs HEX-only positive droplets (2, 3). The cumulative binomial probability (P) to
observe each ratio of FAM vs FAM&HEX given the ratio of empty vs HEX droplets
was calculated. For any experiment where P was smaller than 0.1, the maximum
number of FAM&HEX droplets was calculated for which we would have P>0.1. All
excess FAM&HEX droplets (the difference between the observed number and the
calculated maximum expected number) were defined as PIFs and were treated as
HEX-only droplets in all further analyses. The limit of P=0.1 was determined based
on performance on the EP17 training data.

Adaptive LoB

Any FAM-positive droplets remaining after PIF correction were considered
false positive droplets in the EP17 experiments. The false positive rate (FPR) was
calculated as the number of mutant molecules per wildtype molecule for each
assay at 2-4 concentrations per assay.
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For all subsequent experiments, the droplet counts from each replicate were added
up and the PIFs were removed as described. The adaptive LoB was calculated as
99.9% binomial upper confidence limit of the expected number of false positive
droplets, given the FPR of the EP17 experiment with the concentration closest to
the concentration of the sample. This limit was determined based on performance
on the EP17 training data.

A mutation was called positive if the number of remaining FAM-positive droplets
after PIF removal was equal to or greater than the adaptive LoB. PIF removal and
the adaptive LoB were applied sequentially in an R algorithm called ALPACA, made
available in GitHub: https://github.com/DCLVessies/ALPACA.git (Fig. 1).

v ALPACA
L

Adaptive LoB and PiFs: an Automated Correction Algorithm

i Q”cas"‘":ilse"f‘ i 1. 2. 3}
= : Merge Remove PIFs Adaptive LoB

replicates

Figure 1. ALPACA is an automated algorithm in R that takes the .csv files generated by QuantaSoft as input,
merges replicates, removes PIFs, and applies an adaptive LoB based on the sample-specific FPR.

Phase 2: Validation of ALPACA

The analytical performance of ALPACA was compared to the manufacturer’s
standard strategy (2), which used no PIF correction and called a mutation when
3 or more FAM-positive droplets were present in a duplicate experiment and the
corresponding blank experiment had no positive droplets. Three data sets were
used for the evaluation: (a) commercial reference DNA to assess sensitivity of the
2 strategies; (b) cfDNA from healthy donors to assess specificity; and (c) stage IV
NSCLC patient cfDNA to assess diagnostic accuracy in a real-world setting.

Commercial reference DNA

Wildtype (catalog no. HD124, HD249) and mutant DNA for EGFR p. E746-A750del
(HD251), EGFR p. T790M (HD258), EGFR p. L858R (HD254), and BRAF p. V600OE
(HD238) were acquired commercially (Horizon Discovery Ltd). Wildtype and mutant
DNA were mixed to obtain different levels of mutant DNA: 4.0, 0.3, 0.1, and 0.02
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mutant copies/pL in a final concentration of about 11 wildtype copies/pL (0.7 ng/
well), and 0.3, 0.03, and 0 mutant copies/uL in a final concentration of 300 wildtype
copies/pL (20 ng/well). Five duplicates (10 wells) of each sample were measured
with the relevant ddPCR assay (Bio-Rad, Supplemental Methods). Each duplicate
was considered a single result, for a total of n=30 results per assay. Sensitivity of
ALPACA and the standard strategy was defined as the fraction of results in which
the mutation was detected.

Healthy cfDNA

Healthy donor plasma and serum cfDNA was acquired as described in
the Supplemental Methods. The cfDNA yield was not determined, and 9uL of
sample was used as input for ddPCR, leading to a median plasma/serum equivalent
input of 0.5 mL (IQR 0.5-0.5 mL). Specificity was defined as the fraction of results in
which no mutation was detected.

NSCLC patient cfDNA

Patient enrolment, blood collection, and c¢fDNA isolation are described in the
online Supplemental Methods. Plasma cfDNA molecular profiling (PMP) was
performed with the AVENIO ctDNA Targeted kit (Roche), using up to 50ng
cfDNA input (median 39ng, IQR 28-50ng). 17 genes were enriched with capture
hybridization and sequenced to median 19000 depth (IQR 17000-22 000), median
5900 unique depth after deduplication (IQR 4300-7600).

Decentralized tissue molecular profiling (TMP) was performed according to the
standard of care in the hospital of enrolment. According to national and international
guidelines TMP should include known NSCLC oncodriver genes, including among
others KRAS and EGFR (16-18). The methods of TMP were dependent on the
quantity and quality of available tumour tissue and local laboratory preferences.
TMP results were obtained from the clinical pathology reports.

Mutations detected with either PMP or TMP were considered true mutations.
Mutations not detected with either method were considered true negatives. An
independent sample of up to 4 mL of plasma (from the same blood draw as PMP)
was used for ddPCR as described in the Supplemental Methods. This cfDNA was
measured with 4 ddPCR assays [EGFR p. L858R, EGFR p. T790M, KRAS p. G12/
G13 screening (Bio-Rad), and EGFR exon19 del drop-off (IDT) (19)], such that
the equivalent of median 1mL of plasma was used per assay (IQR 0.88-1mL).
The median concentration in ddPCR was 71 copies/uL (IQR 49-146 copies/uL),
corresponding to median 4.8ng/well (IQR 3.3-9.7 ng/well). 49 patients (24%)
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had cfDNA concentration greater than 10ng/well. Accuracy of ALPACA and the
standard strategy were calculated as agreement with the molecular profiling
(PMP+TMP) results.

Statistical Methods
ddPCR results were analyzed in QuantaSoft (Bio-Rad) as described in
the Supplemental Methods. Mutation calls were interpreted by the ALPACA
algorithm or the standard strategy where 3 FAM-positive droplets constitute a
positive mutation call.

Statistical significance levels of the differences in sensitivity, specificity, and
accuracy were assessed using the McNemar test with continuity correction.
Statistical significance of differences in negative and positive predictive values
were assessed using a weighted generalized score using compbdt (20). ALPACA and
all statistical tests were performed in R v.3.6.0. (21).

Results

Polymerase Induced FAM&HEX Positive Droplets (PIFs)

The FPR of EGFR p. T790M, EGFR p. L858R, EGFR p. E746_A750del, BRAF p. V600E,
KRAS G12/G13 screening, and EGFR exon 19 deletion drop-off assays were
determined according to the CLSI EP17 protocol using different amounts of
wildtype reference DNA (range 0.4-24.5 ng/well). The number of mutant positive
droplets differed per assay and increased with the amount of wildtype reference
DNA present in the PCR reaction.

Mutant positive droplets showed a skew toward FAM&HEX vs FAM-only droplets
(examples in Fig. 2, A, B). This skew was not due to stochastic distribution of mutant
molecules over the droplets. For example (Fig. 2, A), the probability to observe
188 or more FAM&HEX droplets out of 193 total mutant droplets, given 67% HEX-
negative droplets, is P=10782, P values for all experiments ranged from P=1 to
P=10-%(Table 1).

We hypothesized that the skew could be caused by Tag polymerase PCR errors
introduced in originally wildtype DNA present in a droplet (Fig. 2, C). This
hypothesis was based on the observations that first the FAM&HEX droplets appear
in a “fan-like pattern” (Fig. 2 A, C, Supplemental Figs. 1-3) reminiscent of discrete
processes such as consecutive PCR cycles. Second, the skew was absent in the EGFR

35




36

| Chapter 2

p. E746_A750del (c.2235_2249del15) assay (Fig. 2, B, Table 1), a mutation unlikely to
be caused by PCR error. Third, the skew correlated with the DNA concentration in
the analysis (Table 1). Fourth, the skew and fan pattern were more prominent in the
EGFR p.T790M (c.2369C>T) assay than in the EGFR p. L858R (c.2573T>G) and BRAF p.
V600E (c.1799T>A) assays (Table 1), which is in line with the base specific error rates
of Taq polymerase (22,23). The fan pattern was subsequently confirmed in KRAS p.
G12D (c.35G>A) and KRAS p. G13D (c.38G>A) assays, providing a similar pattern
to EGFR p. T790M (Supplemental Figs. 2 and 3). Fifth, FAM&HEX positive droplets
were never observed in No Template Control wells, indicating they require wildtype
target molecules to arise. Last, the skew could not be caused by nonspecific probe-
binding of the mutant probe to wildtype sequence, as this would result in a little
FAM fluorescence in all wildtype droplets [i.e., an upward leaning wildtype cloud
(14)] rather than maximum FAM fluorescence in a minority of wildtype droplets.
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- I Skew probability: p=10-82

- e e e O ddPCR droplet

iw ~ Wildtype molecule

E £+ ks Polymerase error
n=650252 events e 319712 events resembling mutant
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B i Errorin cycle 1:\.commone  J EFFOr in cycle 2:
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-] 50:50 2575
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Figure 2. Polymerase induced false positive events (PIFs). Example of the combined results (A) (60 individual
PCR reactions) obtained from a CLSI EP17 protocol of wildtype reference DNA with the Bio-Rad EGFR p.
T790M assay. Example of EP17 combined result with Bio-Rad EGFR p. E746_A750del assay (B). Proposed
mechanism of PIF occurrence: polymerase errors are introduced during ddPCR (C). The timing of the
polymerase error determines the wave-like appearance of PIFs.
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To verify this hypothesis 100% EGFR p. T790M mutant DNA (gBlock Gene Fragment,
IDT) was used to measure the skew for the T> C transition, for which Taq polymerase
has a higher error rate than for the original C>T transition (22, 23). This resulted in
a 30 times higher number of FAM&HEX droplets compared to the EGFR p. T790M
wildtype experiments (Supplemental Fig. 1), supporting the hypothesis that the
excess FAM&HEX droplets do not represent original mutant DNA fragments and
should be considered polymerase induced false positive events (PIFs) instead.

To address the occurrence of PIFs an in silico correction algorithm was developed.
Briefly, this algorithm removes excess PIFs based on the likelihood of observing
that distribution of FAM&HEX vs FAM-only droplets. The effect of removing PIFs is
shown in Table 1.

Adaptive Limit of Blank

PIFs are a source of false positive droplets that will result in FAM&HEX droplets. In
the EP17 experiments we also observed FAM-only false positive droplets, resulting
in an FPR after PIF correction (Table 1). Since the FPR increased with the amount
of input DNA, we developed an adaptive LoB that scales with the concentration
and the number of wells analyzed. Briefly, the adaptive LoB is calculated for each
experiment (all replicates of a single sample) individually. It uses the assay and
concentration dependent FPR to determine the maximum expected number
of FAM-positive droplets in a wildtype-only experiment after PIF removal. Only
experiments that have a number of FAM-only + FAM&HEX positive droplets equal
to or greater than the LoB are considered mutation positive. PIF correction and the
adaptive LoB were applied sequentially in the ALPACA algorithm (Fig. 1).

Validation of ALPACA

To evaluate the performance of ALPACA we compared the results obtained by
ALPACA to Bio-Rad’s standard strategy (no PIF correction and static LoB=3) (2). The
validation was performed using 3 data sets: commercial reference DNA to evaluate
sensitivity, healthy donor cfDNA to evaluate specificity, and NSCLC patient cfDNA
as evaluation in a real-life cohort.

Commercial reference DNA

Commercial reference DNA harboring the mutation was spiked into wildtype
reference DNA at various VAFs and measured in 5 duplicates. The sensitivity of
ALPACA vs the standard strategy was 70 vs 68%, n=120 (P=0.77, Supplemental
Table 1). Subgroup analysis of low-input samples (0.7 ng/well) containing 4.0,
0.3, 0.1, and 0.02 variant copies/uL likewise showed no difference in sensitivity:
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Table 1. Results of the EP17 experiments (60 replicates of wildtype-only DNA) for different assays at
2-4 different concentrations per assay.

ddPCR assay Mutation c.- Number Concentration FAM& FAM- HEX-
annotation of wells  (copies/pL) HEX only only
60 5 2 1 3725
60 34 5 0 29071
EGFRT790M c.2369C>T
60 144 19 6 105418
60 471 188 5 319712
EGFRT790M €.2369T>C 60 59 140 45043 13
60 34 1 1 25838
EGFR E746-
A750del €.2235_2249del15 60 210 0 9 146825
60 270 0 1 179864
60 34 1 0 28018
60 173 7 1 134469
EGFR L858R c.2573T>G
60 309 16 0 217063
60 441 12 0 289718
60 19 2 0 15387
BRAF V600OE c.1799T>A 60 297 5 4 192957
60 472 5 0 300515
60 33 0 4 32206
EGFR exon19 . )
DEL drop-off various deletions 60 77 2 1 65649
60 235 0 8 180515
KRAS G12/G13 various SNVs 60 25 10 5 19971
screening 60 250 68 5 169337

@ Cumulative binomial probability of observing this distribution of FAM&HEX vs FAM-only positive droplets.
®The number of FAM&HEX positive droplets that were calculated to be PIFs, and were considered HEX-only
positive in downstream analysis.

¢ False positive rate (FPR) calculated as the number of detected mutant molecules (after PIF removal) per
wildtype molecule in the EP17 experiments.

4The average number of false positive droplets per well that remain after PIF removal.

75 vs 70%, n=_80, P=0.22. Similarly, at high input and low VAF (0.3 and 0.03 variant
copies/pyL in 20ng/well) no differences were found: 60 vs 65%, n=40, P=0.68.
Meanwhile, the standard strategy had 2 false positive results in the high-input
wildtype-only samples versus 0 for ALPACA.

In addition to analyzing the results as duplicates, ALPACA allows for merging a
variable number of replicates and analyzing them as a single result, using the same
rules for setting the adaptive LoB as it does for single wells, duplicates, or more
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Empty Skew probability (P)* PIFsremoved® FPR (variant copies/ False positive droplets

wildtype copy) ¢ per well ¢
867076 5x107° 2 3x10™* 0.02
978906 2x1078 4 3x10°° 0.02
809352 1%x107" 15 9x 107 0.17
650252 7x10°% 179 4x107 0.23
877351 3x107'6¢ 138 3x10™* 0.25
864660 6x1072 0 8x107 0.03
751363 1x10° 0 6x107° 0.15
697747 1x10° 0 5x10°° 0.02
954099 3x1072 0 4x107° 0.02
851717 3x10™* 5 2x10°° 0.05
723472 6x107"" 15 4x10° 0.02
636082 9% 107 1 3x10° 0.02
936393 3x10* 1 6x107° 0.02
671975 3x1072 0 4x107° 0.15
607953 4%x1073 3 5x10°° 0.03
1117630 9x10™ 0 1x10™ 0.06
974298 1x1072 1 3x10°° 0.03
818161 2x107" 0 4x107° 0.12
935196 4x10™ 9 3x10* 0.10
716744 7x107% 65 4%x10°° 0.13

replicates. In contrast to strategies with a static LoB (such as the standard strategy),
it therefore requires no separate validation for each different number of replicates
analyzed. This feature can be used to increase the sensitivity of the approach. When
data from 5 duplicates (10 wells) were merged into 1 result ALPACA’s sensitivity
improved from 70% (n=120) to 92% (n=24), without calling a variant in the
wildtype-only samples (Supplemental Table 1).
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Healthy donor cfDNA

Healthy donor ¢fDNA was isolated from plasma and serum, and measured in
duplicates using the EGFR T790M (n=79), EGFR L858R (n=28), KRAS G12/G13
screening (n=40), and EGFR exon19 deletion (n=40) assays. Combined specificity
(n=187) was significantly greater for ALPACA vs the standard strategy (98 vs 88%,
P=10" Supplemental Table 2). Most differences were seen in serum samples
with concentration greater than 10 ng/well (94 vs 74%, n=72, P=10"*) confirming
our observation that samples with high concentration have more false positive
droplets. No false positive results were seen for either strategy when using EGFR
L858R or EGFR exon19 deletion drop-off, while EGFR T790M (95 vs 85%, P=0.01)
and KRAS G12/G13 screening (100 vs 75%, P=0.004) showed large differences in
specificity, again fitting with earlier observations.

NSCLC patient cfDNA

Last, both strategies were evaluated using a real-life cohort of stage IV NSCLC patient
samples (n=209). For all patients, molecular profiling results for plasma and tissue
were available, which served as the gold standard. Comparing the ddPCR results from
4 assays (EGFR exon 19 deletion drop-off assay, EGFR L858R, EGFR T790M, and KRAS
G12/G13 screening) to the gold standard, we observed overall accuracy of ALPACA
vs standard strategy of 98 vs 92% (P=10"%, Supplemental Table 3). The accuracy for
each individual assay was improved when using ALPACA (Fig. 3, A). Combining
results of the 4 assays, ALPACA and the standard strategy correctly identified 61 and
65 out of 74 positive mutations (sensitivity 82 vs 88%, P=0.13), and 730 and 683 out
of 735 negative results (specificity 99 vs 93%, P=10"""), respectively. The negative
predictive value (NPV) was 98 vs 99% (P =0.10), and positive predictive value (PPV)
was 92 vs 56% (P <0.001).

A Accuracy per assay B Performance across all assays
100%

80%

: 80% -I-
60%
40%

20%

0%

EGFR exon EGFR EGFR KRAS total

o
19deletion  p.L8S8R p.T790M p.G12/G13 0% L —_
screening Sensitivity  Specificity NPV PPV Accuracy

DOSTANDARD STRATEGY EALPACA OSTANDARD STRATEGY @ ALPACA
Figure 3. Patient results. Accuracy for the individual assays (A). Sensitivity, specificity, negative predictive

value (NPV), positive predictive value (PPV), and accuracy for all assays combined (B). Error bars indicate
exact binomial confidence intervals.
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Discussion and Conclusion

Bio-Rad ddPCR is a highly sensitive method that is used in clinical and research
settings to detect mutations in cfDNA (1,2). Highly sensitive methods can be
hindered by the occurrence of false positive results. Yet, the manufacturer’s
recommendations for data processing are rather straightforward. As a consequence,
it copes poorly with high-concentration samples and technical artifacts, which
ultimately may cause false positive mutation calls. This can be especially relevant
when therapeutic choices are based on these results and can impact patient
treatment and outcome.

We observed that FAM&HEX false positive droplets (PIFs) were introduced during
ddPCR experiments (Fig. 2, Table 1). Our results show that the Taq polymerase,
which is prone to base substitution errors (22,23), is the most likely source of PIFs.
Since Taq polymerase is an irreplaceable component of Bio-Rad ddPCR Supermix,
PIFs are likely to occur more generally when using this platform and the effects
will be most significant for assays designed to detect C>T/G>A or T>C/A>G base
substitutions. This may explain why others have found reduced specificity for the
EGFRT790M (C>T) ddPCR assay compared to other assays (24).

PIFs can potentially lead to false positive ddPCR results and affect the quantification
of ctDNA. We designed a statistical model to estimate the number of PIFs and
exclude them from downstream analyses. In addition to PIFs, all ddPCR assays
studied showed FPR increasing with DNA concentration (Table 1). The adaptive LoB
sets a threshold for individual ddPCR results, considering assay characteristics, the
concentration dependent FPR, and the number of wells analyzed. PIF correction
and adaptive LoB were combined into the ALPACA algorithm.

In cfDNA from healthy donors ALPACA improved specificity compared to the
manufacturer’s standard strategy (98 vs 88%, P=107*), especially among samples
with high cfDNA concentration (94 vs 74%, P=107). In contrast, sensitivity was
not different in spiked commercial reference samples (70 vs 68%, P=0.77), either
among samples with low input (75 vs 70%, P=0.22) or with high input (60 vs 65%,
P=0.68).

Together, these results show that ddPCR produces false positive results, particularly
at high DNA input concentration. These are prevented by ALPACA, leading to
improved confidence in positive results. This can be especially relevant in settings
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seeking low VAF variants, such as detection of minimal residual disease or samples
with high wildtype DNA contamination such as serum cfDNA.

Confirming our findings in ¢fDNA from 209 patients with stage IV NSCLC, ALPACA
improved diagnostic accuracy (98 vs 92%, P =107%), specificity (99 vs 93%, P=10"""),
and PPV (92 vs 56%, P < 0.001), while not affecting sensitivity (82 vs 88%, P=0.10) or
NPV (98 vs 99%, P=0.10) (Fig. 3, B). Importantly, the patients in this study represent
a real-life cohort of patients with stage IV NSCLC, allowing to extrapolate these
results to a real-life setting. In total, 47 false positive results in 41 patients (19.6%)
could be avoided by applying ALPACA. False positive results were obtained by the
standard strategy in KRAS (22x), EGFR p. T790M (13x), EGFR exon 19 deletion (10x)
and EGFR p. L858R (2x). Vice versa, only 4 false negative results in 4 patients (1.9%)
were obtained by ALPACA compared to the standard strategy, all in KRAS. Since
these false positive results all can have clinical and therapeutic consequences,
avoiding false positive results is crucial.

For applications where optimal sensitivity is required, it is desirable to analyze
more DNA by merging data from multiple replicates. In contrast to approaches
with a static LoB, ALPACA’s adaptive LoB scales with the number of replicates
analyzed. In this manuscript, by merging data from 10 replicates of the commercial
reference samples, sensitivity for ALPACA was improved from 70 to 92%. This shows
that merging replicates can be a powerful tool to improve sensitivity for ddPCR,
provided the specificity is maintained by application of an adaptive LoB.

Apart from the effect on sensitivity and specificity, ALPACA will also affect the
quantification of results. Differences in quantification are especially relevant when
mutations are monitored longitudinally, and additional research will be required to
determine the effects of ALPACA on the precision of quantification.

Another approach for preventing false positive results can be to standardize the total
DNA input per reaction. Decreased specificity due to high input is circumvented
that way, and no adaptive LoB is required. However, samples that do not meet the
input requirement cannot be analyzed and high-concentration samples need to be
diluted, decreasing the theoretical sensitivity of the method (25).

In conclusion, ddPCR causes assay specific and input dependent false positive
events (coined PIFs in this study). Even after PIF correction samples with higher
DNA concentrations still can have more false positive events, requiring an adaptive
LoB to distinguish positive from negative results. ALPACA is a novel algorithm that
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applies PIF correction and an adaptive LoB to individual and merged ddPCR results.
The algorithm prevents false positive results especially in samples with a high
concentration. Application of ALPACA to a real-life cohort of stage IV NSCLC plasma
samples significantly improved the overall accuracy, specificity, and PPV while not
significantly affecting the sensitivity and NPV.
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Supplemental materials
Supplemental methods

Blood collection and cfDNA isolation

Blood was collected in 10ml K -EDTA tube or 10 ml cell-stabilizing tubes (STRECK,
Omaha, USA). Cell-free plasma was obtained from the K -EDTA tube within four
hours by a two-step centrifugation at room temperature: 20 minutes at 380g
followed by 10 minutes at 20,000xg. Cell-stabilizing tubes were centrifuged at
room temperature for 10 minutes at 1700xg, and 10 minutes at 20,000xg within
seven days. Cell-free plasma was stored in 1-4 ml aliquots at -80°C. Blood for serum
was collected in 8.5ml SST tubes which were mixed gently and allowed to clot
for 30 minutes at room temperature. After clotting the tube was centrifuged for
10 minutes at 1700g at room temperature and the serum was stored in 1-4 ml
aliquots at -30°C.

For ddPCR up to 4 ml cell-free plasma or serum was used for isolation of cfDNA,
while for Next Generation Sequencing (NGS) up to 8 ml cell-free plasma (median
5 ml, inter-quartile range 4-6 ml) was used in a single replicate. Isolation was done
using the QlAsymphony Circulating DNA kit (article number 1091063, Qiagen,
Dusseldorf, Germany) with the QIAsymphony (Qiagen). No extraction blanks were
used in this study. Elution volume was set to 60 pl and samples were stored at 4°C
for use within one week.

Plasma cfDNA was not quantified prior to ddPCR (instead using a set volume of
sample as described below). Plasma c¢fDNA was quantified prior to NGS, using the
Qubit dsDNA HS Assay kit (catalogue number Q32851), and up to 50ng was used
as input as described in the main methods section. Serum cfDNA was quantified
prior to ddPCR, using the same Qubit kit and diluted to fall within the range of
1.5-2.5 ng/pl.

ddPCR procedure

ddPCR was performed on the Bio-Rad QX100 system (Bio-Rad Laboratories Inc,
Hercules, California, USA). Two No Template Control (NTC) and Positive Control (PC)
wells were included with each experiment for each assay. EP17 experiments were
performed in 60 replicates, all other experiments in duplicates. For each replicate
9ul sample, Tul each of mutant and wildtype probes and 11ul ddPCR Supermix for
Probes (no dUTP) (Bio-Rad, cat# 186-3023) were used. No denaturation or restriction
was performed prior to droplet assembly. Droplets were generated with QX100
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Droplet Generator, thermal cycling was performed as described in Supplemental
Methods table 1 below and droplet fluorescence was measured with QX100
Droplet Reader. Data were analysed with QuantaSoft (Bio-Rad, version 1.7.4.0917),
thresholding was performed manually by experienced technicians guided by NTC
and PC sample wells. Mutation calls were interpreted as described in the main text.

Supplemental Methods table 1: ddPCR cycling conditions

Cycling step Temperature (°C) Time # Cycles Ramp Rate

Enzyme activation 95 10 min 1 2°C/sec

Denaturation 94 30 sec 40

Annealing/extension 55 1 min

Enzyme deactivation 98 10 min 1

Hold (optional) 4 Infinite 1 1°C/sec
ddPCR assays used

See online supplemental data.

Supplemental tables 1-4
See online supplemental data

Supplemental figures
See online supplemental data
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Abstract

Multiple platforms are commercially available for the detection of circulating cell-
free tumour DNA (ctDNA) from liquid biopsies. Since platforms have different input
and output variables, deciding what platform to use for a given clinical or research
question can be daunting. This study aimed to provide insight in platform selection
criteria by comparing four commercial platforms that detect KRAS ctDNA hotspot
mutations: Bio-Rad droplet digital PCR (ddPCR), BioCartis Idylla, Roche COBAS
z480 and Sysmex BEAMing. Platform sensitivities were determined using plasma
samples from metastatic colorectal cancer (mCRC) patients and synthetic reference
samples, thereby eliminating variability in amount of plasma analysed and ctDNA
isolation methods. The prevalence of KRAS nucleotide alterations was set against
platform-specific breadth of target. Platform comparisons revealed that ddPCR
and BEAMing detect more KRAS mutations amongst mCRC patients than Idylla
and COBAS z480. Maximum sample throughput was highest for ddPCR and COBAS
z480. Total annual costs were highest for BEAMing and lowest for Idylla and ddPCR.
In conclusion, when selecting a platform for detection of ctDNA hotspot mutations
the desired test sensitivity, breadth of target, maximum sample throughput, and
total annual costs are critical factors that should be taken into consideration. Based
on the results of this study, laboratories will be able to select the optimal platform
for their needs.
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Introduction

Patients with metastatic colorectal cancer (mCRC) may be treated with targeted
therapies directed against epidermal growth factor receptor (EGFR). However,
presence of a Kirsten rat sarcoma (KRAS) mutation in the tumour confers resistance
to this type of therapy (1). In the current standard of care the presence of KRAS
mutations is determined in tissue biopsies obtained from the tumour. Obtaining such
biopsies is invasive to the patient, may not fully represent tumour heterogeneity (2),
and is cost and time intensive. Detection of KRAS mutations in circulating
cell-free DNA (cfDNA) from liquid biopsies offers an attractive alternative (3).
Yet, cfDNA testing has its challenges, including the small amounts of available
cfDNA and low fractions of circulating tumour DNA (ctDNA) (4). Multiple commercial
ctDNA detection platforms are available, ranging from PCR based hotspot analysis
to broad targeted NGS applications. These platforms show considerable differences
in the amount of plasma required as input, the DNA isolation method, quantitative
versus semi-quantitative results, the breadth of target and the total cost per sample
analysed. These differences complicate a straightforward comparison of platforms,
which results in a knowledge gap in cfDNA testing (5). Attempts to perform such
comparisons have been made (6-9), but it cannot be excluded that the results
were biased by using different amounts of plasma or ¢fDNA, different isolation
methods (10) and/or the use of tissue biopsy results as the gold standard. In
addition these studies did not evaluate factors influencing the choice for a platform
in daily practice such as the costs of analysis, the maximum annual throughput
and the differences in the number of mutations targeted by a platform. Four
commercially available PCR-based platforms for detection of hotspot mutations
in KRAS (Bio-Rad droplet digital PCR (ddPCR), BioCartis Idylla, Roche COBAS z480
and Sysmex BEAMing) were compared in this study, while limiting or eliminating
the impact of factors that affect a direct comparison of platforms. Furthermore the
costs of analysis and the impact of the choice for a platform on detection of KRAS
mutations in mCRC patients were investigated.

Materials and methods

Patient selection and blood collection

Seventeen patients with histopathologically confirmed mCRC were included
between July 2017 and February 2018 through the nationwide Prospective Dutch
Colorectal Cancer cohort (PLCRC) (11). PLCRC was approved by the Medical Ethical
Committee (METC) of the University Medical Center Utrecht. The review board at

51




52

| Chapter 3

each participating institution approved the study, which was conducted according
to the principles of the Declaration of Helsinki and the International Conference
on Harmonisation Good Clinical Practice guidelines. All patients provided written
informed consent to participate in the study. Patients were selected based on their
KRAS mutation status as determined in tissue biopsies. Two patients without a
KRAS mutation (of whom one with a KRAS amplification) were also included.
Mutations in tissue were determined as part of routine diagnostics, using the
method of choice for each including hospital. Specifically this was the lon
Torrent Hotspot panel v2plus (14x), the Therascreen KRAS extension pyro kit
(1x) and unknown (2x). Clinical data for each patient at the time of liquid biopsy
are summarised in Supplemental Table 1. Blood was collected at a single time
point during treatment for metastatic disease in four 10 ml Cell-free DNA BCT
tubes (Streck, La Vista, NE, USA) and shipped to the Netherlands Cancer Institute
(NKI, Amsterdam, the Netherlands). Cell-free plasma was obtained by a two-step
centrifugation protocol (10 minutes at 1700g, followed by 10 minutes at 20000 g).
Cell-free plasma was stored at —80 °C.

cfDNA isolation
CfDNA was isolated using the isolation method provided with each platform or
with the QIAsymphony Circulating DNA kit (Qiagen, Disseldorf, Germany) on the
QlAsymphony (Qiagen). For the latter 4 ml of plasma was isolated and the elution
volume set to 60 pl.

Construction of synthetic reference samples

Full length genomic DNA (gDNA) (Promega, Madison, WI, USA), containing no
mutations in KRAS, was fragmented enzymatically with dsDNA Fragmentase
[#M0348] (New England Biolabs, Ipswich, MA, USA) according to manufacturer
instructions. Briefly, 60 ug gDNA was incubated with dsDNA Fragmentase and
incubated for 30 minutes at 37°C, in 30 reactions of 2 ug gDNA each. The product
of the 30 reactions was pooled and double-sided SPRI cleanup was performed
with Agencourt AMPure XP beads [#A63881] (Beckman Coulter Life Sciences,
Indianapolis, IN, USA), using 0.8x and 2.5x ratios according to manufacturer
instructions. The resulting pool of cfDNA-like wildtype DNA was analysed on the
Agilent 2100 BioAnalyzer system (Agilent, Santa Clara, CA, USA) using a High
Sensitivity kit (#5067-4626) (Supplemental Fig. 1).

Seven synthetic DNA fragments containing mutations in the KRAS gene (KRAS
p.G12A, p.G12C, p.G13D, p.A59T, p.Q61H, p.K117N or p.A146V) were ordered as
gBlocks Gene Fragments with a length of 973-999bp from IDT (Integrated DNA
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Technologies Inc, Skokie, IL, USA). The sequences are provided in Supplemental
sequences 1. These were fragmented sonically on a Covaris ME220 Focused-
ultrasonicator (Covaris inc, Woburn, MA, USA) using microTUBE AFA Fiber Pre-Slit
Snap-Cap (PN 520045) vessels, with the following settings: Duration 100s, Peak
Power 75W, Duty Factor 25% and 1000 Cycles per Burst. No BioAnalyzer results are
available for the fragmented oligos, as the DNA concentration is below the limit
of detection for that device. The sheared synthetic DNA fragments were pooled
equimolarly and spiked into the cfDNA-like wildtype DNA to achieve mutant allele
frequencies (mAF) of 0.50%, 0.04%, 0.02% and 0% (i.e. no synthetic DNA spiked,
wildtype control). In total six different constructed reference samples were used in
this study: 50 ng input with 0.50%, 0.02% and 0% mAF, and 10 ng input with 0.50%,
0.04% and 0% mAF. Four replicates of every constructed reference sample were
measured to assess the sensitivity of each platform.

Bio-Rad ddPCR

For Bio-Rad ddPCR the KRAS G12/G13 screening kit (#1863506, Bio-Rad) was used
according to manufacturer’s instructions. All measurements were performed in
duplicate, using an 18ul sample, 2l ddPCR KRAS G12/G13 Screening Multiplex
Assay and 22 pl ddPCR Supermix for Probes (no dUTP) (catalogue number 186-3023).
Droplets were generated with QX100 Droplet Generator and measured with QX100
Droplet Reader. Data were analysed with QuantaSoft (Bio-Rad) version 1.7.4.0917.
When analysing constructed reference samples containing three mutations in
KRAS codons 12 and 13, the three mutant droplet clouds were identified and
analysed independently.

For data interpretation we applied a dynamic limit of blank (LoB) that is dependent
on the assay used and the concentration of the sample being analysed. The false
positive rate (FPR) for the ddPCR KRAS G12/G13 Screening kit had previously been
determined using 60-fold measurement of Horizon KRAS Wild Type Reference
Standard DNA (#HD710, Horizon) at 25 and 250 copies/pl. FPR was defined as the
ratio of false positive mutant molecules over wildtype molecules, and used to
determine the LoB in each sample using a binomial model with 0.1% cut-off. For
example, in a duplicate experiment where 6000 wildtype molecules are observed
and FPR at that concentration being 107, the binomial probability for observing
more than three (false positive) mutant events by chance is 0.4%, and therefore
cannot be excluded as a random chance event. By contrast, if more than four
mutant positive events are observed (p<0.1%) this is considered to be a true
biological signal, and the sample is interpreted as positive for that mutation.
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Idylla

Biocartis Idylla™ (Biocartis NV, Mechelen, Belgium) was used with the Idylla™
ctKRAS Mutation Test (REF A0081/6) according to manufacturer instructions
unless otherwise indicated. Where previously isolated DNA was used with Idylla,
it was diluted in nuclease free H,O (NF-H,0) to 1 ml and loaded onto the cartridge.
This procedure was previously determined to not impact the performance of the
system negatively (data not shown). Results were obtained and analysed in the
IdyllaExplore environment, allowing for the identification of multiple mutations
per sample.

COBAS z480

Roche COBAS z480 (Roche Molecular System Inc, Pleasanton, CA, USA) was used
with the KRAS Mutation Test v2 LSR kit (material number 07989270001) according to
manufacturer instructions unless otherwise indicated. Where previously isolated DNA
was used with COBAS z480, it was diluted in NF-H,O to 70 ul prior to PCR setup. Data
was analysed according to instructions by uploading the.ixo files to the online LSR Data
Analysis tool (https://lifescience.roche.com/en_nl/brands/oncology-research-kits.html).

BEAMing

Sysmex Inostics BEAMing Digital PCR (Sysmex Inostics GmbH, Hamburg, Germany)
was used with the OncoBEAM™ RAS CRC kit RUO (ZR150001) and the CyFlow Cube
6i and Robby instruments according to manufacturer instructions unless otherwise
indicated. Where previously isolated DNA was used with BEAMing, it was diluted
in NF-H,O to 123l prior to pre-amplification. Data was analysed for the KRAS
variants only (ignoring NRAS variants), using the BEAMing software according
to instructions. Technical performance data for all four platforms are provided in
Supplemental Table 2.

Breadth of target

The point mutations in KRAS that are targeted by each platform were evaluated from
the respective product specifications. These were compared to publicly available
tissue biopsy mutation profiles for 1099 mCRC patients (12), that were accessed
through the cBioPortal for Cancer Genomics (13,14) on December 14th, 2018.



Performance of four platforms for KRAS mutation detection in plasma cell-free DNA |

Total annual costs

We determined the total annual cost according to the Activity Based Costing (ABC)
model (15), including all reagents costs, hands-on time costs, maintenance costs
and depreciation costs for all equipment used. The material costs include costs
for cfDNA isolation, kit costs, control samples and additional materials. Hands-on
time per sample was determined for two scenario’s: High throughput (maximum
number of samples per week based on maximal occupancy of the machine) and
low throughput (5 samples per week). Intermediate throughput was modelled by
linear interpolation of those results. Equipment depreciation was calculated by
applying an annuity factor based on equipment depreciation in 10 years with an
interest rate of 4.2%. Maintenance was incorporated by applying a fixed annual
cost for maintenance contracts for each platform. Costs were included as raw list
price costs, including all relevant taxes and were analysed as a function of annual
sample throughput for each platform. To determine what factors have a large or
small effect on the total cost per year we performed cost sensitivity analyses for the
following parameters: 1) Equipment depreciation in 5 years rather than 10 years
and 2) Manual cfDNA isolation for ddPCR, with the QlAamp Circulating Nucleic Acid
Kit (Qiagen) rather than the QIAsymphony.

Results

The experimental set-up to determine the sensitivity of each platform is shown in
Fig. 1, steps one to three. cfDNA from six mCRC patients was analysed following
the manufacturer’s instructions as indicated in the first step of Fig. 1. Tissue
mutation analysis was performed as part of routine clinical care and in five of the
six patients a KRAS mutation was reported. The time between the tissue analysis and
the collection of the plasma ranged from 0 to 39 months. The amount of isolated
cfDNA ranged from 4.3 to 53.1ng/ml plasma. In two out of five KRAS positive
patients all platforms detected the KRAS mutation. For two KRAS positive patients
a KRAS mutation was detected by three of the four platforms and in one KRAS
positive patient no KRAS mutation was detected in plasma by any of the platforms.
For the sixth patient, for whom tissue analysis did not identify a KRAS mutation,
two platforms did report a KRAS mutation. Results are shown in Table 1.
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Table 1. Mutations detected by four commercially available ctDNA detection platforms in cfDNA
from 6 patients with mCRC and corresponding tissue results.

Tissue KRAS result® Months between tissue biopsy Concentration cfDNA Reported mutant

and blood collection in plasma (ng/ml)® copies (mAF)<
KRAS wildtype 39 43 75 (0.24%)
KRAS p.G12S 10 5.5 nd
KRAS detected Unknown 53.1 49 (0.05%)
KRAS p.G12D 1 14.1 5323 (12.51%)
KRAS p.G12D 0 5.6 172 (0.67%)
KRAS p.G12S 4 17.0 279 (0.62%)

aTissue KRAS result is based on the standard of care test at the hospital of inclusion.

®cfDNA concentration in plasma is based on Qubit measurement of cfDNA isolated by QIAsymphony
using the Circulating DNA kit, and is reported in ng cfDNA per ml plasma isolated.

¢Reported mutant copies and mutant allele frequency (mAF) are based on BEAMing results.

dResults are based on 1 ml of plasma.

¢Results are based on 2 ml of plasma.

fResults are based on 3 ml of plasma.

9nd=not detected

PKRAS p.G12X=any variant at amino acid position G12 of the KRAS gene. The result is not further
specified by BEAMing or COBAS z480 platforms.

'KRAS p.G12X/G13X =any variant at amino acid positions G12 or G13 of the KRAS gene. The resultis not
further specified by ddPCR platform.

Analysis of patient derived cfDNA at equal inputs per platform

A number of confounding factors could have influenced the results from the
comparison per manufacturer’s instructions, including different volumes of
plasma and different cfDNA isolation methods used (Fig. 1). Analysis of cfDNA
from 11 mCRC patients with tissue-confirmed KRAS mutations using a single
isolation method and distributing the DNA equally over the platforms allowed us
to eliminate these differences, indicated in Fig. 1 step two. Time between tissue
biopsy and liquid biopsy ranged from 0 to 22 months. The amount of isolated
cfDNA ranged from 4.7 to 185.6 ng/ml plasma. In six out of 11 patients (54%) the
results from all four platforms were concordant. KRAS p.A146T in one patient was
detected by all platforms with the exception of ddPCR which did not target this
mutation. Idylla reported a KRAS mutation in two patients, concordant with the
KRAS mutation that had been detected in tissue, which was not detected by the
other platforms. In two patients the mutations (KRAS p.G12_G12insAG and a KRAS
amplification) were not targeted by any platform, but BEAMing did report the
presence of a KRAS p.G12X mutation for the patient with a KRAS p.G12_G12insAG
mutation. The KRAS amplification was not detected by any of the platforms as
expected. When 10 ng or more input of cfDNA (n=8) was used, the detected KRAS
mutations were concordant across all platforms when considering only mutations
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ddPCR¢ Idylla¢ COBAS z480° BEAMingf

nd? KRAS p.G12R nd KRAS p.G12X"

nd nd nd nd

KRAS p.G12X/G13X KRAS p.G12S nd KRAS p.G12X
KRAS p.G12X/G13X KRAS p.G12D KRAS p.G12X KRAS p.G12X
KRAS p.G12X/G13X nd KRAS p.G12X KRAS p.G12X
KRAS p.G12X/G13X KRAS p.G12S KRAS p.G12X KRAS p.G12X

Sensitivity Breadth of target
Step 1: Analysis of plasma ctDNA from 6 KRAS positive Step &: Assessment of breadth of target.

mCRC patients,
Comparison based on:

Aim of the comparison: - Technical data sheets and communication material
- Method prescribed by manufacturer - Comparison to mutation frequencies in a cohort of
- Patient derived ctDNA metastatic colorectal cancer patients

Confounding factors:
- Four different isolation methods

- Different volumes of plasma analysed (1-2 ml) Total costs
- True mutation status of plasma sample not known 2
- Variable time between tissue and liquid biopsy Step 5: Total annual cost analysis.

- Comparison based on;
Step 2: Analysis of equal amounts of plasma ctDNA from - s han g

11 KRAS positive mCRC patients, - Consumables costs

- Equipment depreciation

Aim of the comparison: - Maintenance costs

- Egualinput of ctDNA (same plasma volume and
isolation method)
- Patient derived ctDNA

Confounding factors:

- Samples not isolated using the prescribed isolation
method

True mutation status of plasma samples not known
- Variable time between tissue and liquid biopsy

Step 3: Analysis of constructed reference samples.

Aim of the comparison:

- Identical constructed samples
Spiked mutations at known mAF

- All samples measured in 4 replicates

Confounding factors:
- Artificial ctDNA samples
| - Seven mutations in one analysis

Figure 1. Graphical representation of the five step approach for comparison of four commercially available
ctDNA platforms.
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that can be detected by all platforms. For five samples we could determine the mAF
of the KRAS mutation by ddPCR and/or BEAMing. These ranged from 0.12%-15.4%
(9-4656 copies/ml) (Table 2). All variants detected by all platforms were present
with 39 mutant copies per platform or more.

Table 2. Mutations detected by four commercially available ctDNA detection platforms in cfDNA from
11 patients with mCRC isolated with the QIAsymphony and distributed equally over all platforms.

Tissue KRAS result® Months between total cfDNA Reported mutant
tissue biopsy and analysed (ng)® copies (mAF)¢
blood collection

KRAS p.G12_G12insAG Unknown 23.7 9 (0.12%)

KRAS p.G12V Unknown 23.0 1167 (15.4%)

KRAS p.A146T 9 17.3 106 (1.7%)

KRAS p.G12D 0 94.4 39(0.13%)

KRAS p.G13D Unknown 8.1 nd

KRAS p.G12V Unknown 167.0 4656 (8.5%)

KRAS p.G12C 5 10.1 nd

KRAS p.G12D 9 13.7 nd

KRAS p.G12D 20 8.2 nd

KRAS p.G13D 22 10.2 nd

KRAS amplification Unknown 4.2 nd

Overall sensitivity (%)

2The KRAS mutation status was determined in tissue using the method of choice of the hospital
of inclusion.

bTotal cfDNA input per method is based on Qubit measurement of cfDNA isolated by QIAsymphony
using the Circulating DNA kit.

¢Reported mutant copies and mutant allele frequency (mAF) are based on BEAMing results.

9nt=not targeted.

¢nd =not detected.

fdetected mutations divided by the total number of mutations detectable by that platform.

Sensitivity of KRAS detection based on synthetic reference samples

Analysing four replicates of synthetic reference samples harbouring multiple KRAS
mutations allowed us to eliminate the effect of not knowing the true mutation
status of the samples, and limit the effects of sampling errors due to replicate
measurements, as outlined in step three of Fig. 1. Overall, more mutations
were detected at higher total input and higher mAF, validating the successful
construction of the synthetic reference samples. At 10 ng DNA input valid results
were obtained for 0% and 38% of COBAS z480 and BEAMing measurements,
respectively. At 50 ng this increased to 83% and 93% of measurements, respectively.
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ddPCR Idylla COBAS 2480 BEAMing
ntd nt nt KRAS p.G12X
KRAS p.G12X/G13X KRAS p.G12V KRAS p.G12X KRAS p.G12X
nt KRAS p.A146T KRAS p.146x KRAS p.A146T
KRAS p.G12X/G13X KRAS p.G12D KRAS p.G12X KRAS p.G12X
nde KRAS p.G13D nd nd

KRAS p.G12X/G13X KRAS p.G12V KRAS p.G12X KRAS p.G12X
nd nd nd nd

nd nd nd nd

nd KRAS p.G12D nd nd

nd nd nd nd

nt nt nt nt

38%" 67% 44% 50%

ddPCR and Idylla did not report any invalid results. The sensitivity depended on
the total amount of input for each platform. At a mAF of 0.5%, 62 mutations were
detected with 50ng input, compared to 29 mutations for 10ng input. At 50ng
input the COBAS 2480 reported a KRAS p.A59X variant in all valid replicates of the
wildtype control samples. The percentage of all mutations detected ranged from
39% (BEAMing) to 13% (Idylla) (Table 3).

For comparison of platform sensitivities we evaluated a subset of three mutations
(KRAS p.G12A, p.G12C and p.G13D) that were targeted by all four platforms.
Sensitivity over all mAFs ranged from 10% (COBAS z480) to 65% (ddPCR).
Considering only samples with 0.5% mAF (15 and 75 mutant copies/reaction)
sensitivities ranged between 19% (COBAS z480) and 100% (ddPCR) (Table 3). Raw
reported mutation detection values are provided in Supplemental data set 1.
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Table 3. Mutations detected in constructed reference samples by four commercially available ctDNA
detection platforms.

Input DNA (ng) Mutant allele Mutant copies ddPCR

frequency  peranalysis® o tations  KRAS p.G12/G13

%) (%) (%)
10 0.00¢ 0 nde nd
10 0.04 1 nd nd
10 0.50 15 43 100
50 0.00¢ 0 nd nd
50 0.02 3 25 58
50 0.50 75 43 100
Overall sensitivity (%) 28 65
Sensitivity 50 ng (%) 34 79
Sensitivity 10ng (%) 22 50

2Average number of mutant copies per analysis was calculated as Input DNA (ng) * 300 (Genome
Equivalents/ng) * Mutant allele frequency (Mutant copies/Genome Equivalent).

®For COBAS 2480, invalid results were obtained at 10ng DNA input for all replicates, at 50 ng of DNA
input invalid results were obtained in 25% of the replicates at 0 and 75 mutant copies. Invalid results
were counted as not detected.

¢For BEAMing, invalid results were obtained at 10 ng DNA input in 88%, 54% and 46% of the replicates
at 0, 1 and 15 mutant copies respectively. At 50 ng input 7% of all replicates were reported as invalid.
Invalid results were counted as not detected.

dWildtype control samples without synthetic mutant fragment spike-in.

¢nd =not detected.

fDetected mutations divided by the total number of mutations present over four replicates. Not all
platforms target all mutations, and will have lower reported sensitivity as a result.

9A false positive KRAS A59X was reported in all wildtype replicates. These false positives were based
on a software error (personal communication with Roche Diagnostics).

Impact of breadth of target detection

To determine the impact of having a broader panel when analysing cfDNA, the
number of mutations targeted per platform were compared to publicly available
tissue biopsy mutation profiles of 1099 mCRC patients (12). Of 1099 patients, 46%
(505/1099) had a mutation in KRAS. ddPCR targets 82% of those (413/505), Idylla and
COBAS z480 both 96% (485/505) and BEAMing 94% (477/505). To estimate the effect
of platform sensitivity superimposed on platform breadth on the detection of KRAS
mutations in a general mCRC population, the sensitivities determined on synthetic
reference samples at 50 ng input with 0.5% or 0.02% mAF were included. Based on
these assumptions ddPCR and BEAMing were likely to detect KRAS mutations at a
mAF of 0.5% in respectively 38% and 32% of mCRC patients, compared to 22% and
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Idylla COBAS 2480 BEAMing©

All mutations KRAS p.G12/  All mutations KRAS p.G12/  All mutations KRAS p.G12/
(%) G13 (%) (%) G13 (%) (%) G13 (%)
nd nd nd nd nd nd

nd nd nd nd 4f 12

11 16 nd nd 54 62

nd nd 129 nd nd nd

4 8 17 nd 8 25

36 50 62 38 92 75

13 19 20 10 39 44

20 29 40 19 50 50

6 8 0 0 27 37

17% for Idylla and COBAS z480. At 0.02% mAF, ddPCR showed to detect 22% of
patients, Idylla 8%, COBAS z480 0%, and BEAMing 11% (Table 4).

Total cost analysis

The total annual cost of the platforms correlated linearly to the number of
samples analysed per year (R2 for linearity between 0.9973 and 1.000) (Fig. 2 and
Supplemental data set 2). Total annual costs were highest for BEAMing, while
ddPCR was found to be the least expensive platform to use when more than 110
samples were analysed per year. At lower throughput Idylla was found to be slightly
less expensive due to lower fixed annual costs.
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Table 4. Estimation of the impact of the breadth of target and sensitivity of platforms at two different
mutant allele fraction levels in the detection of KRAS mutations in a mCRC population.

Prevalence Breadth Sensitivity at 50ng
of KRAS mutationsin  of KRAS targets DNA mAF 0.50%*
mCRC

ddPCR 46% 82% 100%

Idylla 46% 96% 50%

COBAS z480 46% 96% 38%"

BEAMing 46% 94% 75%°

2Sensitivity was based on the detection of KRAS p.G12 and p.G13 mutations in synthetic reference
samples at the indicated input and mAF.

®Invalid result were obtained for 25% of the results.

¢Invalid result were obtained for 25% of the results.

dInvalid result were obtained for 12% of the results.
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Figure 2. Total annual costs as a function of the number of samples analysed per year. The width on the
x-axis is determined by the maximum number of samples that can be analysed per year based on optimal
platform occupancy.
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Sensitivity at 50ng DNA Estimated % of KRAS positive Estimated % of KRAS positive
mAF 0.02%? patients detected patients detected
(50 ng, mAF 0.50%) (50 ng, mAF 0.02%)
58% 38% 22%
8% 22% 4%
0% 17% 0%
25%¢ 32% 16%

For all platforms, the material costs per sample were the largest contributor to the
total annual costs. The higher the throughput the greater the relative contribution
of the material costs became for all platforms, up to 80% for BEAMing (940 samples
per year) and 95% for COBAS z480 (7800 samples per year) (Supplemental data set 2).

Given the rapidly developing field of ctDNA detection, the impact of an instrument
depreciation time of 5 instead of 10 years was evaluated. This increased the fixed
annual costs with 31% (COBAS z480) to 73% (Idylla). A limited effect of using
manual cfDNA isolation with the QlAamp Circulating DNA Kit versus automated
cfDNA isolation with QIAsymphony was observed (Supplemental data set 2).

Conclusion/discussion

We show that performing a systematic comparison is complicated by multiple
factors, all of which can impact the sensitivity. By understanding, eliminating or
limiting these factors an unbiased comparison of the four platforms was performed,
showing that ddPCR and BEAMing have a higher sensitivity for KRAS hotspot
mutations than Idylla and COBAS z480. In addition it was shown that Idylla has the
lowest annual cost at low sample throughput, while ddPCR is least expensive at
higher sample throughput. BEAMing is the most expensive platform overall.
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To compare the sensitivity of each platform in this study a number of factors were
considered: The volume of plasma used, the total DNA input, and the isolation
method. By performing the sensitivity comparison in three steps we could eliminate
the impact of each of these factors. In the first step 6 patient samples were analysed
following the protocols of the respective platforms (Table 1). Several factors could
have influenced these results, hampering a direct link to the performance of the
platforms (Fig. 1). To eliminate possible effects from different plasma volumes and
isolation methods, patient plasma was isolated using a single method and the
isolated cfDNA was distributed equally over the platforms. The results were fully
concordant for samples with at least 39 mutant copies per reaction, which was in
line with results obtained with synthetic reference samples. Compared to the other
platforms Idylla detected two additional mutations in samples with less than 8 ng
cfDNA input (Table 2). Since Idylla does not report mAFs we cannot exclude that
this is the result of sampling distribution errors. All patient samples in this study
were obtained during treatment, and time between tissue and liquid biopsy
differed greatly between patients. This complicates the interpretation of the results,
as the true mutation status of these plasma samples is unknown at the time of the
liquid biopsy.

In order to limit the effects of sampling errors and eliminate the unknown true
mutation status of patient plasma cfDNA, synthetic reference samples were
constructed and measured in four replicates. ddPCR and BEAMing performed better
than Idylla and COBAS z480 (Table 3), both overall and among a limited number
of mutations that were targeted by all platforms. This is in line with previous
reports (6-9).

Sensitivity is not the only factor that defines the performance of a platform. The
detection of KRAS mutations in a real life mCRC population will depend on the
sensitivity of the platform, the prevalence of specific KRAS mutations in the
population, and the number of mutations analysed by the platform. Since few
publications report the mAF of KRAS mutations detected in the cfDNA of mCRC
cohorts (16-18), some assumptions were required to extrapolate the data from
the synthetic reference samples to a general mCRC cohort. Here we assumed
0.50% mAF and 50 ng cfDNA input, leading to a predicted detection rate of KRAS
mutations amongst a total mCRC patient population of 17-22% for the non-digital
platforms, versus 32-38% for the digital platforms (Table 4). The main factor driving
this difference was the sensitivity of BEAMing and ddPCR, while the breadth of
target and mutation prevalence in the target population had a more limited impact.
Although no cohort of mCRC patients will have exactly 0.50% mAF and 50ng
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cfDNA input, this example still provides insight in the interplay between sensitivity,
breadth of target and prevalence of the mutations in the intended population,
thereby further aiding future users in comparing these platforms.

For application of a platform in daily practice the total annual costs are a highly
relevant factor. The costs per platform differed greatly. At low sample throughput
Idylla was least expensive, while ddPCR was less expensive for higher throughput.
BEAMing was the most expensive across the whole range of throughput
investigated. Out of the factors investigated, the material cost per sample was the
largest contributor to the total annual cost.

Overall the effectiveness of a platform to detect mutations in a patient population
depends on its performance characteristics. The performance of a platform
is affected by sensitivity - which depends on the amount of plasma analysed,
isolation method, and PCR technique -, the character of the result (quantitative or
qualitative), the number of mutations targeted, the population under investigation,
and the cost of analysis. The decision which platform to use in a specific clinical or
research setting will often be based on the expected population and number of
samples, and the performance of the platforms in the intended situation. A direct
comparison of the platforms is hampered by the lack of a gold standard and any
harmonisation between the platforms.

A number of studies have compared cell-free DNA mutation detection platforms (6-9).
For example, Garcia et al. (6) reported the highest sensitivity for BEAMing in a
comparison of BEAMing, ddPCR and an NGS approach. In this comparison the
amount of total cfDNA input for BEAMing (123 pl) was substantially higher than for
ddPCR (8 ul) and NGS (10 pl). Since the amount of plasma or cfDNA analysed will
affect sensitivity of the analysis this might have introduced a bias. Vivancos et al. (7)
reported increased detection of KRAS mutations in a comparison of BEAMing and
BioCartis Idylla. In this study BEAMing was used to select KRAS positive samples to
be tested on the Idylla platform. By re-testing samples, different volumes of plasma
were analysed (3 ml vs 1 ml). Furthermore, samples that were negative by BEAMing
were not tested using Idylla, introducing a bias by design of the study. Thress et al. (8)
found higher sensitivity for two digital platforms (BEAMing and ddPCR) than for
two non-digital platforms (COBAS and Therascreen). In this case equal volumes of
plasma were used for all platforms, but having used mutations detected in tissue as
the sole reference value to calculate sensitivity and specificity might still introduce
discrepancies and/or biases. Wang et al. (9) compared ddPCR and ARMS, finding
higher sensitivity for the digital approach (ddPCR). In this study the amount of
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cfDNA used for each platform was not specified, complicating the interpretation of
their results.

Apart from the four platforms compared in this study, other methods for the
detection of mutations in cfDNA are available. Further research using patient
samples, equal input and reference samples as well as total cost analyses will
be required to learn how other platforms compare to the platforms included in
this study.

In conclusion, our results show that multiple factors affect the performance of a
specific platform in daily practice. For the detection of KRAS mutations in a cohort of
mMCRC patients, the sensitivity of a platform was the most important differentiating
factor compared to the number of mutations targeted and their prevalence in the
target population. Idylla was the least expensive platform at low throughput, while
ddPCR was less expensive at higher annual sample throughput. BEAMing was the
most expensive across the whole range investigated. Selecting an optimal platform
depends on the patient or study population, the yearly sample throughput, the
required sensitivity in relation to the clinical or scientific question at hand and
available funds.
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Supplemental files

Supplemental table 1. Clinical data for patients presented in tables 1 and 2.

Patient ID Palliative systemic Palliative Previous systemic treatments
(table/line) treatment agents systemic
treatment line
11 encorafenib/ 3rd line CAPOX (6x), CAP (4x), irinotecan (3x)
binimetinib/
cetuximab
1/2 CAP-B (maintainance) 1stline Started CAPOX-B (6x),
CAP-B maintainance
1/3 FOLFIRI-B 1st line Adjuvant CAPOX (8x)
1/4 FOLFOX-B 1st line None
1/5 start FOLFOXIRI-B 1stline None
1/6 FOLFOXIRI-B 1stline None
2/1 Trifluridine-tipiracil 3rd line CAPOX/FOLFOX (10x), CAP
(6x), irinotecan (2x)
2/2 CAP-B (maintainance) 1st line CAPOX-B (2x), CAP-B reintroduction
after treatment holiday
2/3 CAP-B 2nd line CAPOX-B (6x), FOLFIRI
(metastasectomy thereafter)
2/4 Not started, started n.a. None
CAP-B 2 months later
2/5 CAP-B 1st line None
2/6 FOLFOX-B 1st line None
2/7 CAP-B (maintainance) 1stline CAPOX-B (4x)
2/8 FOLFIRI-B 1st line None
2/9 CAP-B (maintainance) 1st line Started CAPOX-B (6x),
CAP-B maintainance
2/10 FOLFIRI-B 1st line None
2/11 FOLFOXIRI-B 1stline CAPOX-B (4x), CAPOX (4x) and

tumor debulking in ORCHESTRA
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Timeon Disease status First response Metastatic site(s)
treatment evaluation after
(months) liquid biopsy
3 Partial response RECIST PR Liver, lymph nodes
9 Signs of progression RECIST PD Peritoneum
0.5 Recently started systemic therapy =~ RECIST SD, tumor  Lymph nodes, peritoneum
load increasing
0.5 Recently started systemic therapy =~ RECIST PD Liver, lymph nodes
0 At start palliative RECIST SD, tumor  Liver, peritoneum, lung
systemic treatment load not altered
2 Recently started systemic therapy =~ RECIST SD, tumor  Liver
load decreasing
0.5 Recently started new RECIST PD Liver, lymph nodes, lung,
systemic therapy peritoneum, subcutis
0 At start reintroduction CAP-B RECIST SD, tumor  Liver, bones, local
load decreasing recurrence primary tumor
1 Recently started new RECIST PD Liver, lymph nodes
systemic therapy
0 Treatment naive, started n.a. Liver
CAP-B 2 months later
3 Responsive to firstline treatment RECIST SD, tumor  Liver, lung, peritoneum
load decreasing
0 At start palliative RECIST SD, tumor  Liver, lung, lymph
systemic treatment load not altered nodes, primary tumor
5 Stable disease RECIST SD, tumor  Liver, lung, primary tumor
load not altered
1 Recently started systemic therapy =~ RECIST PR Liver
(metastasectomy
was performed)
18 Responsive to firstline treatment RECIST SD, tumor  Lung, primary tumor
load increasing
2 Stable disease RECIST SD, tumor  Liver, peritoneum
load not altered
0 Recently started new RECIST PR Lung, bones

systemic therapy
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Supplemental table 2. Technical specifications of the compared platforms, as reported by manufacturers.

ddPCR Idylla COBAS z480 BEAMing
Basic principle droplet quantitative PCR  quantitative PCR  droplet

digital PCR multiplex PCR
Number of amino 7 18 21 14
acid changes in KRAS
detectable by platform
Plasma input volume None specified 1 ml plasma 2 ml plasma 3 ml plasma
cfDNA isolation method None specified In cartridge Column based, Column based,

Quantitation

Quantitative

Semi-quantitative

supplied with kit

Semi-quantitative

supplied with kit

Quantitative

(copies/pl) (Cq values) (SQl values) (mutant fraction)
Reported lower 0.1% allele 100 copies/ 200 copies/ 0.02% allele
limit of detection frequency ml plasma ml plasma frequency
Hands-on time 1-3 hours 15 minutes 1-3 hours 8-9 hours
Time to result None specified 2-3 hours 1-2 days 3 days
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Supplemental figure 1. BioAnalyzer trace for enzymatically fragmented, double-sided SPRI size selected
wildtype genomic DNA. The peak corresponds to 149bp, slightly smaller than for cfDNA (160-170bp).

Supplemental sequences for synthetic KRAS fragments are provided in the online
supplemental files, as are supplemental data sets 1 and 2 at DOI 10.1038/541598-

020-64822-7.
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Abstract

Purpose

Comprehensive molecular profiling (CMP) plays an essential role in clinical decision
making in metastatic non-small-cell lung cancer (mMNSCLC). Circulating tumor
DNA (ctDNA) analysis provides possibilities for molecular tumor profiling. In this
study, we aim to explore the additional value of centralized ctDNA profiling next to
current standard-of-care protocolled tissue-based molecular profiling (SOoC-TMP) in
the primary diagnostic setting of mNSCLC in the Netherlands.

Methods

Pretreatment plasma samples from 209 patients with confirmed mNSCLC
were analyzed retrospectively using the NGS AVENIO ctDNA Targeted Kit
(Roche Diagnostics, Basel, Switzerland) and compared with paired prospective
pretreatment tissue-based molecular profiling from patient records. The AVENIO
panel is designed to detect single-nucleotide variants, copy-number variations,
insertions or deletions, and tyrosine kinase fusion in 17 genes.

Results

Potentially targetable drivers were detected with SoC-TMP alone in 34.4% of
patients. Addition of clonal hematopoiesis of indeterminate potential-corrected,
plasma-based CMP increased this to 39.7% (P < 0.001). Concordance between
SoC-TMP and plasma-CMP was 86.6% for potentially targetable drivers. Clinical
sensitivity of plasma-CMP was 75.2% for any oncogenic driver. Specificity and
positive predictive value were more than 90% for all oncogenic drivers.

Conclusion

Plasma-CMP is a reliable tool in the primary diagnostic setting, although it cannot
fully replace SoC-TMP. Complementary profiling by combined SoC-TMP and plasma-
CMP increased the proportion of patients who are eligible for targeted treatment.
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Introduction

Comprehensive molecular profiling (CMP) has become a cornerstone in clinical
decision making in metastatic non-small-cell lung cancer (mNSCLC). Identifying
genetic biomarkers in tumor tissue allows optimal personalized treatment in the
first-line setting. A distinct set of biomarkers is recommended for diagnostic testing
in all patients with stage IV NSCLC (1-3).

In lung cancer, the standard diagnostic procedures are often hampered by a lack of
available tumor tissue or tissue being unsuitable for molecular analysis (4-6). One
of the reasons for this can be that no tumor sampling can take place because of a
poor clinical condition at the time of diagnosis, and biopsies can be considered too
risky. As a result, many patients will not receive optimal personalized treatment.

Analysis of circulating tumor DNA (ctDNA) from a patient's blood has provided
minimally invasive possibilities for molecular tumor profiling. Various studies have
shown that next-generation sequencing (NGS) of plasma ctDNA can be useful for
detecting genetic biomarkers. Plasma NGS has shown high sensitivity and high
concordance with standard-of-care tissue-based molecular profiling (SoC-TMP) (7-
10). Here, we compared plasma-based CMP plus SoC-TMP to SoC-TMP alone. This
was performed in the Dutch diagnostic landscape with a relatively high proportion
of tissue profiled patients, in contrast to the diagnostic landscape in earlier studies.
Additionally, plasma-CMP in those studies was often outsourced, and here we
investigate the performance of in house plasma-CMP on the AVENIO platform.

Therefore, in this study, we explore the additional value of centralized, in-house
plasma-CMP next to modern SoC-TMP in the Dutch diagnostic landscape.
Secondary aims are to determine the concordance of plasma-CMP and SoC-TMP,
and the number of targetable mutations identified by plasma-CMP only.

Materials and methods

Patients

All patients in this study consented with the use of plasma and tissue samples by
providing written informed consent for participation in a larger project, namely
the Lung cancer Early Molecular Assessment trial: ClinicalTrials.gov identifier:
NCT02894853. This multicenter diagnostic study was reviewed and approved by
the medical ethics committee of the Netherlands Cancer Institute in Amsterdam,
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the Netherlands. The ctDNA substudy reported here was conducted in accordance
with the Declaration of Helsinki (as revised in 2013) and the guidelines for Good
Clinical Practice.

Nine hospitals in the Netherlands contributed to patient enrollment. Patients were
eligible if they had confirmed stage IV NSCLC, were fully treatment-naive, and had
a pretreatment plasma sample taken. To exclude the risk of selection bias, the first
consecutive cohort of 224 patients was included.

Study Procedures

Decentralized tissue analysis was performed according to the local standard of care
in the hospital of enrollment during routine clinical diagnostic workup. SoC-TMP
consisted of NGS (panels shown in Appendix Table A1) and single gene analyses
for rearrangements. The results from SoC-TMP were obtained from the clinical
pathology reports, or was requested from either the treating pulmonologist, the
involved pathologist, or the involved clinical molecular biologist. According to
national and international guidelines, molecular profiling should cover known
NSCLC oncodriver genes such as KRAS, EGFR, BRAF, ERBB2, ALK, ROS1, RET, and
MET (1-3).

Plasma-CMP was centrally performed retrospectively and did not affect clinical
decision making. Blood samples were centrally stored and processed. Samples
from patients at the site of the central laboratory were collected in K2-EDTA
tubes, whereas those from patients in other hospitals were collected in cell-
stabilizing tubes (STRECK, Omaha, NE). All whole-blood samples were sent to the
central laboratory by regular mailing services. Local sampling, central processing,
and central storage of all blood samples were completed within the 5-day
stabilizing period.

Blood samples were centrifuged for 10 minutes at 1,700g at room temperature.
Cells were stored at —80°C and plasma was centrifuged for 10 minutes at 20,000g
before storage at —80°C. Median 5 mL cell-free plasma—interquartile range
4-6 mL—was used per sample for isolation of cell-free DNA (cfDNA) using the
QlAsymphony Circulating DNA Kit (article number 1091063, Qiagen, Dusseldorf,
Germany) with the QlAsymphony (Qiagen). A median of 39 ng cfDNA (interquartile
range 28-50 ng) was used as input for plasma-based NGS. With the exception of the
cfDNA isolation methods used, all sample handlings were performed according to
manufacturer guidelines.
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Plasma-CMP was performed using the AVENIO ctDNA Targeted kit (11,12)
(Roche Diagnostics, Basel, Switzerland), which covers hotspot regions of the
aforementioned eight oncodriver genes (KRAS, EGFR, BRAF, ERBB2, ALK, ROST, RET,
and MET) and in an additional nine other genes: APC, BRCA1, BRCA2, DPYD, KIT,
NRAS, PDGFRA, TP53, and UGT1AT1. Single-nucleotide variants with a variant allele
frequency (VAF) of 0.10% or higher have reported sensitivity and positive predictive
value (PPV) of > 99% (12), and were considered in the analysis. Copy-number
variations (CNV) with a test-specific CNV score lower than 5.0 are considered
borderline, according to the kit manual. However, we found high variability in CNV
score, and no correlation between CNV score and detection rate in tissue was seen.
Additionally, a large proportion of CNVs (11 out of 30; 36.7%) that were detected
in plasma were not covered in the matched tissue analysis. We considered that we
could not make a reliable statement about CNV testing in this setting, and therefore
we excluded all CNVs that were reported by plasma-CMP from our final analysis.

All variants were classified per level of pathogenicity using online databases at
OncoKB (update September 17, 2020) (13), ClinVar (14), IARC TP53 Database (15),
COSMIC (16), JaxCKB (17), and Franklin Genoox (18). The system published at
OncoKB (version V2, published on December 20, 2019) (19) was used as the basis
for classification of drivers. In this report, level 1 drivers are US Food and Drug
Administration (FDA)-recognized biomarkers predictive of response to an FDA-
approved drug in NSCLC. Level 2 or 3A drivers are biomarkers predictive of response
to a drug that may be available off-label or in the setting of a clinical trial. Level 3B
or 4 drivers are biomarkers for which there is an FDA-approved or investigational
drug available in another indication, or for which there is compelling biologic
evidence of response to a drug (13).

Genetic variants that are detected in ¢fDNA may not always be associated with
cancer. Other studies have shown that many cfDNA mutations may be consistent
with clonal hematopoiesis of indeterminate potential (CHIP) (20,21). Samples
containing driver mutations in plasma but not in tissue were verified on the blood
cell pellet to exclude CHIP. DNA was isolated from the cells using the QIAsymphony
DSP DNA Midi Kit (article number 937255, Qiagen) with the QlIAsymphony. The DNA
was fragmented sonically using a Covaris ME220 Focused-ultrasonicator (Covaris
Inc, Woburn, MA) in microTUBE AFA Fiber Pre-Slit Snap-Cap (PN 520045) vessels,
with the following settings: duration 100 seconds, peak power 75 W, duty factor
25%, and 1,000 cycles per burst. DNA input for AVENIO ctDNA Targeted Kit (Roche)
was 50 ng. Sequencing depth was identical to the plasma samples to avoid false-
negative results.
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Index hopping, or index cross-talk, is a possible cause of false positives and is
inherent to massively parallel sequencing methods where multiple samples
are pooled (22,23). The plasma-CMP pipeline automatically flags samples that
are potentially the result of index hopping. All suspect samples in our cohort
were retested.

Statistical Analyses

For this exploratory study, we had a maximum of 224 plasma NGS tests available in
the central laboratory. Concordance was defined as the sum of true positives and
true negatives as a fraction of all tests. Sensitivity, specificity, PPV, and negative
predictive value (NPV) of plasma-CMP were calculated with SoC-TMP as the gold
standard. We applied McNemar's chi-square test to assess whether combined SoC-
TMP plus plasma-CMP identifies more patients with driver mutations than SoC-TMP
alone (a = .05). To assess any difference in DNA input between samples in which
oncogenic drivers were concordantly detected in tissue and plasma, and samples
in which drivers were not detected in plasma, a Mann-Whitney U test for unpaired
data with no normal distribution was used. Statistical analyses were performed
using IBM SPSS Statistics version 27.

Results

Cohort Characteristics

In total, 224 patients with confirmed stage IV NSCLC were included in this study.
Fifteen patients were excluded from the analysis. Three patients were not treatment-
naive at the time of tissue sampling, and no pretreatment plasma samples were
available for 12 patients. In total, 209 patients were included in the analysis (Fig 1).
The median time between the collection of tissue for standard diagnostic purposes
and the collection of blood for plasma-CMP was 14 days (range, 0-90 days), with
84.3% of paired samples taken within 30 days.

Detection of Oncogenic Variants

In total, 363 oncogenic variants were detected in 209 patients; these are shown in
graphic overviews in the Data Supplement. Routine molecular diagnostics in tissue
resulted in molecular profiling of 182 patients (87.1%, Data Supplement), centralized
in-house plasma-CMP was feasible in 206 patients (98.6%, Data Supplement), and
combined feasibility was 85.6% (179/209 patients, Data Supplement). All detected
oncogenic drivers are shown in Appendix Tables A2-A4.
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USSR 6T Not treatment-naive
patients with stage IV NSCLC =3
from LEMA trial
No baseline plasma
(N = 224) (n=12)
Patients included in this project
(n = 209)
SoC-TMP completed Plasma-CMP failed
(n =206) (n=3)
Tissue-NGS Tissue-NGS not Tissue-NGS
completed completed completed
(n =179) (n=27) (n =3)

Figure 1. Flow diagram of inclusion. In total, 209 patients had CMPF, either tissue-based, plasma-based, or
both. Fifteen of the initially selected 224 patients were ineligible. CMP, comprehensive molecular profiling;
LEMA, Lung cancer Early Molecular Assessment; NGS, next-generation sequencing; NSCLC, non-small-cell
lung cancer; SoC-TMP, standard-of-care protocolled tissue-based molecular profiling.

Out of 182 patients for whom SoC-TMP was feasible, level 1 drivers were identified in
31 patients (17.0%). The number of patients identified with a potentially targetable
driver (level 1, 2, or 3A) in tissue was 72 (39.6%). The total number of patients
with an oncogenic driver (level 1-4, including most KRAS mutations) in tissue was
121 (66.5%). Histologic subtypes in the latter group were 112 adenocarcinomas, four
squamous cell carcinomas (SCCs), two large-cell neuroendocrine carcinomas, one
sarcomatoid carcinoma, and two not-otherwise-specified NSCLC. The diagnostic
yield of SoC-TMP, i.e., the proportion of patients in the total cohort in whom a
level 1-4 driver was found, was 57.9% (121 out of 209 patients).

Plasma-CMP identified 24 patients with a Level 1 driver (11.7% of 206), 62 patients
with a level 1-3A driver (30.1%), and 103 patients with a level 1-4 driver (50.0%). The
diagnostic yield of plasma-CMP was 49.3% (103 out of 209 patients).
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Performance of Plasma-CMP Compared With SoC-TMP

Out of 179 patients for whom both SoC-TMP and plasma-CMP were completed,
31 were identified with a level 1 driver in either tissue, plasma, or both. Twenty-
one out of 31 patients were identified by both SOC-TMP and plasma-CMP (67.7%).
Nine patients were identified by SoC-TMP only, and one patient was identified
by plasma-CMP only. Concordance of level 1 driver detection, comprising both
negative and positive cases, was 94.4% (169 out of 179 patients).

Level 1-3A drivers were detected in 75 out of these 179 patients. Fifty-one were
identified by both SoC-TMP and plasma-CMP (68.0%), 19 by SoC-TMP alone, and
five by plasma-CMP alone. Concordance of level 1-3A driver detection was 86.6%
(155 out of 179 patients).

A total of 117 patients were identified with a level 1-4 driver: 88 by both SoC-TMP
and plasma-CMP (75.2%), 24 exclusively by SoC-TMP, and five by plasma-CMP only.
Concordance of level 1-4 driver detection was 83.8% (150/179).

Compared with current SOC-TMP, sensitivity of plasma-CMP was 70.0% for level 1
drivers, 72.9% for level 1-3A drivers, and 78.6% for level 1-4 drivers. Specificity
of plasma-CMP was 99.3%, 95.4%, and 92.5% for level 1, level 1-3A, and level 1-4
drivers, respectively. PPV was 95.5% and NPV was 94.3% for level 1 drivers. PPV and
NPV were 91.1% and 84.6% for level 1-3A drivers, respectively. Finally, for level 1-4
drivers, PPV was 94.6% and NPV was 72.1%. Full contingency tables are shown in
Appendix Table A5.

Concordance between plasma-CMP and SoC-TMP might have been affected by
the DNA input of plasma-CMP. When considering all oncogenic driver variants
(level 1-4), the diagnostic yield was correlated with DNA input: median input
from concordant samples was 42.95 ng (range, 12.7-50.0 ng), and 28.65 ng (range,
10.3-50.0 ng) in samples in which tissue-identified drivers were not detected in
plasma (P =.038).

Additional Value of Plasma-CMP

Plasma-CMP identified additional driver mutations in eight patients who reported
a completed SoC-TMP. One patient was identified with a KRAS G12C in plasma,
whereas a KRAS G12A was also detected in both tissue and plasma. One patient
was identified with a level 1 driver, six patients with a level 2-3A driver, and one
with a level 4 driver.
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For 27 patients (12.9% of the total cohort), SoC-TMP was not feasible because of
insufficient tumor material (n = 13; 48.1%), no tumor material (n = 9; 33.3%), or for
unknown reasons (n = 5; 18.5%). This involved 11 patients with adenocarcinoma,
nine with SCC, one with large cell neuroendocrine carcinoma, and six with tumors
of undetermined histology. A level 1 driver was detected in two of these patients
(7.4%), two other patients had a KRAS G12C mutation (level 1-3A driver total n = 4;
14.8%), and another three had a level 3B-4 driver (level 1-4 driver total n = 7; 25.9%)
(Data Supplement).

In total, plasma-CMP next to SoC-TMP increased the number of patients with a
level 1 driver from 31 to 34 in the total cohort; from 14.8% to 16.3% of 209 patients
(P = .250). For patients with level 1-3A driver, the number significantly increased
from 72 to 83 patients (ie, 34.4%-39.7% of the total cohort, P < .001). Considering
level 1-4 drivers, the number of patients identified also increased significantly from
121 to 135 (ie, 57.9%-64.6% of the total cohort; P <.001).

CHIP and Index Hopping

In our cohort, 18 patients (8.6%) were identified in whom a total of 23 level 1-4
driver mutations were detected in plasma that had not been detected by SoC-
TMP. For seven of these 18 patients, SOC-TMP was incomplete and did not cover
the variant detected in plasma. In the remaining 11 patients, SOC-TMP had not
detected the mutation. WBC DNA sequencing detected one of the suspect variants
(KRAS G12S, patient P177), which was considered to be a CHIP and excluded from
further analyses.

The plasma-CMP pipeline flagged two variants that potentially resulted from
index hopping. Both were EGFR L858R mutations and could not be reproduced by
retesting: one sample was negative in the retest, and the other test failed because
of technical problems. Moreover, digital droplet PCR did not confirm the L858R
mutations in these samples. Therefore, both samples were considered negative for
EGFR L858R in the final analysis and are not shown in figures or tables.

Discussion

We aimed to determine the value of CMP of plasma in a real-world, multicenter,
clinical cohort of treatment-naive patients who presented with metastasized
NSCLC. Our results show that plasma-CMP next to SoC-TMP identified significantly
more patients with potentially targetable driver mutations (i.e. Level 1-3A, P <.001)
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and other clinically relevant drivers in the Dutch diagnostic landscape. Plasma-CMP
produced reliable data in a real-world cohort with PPV and specificity of > 90%. The
concordance with SOC-TMP was at least 83.8% and clinical sensitivity at least 67.7%
for oncogenic drivers.

The increased number of patients with an oncogenic driver was lower than
previously was published (9,10). This is primarily because the yield of potentially
targetable driver mutations from SoC-TMP was higher in our cohort (34.4%) than
for others (20.5% (9) and 21.3% (10)), leaving less room for improvement, given that
the total number of patients identified with a potentially targetable driver after
addition of plasma-CMP was comparable in our cohort (39.7%) to others (35.8% (9)
and 27.3% (10)).

Another factor that helps explain the seemingly small increase of oncogenic driver
mutations detected by addition of plasma-CMP is that in our cohort, the group with
missing or incomplete SoC-TMP contained relatively more SCCs (nine out of 27 v
10 out of 182 in the rest of the cohort), possibly because this histologic subtype is
physically harder to reach for biopsy. The prevalence of driver mutations is known
to be lower in SCC, meaning that the subset of patients with missing or incomplete
SoC-TMP is enriched for a group of patients for whom plasma-CMP is less likely to
be of added value.

CHIPs were detected in only one patient (0.5%), contrasting starkly with other
studies reporting CHIPs in 53%-62% of patients (20,24). Most importantly, we
showed that CHIPs rarely occur as clinically relevant driver variants. Although
other studies report all CHIPs found with sequencing panels up to 2 Mbp in size,
we focused exclusively on clinical relevance and only reported variants that might
affect treatment decisions. None of these variants was in the top 28 genes most
affected by CHIPs. Even among variants found in plasma but not in tissue, the
number of CHIPs found was comparatively low, suggesting that these variants
may originate from other lesions than the one biopsied for SOoC-TMP. Together,
these findings indicate that routine testing of blood cell pellets with extensive NGS
methods may not be necessary in the setting of treatment selection.

We postulate that plasma-CMP can be used in the clinical setting in two scenarios.
First, synchronous combined SoC-TMP and plasma-CMP to increase the proportion
of patients in whom a potentially targetable driver is detected. This may increase the
number of patients who receives optimal personalized treatment. Our data support
the potential utility of plasma-CMP in this scenario. Second, upfront plasma-CMP,
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followed by SoC-TMP when no targetable driver is detected in plasma, might be a
realistic option, given the high specificity and PPV, and lower sensitivity and NPV
of plasma-CMP. However, it cannot fully replace tissue-based diagnostics as certain
biomarkers (eg, histologic subtype or programmed death-ligand 1) can currently
only be assessed on tumor tissue. Until alternative methods for such companion
diagnostics are developed (25), the need for obtaining tumor tissue remains.

We conclude that in-house plasma-CMP improves the detection of clinically
relevant oncodriver mutations in patients with mNSCLC. With an expanding palette
of treatable mutations, rapid advances in molecular diagnostics, and increasing
affordability and performance of plasma-CMP, this relatively new technique is
establishing its role in the diagnostic workup of mNSCLC. However, analysis of the
cost effectiveness is warranted to determine the optimal implementation in routine
clinical care.
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Appendix

Original Appendix tables are available for this paper at DOI: 10.1200/P0.20.00450

Table A1. Standard-of-Care Tissue-Based Molecular Profiling Techniques

lon Ampliseq Cancer Hotspot Panel
lon Ampliseq Colon and Lung Cancer Research Panel
Truseq Amplicon Cancer Panel

Single-Molecule Molecular Inversion Probes Panel

Note. Molecular profiling of tumor tissue was performed decentralized, according to the local standard
of care. The participating centers used various versions of the panels shown here, including customized
versions. In addition to these next-generation sequencing panels, the molecular diagnostics included
single gene analyses for rearrangements and copy-number variations (eg, immunohistochemistry and
fluorescent in situ hybridization).
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Abstract

Stage II-IlIA nonsmall cell lung cancer (NSCLC) patients receive adjuvant
chemotherapy after surgery as standard-of-care treatment, even though only
approximately 5.8% of patients will benefit. Identifying patients with minimal
residual disease (MRD) after surgery using tissue-informed testing of postoperative
plasma circulating cell-free tumour DNA (ctDNA) may allow adjuvant therapy to
be withheld from patients without MRD. However, the detection of MRD in the
postoperative setting is challenging, and more sensitive methods are urgently
needed. We developed a method that combines variant calling and a novel
ctDNA fragment length analysis using hybrid capture sequencing data. Among
36 stage II-lIlIA NSCLC patients, this method distinguished patients with and
without recurrence of disease in a 20 times repeated 10-fold cross validation with
75% accuracy (P=0.0029). In contrast, using only variant calling or only fragment
length analysis, no signification distinction between patients was shown (P=0.24
and P=0.074 respectively). In addition, a variant-level fragmentation score was
developed that was able to classify variants detected in plasma c¢fDNA into tumour-
derived or white-blood-cell-derived variants with 84% accuracy. The findings in this
study may help drive the integration of various types of information from the same
data, eventually leading to cheaper and more sensitive techniques to be used in
this challenging clinical setting.
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Introduction

Lung cancer is the leading cause of cancer-related deaths worldwide (1). At
diagnosis, 40-50% of nonsmall cell lung cancer (NSCLC) patients present with stage
I-11l disease (2,3). Resection is the primary treatment approach for stage I-Il disease,
and an important component of the multimodality approach for stage lll. Based
on a meta-analysis of multiple randomised controlled trials the standard of care
for stage II-1IIA NSCLC includes adjuvant chemotherapy, even though the absolute
disease-free survival (DFS) benefit is limited (5.8%) (4,5). Moreover, adjuvant
personalised regimens have been registered recently, using targeted therapy or
immune checkpoint inhibitors (6,7). Consequently, there is an unmet clinical need
to identify patients who will not benefit from adjuvant therapy.

The prospect of using circulating cell-free DNA (cfDNA) to detect postoperative
minimalresidual disease (MRD) was met with initial optimism (8,9). However, although
early detection of relapse using cfDNA has been reported in gastric cancer (10)
and colon cancer (11), as well as for NSCLC post-therapy (12,13), <fDNA as a
postoperative marker to identify NSCLC patients who will not benefit from adjuvant
therapy is not yet reported.

Traditionally the detection of MRD is focussed on detecting somatic variants in the
resected tissue material, and tracing those in the postoperative or postadjuvant
therapy plasma (8-14). Approaches using the same panel for all patients can be
limited by the number of variants that are available for tracking. To overcome
this, tissue-informed personalised assays have been developed, tailored to every
individual patient, to trace up to 48 mutations in plasma (12-15). However,
designing and analysing such individualised assays is costly and time-consuming,
which may be problematic in between surgery and adjuvant therapy.

More recently, other approaches have been developed using additional
characteristics of cfDNA, next to mutations, to help detect the presence of
circulating tumour DNA (ctDNA). One promising approach is the interrogation
of cfDNA fragment length, leveraging the knowledge that ctDNA is shorter than
nontumour-derived ¢fDNA (16-21). This has been used to infer a patient-level
fragmentation-based classifier from shallow whole-genome sequencing (WGS)
data(22,23), as well as to help distinguish tumour-derived mutation calls from
clonal haematopoiesis-derived mutation calls in hybrid capture sequencing
data (19,24,25). This mounting evidence suggests that fragment length analysis
could also be used to support the classical variant-based detection of MRD. As
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fragment length analysis and variant tracing are independent read-outs of the
presence of ctDNA, there is an opportunity to combine the two approaches to
improve the sensitivity of detecting MRD.

In this proof-of-principle study we explore the potential of combining patient-level
fragment length analysis and variant calling from hybrid capture sequencing data
for MRD detection in stage II-IlIA NSCLC patients.

Materials and methods

A flow chartillustrating the procedures and data streams in this project is provided
in Fig. 1.

Patients

All patients were enrolled with written informed consent as part of the multi-centre
Lung Early Molecular Assessment trial (LEMA; ClinicalTrials.gov NCT02894853),
which was in accordance with the standards set in the declaration of Helsinki
and was approved by the medical ethics committee (METC) of the Netherlands
Cancer Institute (NKI). Patients were only included in this MRD study if they were
diagnosed with pathological stage II-llIA NSCLC disease and if resected tissue
material, preoperative plasma (0-50days prior to surgery), preoperative BCP and
postoperative plasma were available. The postoperative plasma was required
to be taken at least 3 days postsurgery (26), and before adjuvant therapy, with a
maximum of 36days postsurgery. A cohort of 36 patients meeting these criteria
was selected.

Also, a control group was selected from the LEMA trial and consisted of 15 risk-
and age-matched patients with a suspicion of lung cancer based on imaging, who
subsequently underwent a tissue biopsy which proved a nonmalignant diagnosis.
This cohort of risk- and age-matched controls is a reflection of daily clinical practice
where we need to distinguish between patients with lung cancer and patients with
nonmalignant diseases of the lung. Details of the nonmalignant control group are
provided in TableS1. For the nonmalignant control group only the preoperative
plasma sample was sequenced as described below.
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Figure 1. Flow chart illustrating the experimental procedures and data flows in this study. Blood and tissue
samples from 36 NSCLC patients and plasma cfDNA from 15 risk- and age-matched patients with
nonmalignant disease were sequenced with a targeted hybrid capture sequencing panel. Optimised variant
calls were combined with patient-level fragmentomics, both from the hybrid capture sequencing data, to
determine the presence of minimal residual disease in each patient in a 20 times repeated 10-fold
cross validation.
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Samples

Blood was collected in two hospitals, either using 10 mL K2-EDTA tubes or 10 mL
cell-stabilising tubes (CST; STRECK, Omaha, NE, USA). Cell-free plasma was
obtained from the K2-EDTA tube within 4h by a two-step centrifugation at room
temperature: 20 min at 380 g followed by 10 min at 20000 g. Cell-stabilising tubes
were centrifuged at room temperature for 10 min at 1700g and 10 min at 200009
within 7 days. Cell-free plasma was stored in 1-4mL aliquots at —80°C. cfDNA
isolation was performed using the QIAsymphony Circulating DNA kit (article
number 1091063, Qiagen, Dusseldorf, Germany) with the QIAsymphony (Qiagen).
No extraction blanks were used in this study. Elution volume was set to 60 uL and
samples were stored at 4°C until use. No significant differences were observed
in the fragmentation scores of samples collected in EDTA tubes or CST (data not
shown). To confirm this, a pilot experiment was performed with nine patients with
metastatic NSCLC. Blood was concurrently drawn in both CST and EDTA tubes, and
patient-level FS was determined. Based on a Passing Bablok regression we conclude
that the type of tube does not influence the patient-level FS (Fig.S1B).

DNA from BCP was isolated from a 1 mL pellet using the QIAsymphony DSP DNA
Midi Kit (article number 937255, Qiagen). Elution volume was set to 400 uL and
samples were stored at 4°C until use. DNA was fragmented sonically on a Covaris
ME220 Focused-ultrasonicator (Covaris Inc., Woburn, MA, USA) using microTUBE
AFA Fibre Pre-Slit Snap-Cap (PN 520045) vessels, with the following settings:
Duration 70s, Peak Power 70W, Duty Factor 20% and 1000 Cycles per Burst.

DNA from tissue was obtained from FFPE slides. The pathologist scored tumour
percentage and indicated most tumour-dense region for isolation on an H&E slide.
Five to 10 (depending on tumour size) FFPE 10 um slides were used. DNA and RNA
were isolated simultaneously with the AllPrep DNA/RNA FFPE isolation kit (Qiagen,
#80234) by using the QlAcube, according to the manufacturer's protocol. DNA
input into the AVENIO library preparation phase was determined according to the
protocol (median 37.3 ng, IQR 32.6-46.3 ng). Fragmentation of the FFPE tissue DNA
was performed enzymatically, according to the AVENIO library preparation protocol.

Sequencing and variant calling

Fourteen preoperative samples were sequenced with a large capture panel
comprising 1.1Mb as described earlier (27), which fully overlaps the AVENIO
Surveillance Paneland only the overlapping regions were used. All other samples
(22/36 preoperative plasma, BCP, tissue and postoperative plasma of 36 NSCLC
patients, as well as the preoperative plasma samples of patients with nonmalignant
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disease) were sequenced in-house using the AVENIO Surveillance Panel (for
Research Use Only; not for use in diagnostic procedures, Roche Sequencing
Systems, Inc. Pleasanton, CA, USA), covering hypermutated regions or full exonic
sequences of 197 genes, total size 198kb (28). Handling in accordance with the
predefined protocol, we isolated ¢cfDNA from all available plasma and used 50 L
of the eluate as input for the AVENIO library preparation. Median cfDNA input for
preoperative samples was 24.4ng (IQR: 17.4-38.5ng), for postoperative samples
was 50.0 ng (IQR: 49.4-50.0 ng).

Samples were multiplexed and sequenced on an Illumina NextSeq550, generating
median 30 m reads per sample (IQR: 27-34m). Median unique sequencing depth
in preoperative samples was 3678x (IQR: 2495-4758%), in postoperative samples
6289x% (IQR: 5081-6980x), in BCP 3428x% (IQR: 3162-3684x) and in tissue 1938x
(IQR: 1573-2819x).

Variant calling was performed using the AVENIO pipeline, using the unfiltered
called variants. All variants that were detected in blood cell pellet were considered
to be germline if they were also detected in tumour tissue. They were considered
to be CHIP if they were not detected in tumour tissue. Germline variants and CHIPs
were removed from downstream analysis. All variants except germline variants are
reported in Table S2. Raw data read counts were extracted from the .freq files of the
postoperative plasma for all variants detected in any sample of that patient.

Variant calling cut-offs in the postoperative plasma were optimised. Specifically,
the cut-offs were lowered for tumour-informed and preoperative plasma-informed
variants. We iteratively lowered the cut-offs to requiring one to eight reads.
Additionally, the cut-off for calling a patient MRD-positive varied from requiring at
least one to six baseline-informed variants detected in the postoperative plasma.
The best combination of cut-offs was selected based on the highest concordance
with recurrence status of the patients.

Fragmentation score

To calculate the FS, we first built areference database of reads that contained tumour-
informed mutations, and stored their respective lengths from the deduplicated
BAM files, in total 21705 fragments. For the nontumour reads we collected reads
from 15 patients with nonmalignant disease (177.6 million fragments).

First, we randomly sampled 10000 reads from each set and calculated the
probability density for each fragment length to occur in tumour- and nontumour-
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derived cfDNA (Fig. 2A). Next, we calculated the log-2 of the ratio of these densities,
maxed at +5 and -5 for lengths that had a count of 0 in either group. Additionally,
fragment lengths that had a total of 20 reads or fewer were given a score of 0. This
process was bootstrapped over 1000 iterations to smooth out any noisy areas and
reduce the impact of sampling errors.

Thus, each fragment length was allocated a per-fragment fragmentation score
in this reference set, illustrated in Fig.S2A. In order to translate this per-fragment
score into a per-patient score, we randomly sampled 1 million fragments from each
patient and reported the mean fragmentation score per million fragments (Fig.2A,B
and Fig.S3A). Patients who had an FS greater than the mean FS plus two times the
standard deviation among 15 plasma samples from patients with nonmalignant
disease were considered positive for MRD detection. Technical reproducibility of the
FS was shown by 10 times repeated subsampling of one million, hundred thousand,
ten thousand or one thousand reads per sample (Fig. S4A). The confidence interval
of the calculated FS was consistently smaller than 0.01 when one million reads were
sampled, indicating very consistent patient-level FS reproducibility at this sampling
size (Fig.S4B).

The per-fragment score was translated to a per-variant score (VFS) by averaging the
scores of all fragments supporting a specific variant (Fig.3A). If the same variant
was detected in both the preoperative and postoperative plasma, the fragments
were analysed collectively in order to obtain more fragments per variant, resulting
in a better score. The nonmalignant cfDNA threshold was established by randomly
sampling each number of reads from 15 patients with nonmalignant disease
1000 times, and calculating the VFS. The threshold was set at the mean plus two
times the standard deviation in nonmalignant reads. The minimum number of
reads to include a variant was determined by assessing the best performance
by assigning a score of 1 for each correctly classified variant, —1 for incorrectly
classified variants and 0 for indeterminate variants below the cut-off, and resulted
in a cut-off of eight reads. The same cut-offs were applied to the validation data in
the MSKCC/Grail cohort (Fig. S3B).
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Figure 2. Fragment length analysis. (A) Fragment length density in the perspective of fragment length in
base pairs (bp) including tumour fragments (red, n=21705 fragments), defined by containing a tumour-
derived mutation, and nontumour fragments (blue, n=177.6 million fragments) from patients with
nonmalignant disease. Red shaded areas indicate fragment lengths that are more prevalent in tumour
cfDNA, while blue shaded areas are more prevalent in nontumour cfDNA. The intensity of colours
corresponds to the log-2 of the relative ratio of tumour- to nontumour-derived fragments. (B) Patient-level
fragmentation score (FS) for age-matched nonmalignant patients (i.e. control group, n=15), and paired
preoperative and postoperative plasma samples from NSCLC patients (n=36). Fragmentation score was
significantly higher in both preoperative patient samples and postoperative patient samples when
compared to nonmalignant patients (P < 0.001 and P=0.002 respectively, Wilcoxon rank sum test). FS was
significantly higher in preoperative patient samples compared to paired postoperative patient samples
(P=0.007, paired t-test). (C) Patient-level FS for age-matched nonmalignant patients (i.e. control group,
n=15), and postoperative plasma samples from NSCLC patients, categorised in patients with (n=14) versus
without recurrence of disease (n=22). There was no statistically significant difference between the
postoperative FS of patients with recurrence and patients without recurrence of disease (P =0.38, Wilcoxon
rank sum test).
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Figure 3. Variant level fragment length analysis and Kaplan-Meier curve of the combined MRD-model.
(A) Variant-level fragmentation score (VFS) versus number of reads per variant for all tumour-informed
variants (n =204, red) and CHIP variants (n =190, blue) in the LEMA-MRD cohort. Reads from preoperative
and postoperative plasma for the same variant were added up for this analysis. The black dashed line
represents the mean plus two times standard deviation of fragments randomly sampled from 15 patients
with nonmalignant disease and is used as a nonmalignant cfDNA threshold. (B) Performance of a combined
MRD model including fragment length analysis and variant calling. Kaplan-Meier curve with progression-
free survival (PFS) of MRD-positive (yellow) and MRD-negative patients (blue) based on the combined
variant calling and patient-level fragmentation score (FS) model in a 20 times repeated 10-fold cross
validation. Patients were labelled as MRD-positive or -negative by the majority result of the cross validation.
The model was able to differentiate between patients with recurrence of disease and those without
(P=0.0029, log-rank test).

The algorithm to calculate the FS and VFS was written in R (29) and has been
made publicly available (https://github.com/DCLVessies/Fragmentomics) for other
researchers to evaluate, along with the established fragment length reference set.
The FS and VFS presented in this work could in principle be used in any cfDNA
sequencing method that preserves the fragment length information, such as
hybrid capture sequencing and (shallow) whole-genome sequencing, but not in
PCR-based amplicon sequencing.

Cross validation

The applicability of the combined variant calling and FS model for predicting
recurrence was validated using a 20 times repeated 10-fold cross validation. For
each repeat, the 36 patients were randomly divided into 10 folds of three or four
patients. In each iteration the model was trained on nine folds, and the training
algorithm was applied on the remaining fold until each fold had been applied once.
In total, this process of cross validation was repeated 20 times.
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For each fold, the reference set for the FS was rebuilt using only the mutation reads
in the 90% of the data used for training, and all FS including the FS for patients
with nonmalignant disease were recalculated. Cut-offs for the variant calling were
determined likewise based on the training data. The variant calling and FS each
provided a true or false call based on their respective cut-offs as described above.
Based on the best fit of the training data to the status of disease recurrence, the
model determined whether both outcomes had to be positive or whether one
positive outcome was sufficient. Subsequently, this algorithm was applied to the
one remaining fold that was not included in the training data. The final performance
of the model was determined by the majority call for each patient among the
20 repeats - that is, a patient was counted as predicted positive if it was predicted
positive at least 11 times (Fig.S5).

For the randomly assigned patient-level FS as shown in Fig.S6C, the FS and variant
calls were determined as described above, but subsequently, the patient-level FS
was assigned to a randomly determined other NSCLC patient.

Potential clinical implications

Based on the Lung Adjuvant Cisplatin Evaluation (LACE) meta-analysis of five
randomised controlled trials (4), adjuvant chemotherapy after complete resection
of stage Il and Ill NSCLC was established as the standard of care (5). The absolute
disease-free survival benefit of adjuvant chemotherapy was determined to be 5.8%
in the meta-analysis, and this was assumed to be the case in our simulations.

In order to estimate the fraction of patients that benefit from adjuvant
chemotherapy in the MRD-positive and -negative groups, we assumed that the
sensitivity of detecting recurrence is the same as the sensitivity for detecting
patients who would benefit from chemotherapy. While this assumption is not ideal,
this is the closest estimate we have based on the data generated in this study.

In a 10000 times repeated bootstrap simulation 36 patients were randomly drawn
from our cohort, with replacement. Next, each of the 36 patients was randomly
assigned a prediction: MRD-positive or MRD-negative with probability equal to
the results of the TTF-CV (Fig. S5, rightmost column). In each iteration the 5.8% of
people who benefit from adjuvant chemotherapy were distributed between the
MRD-negative and -positive groups proportionally to the sensitivity for detecting
recurrence in that iteration (e.g. if sensitivity for detecting recurrence was 80%
in that iteration, then likewise 80% of the 5.8% of patients who would benefit
from adjuvant chemotherapy were allocated to the MRD-positive group). The
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fraction of MRD-positive and -negative patients who would benefit from adjuvant
chemotherapy was reported.

Results

In total 36 stage II-IlIA NSCLC patients with available preoperative blood cell pellet
(BCP) and plasma, resected tissue material and postoperative plasma between
3 and 36 days postsurgery were included in this study. In addition, 15 patients with
nonmalignant disease and with available preoperative blood plasma were selected
as a control group. All patients were selected from the larger Lung Early Molecular
Assessment trial (LEMA; ClinicalTrials.gov NCT02894853).

Patient characteristics

In this cohort six patients (17%) were diagnosed with pathological stage IIA,
18 patients (50%) with stage IIB and 12 patients (33%) with stage IlIA disease. In
total, recurrence of disease occurred in 14 patients (39%) with a median follow-
up of 23 months (IQR 19-30 months). The clinical characteristics of the assessed
cohort are represented in Table 1. A total of 16 patients (44%) had squamous cell
carcinoma, in line with national prevalence of this histological subtype in stage Il
(35%) and Il (36%) NSCLC patients in the Netherlands (30).

Somatic variants

To detect MRD using variant calling, we first identified tumour-related variants
in the preoperative setting using tissue and plasma and subsequently sought
whether these variants could be traced in the postoperative plasma. After removing
clonal haematopoiesis of indeterminate potential (CHIP) and germline variants,
a median of 8 (range 3-34) tissue-informed or preoperative plasma-informed
variants per patient remained that could be tracked in the postoperative plasma.
As such, variants that were only detected in postoperative plasma were considered
uninformative and were removed from analysis. In total, 389 trackable variants were
identified in 36 patients, of which 154 variants (40%) in the postoperative plasma
were directly reported by the AVENIO pipeline or had reads in the deduplicated
BAM files (Fig.4A).
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Table 1. Clinical characteristics of NSCLC patients in this cohort. LCNEC, Large-cell neuroendocrine
carcinoma; NSCLC-NOS, Nonsmall cell lung cancer - not otherwise specified.

All patients Stagell Stage lll
N=36 N=24 N=12
Age, median years (IQR) 68 (62-76) 69 (62-75) 67 (61-76)
Sex, n (%)

- Male 23 (64) 15 (63) 8(67)

- Female 13 (36) 9(37) 4(33)
Smoking status, n (%)

- Active 11(31) 8(33) 3(25)

- Former 25 (69) 16 (67) 9(75)
Pack years, median (IQR) 38 (20-57) 37 (20-55) 43 (23-70)
Tumour histology, n (%)

- Adenocarcinoma 18 (50) 13 (54) 5(42)

- Squamous cell carcinoma 16 (44) 10 (42) 6 (50)

- NSCLC-NOS 103) 1(4) 0

- LCNEC 103) 0 1(8)
Recurrence of disease, n (%)*

- Yes 14 (39) 7 (29) 7 (58)

-No 22 (61) 17(71) 5(42)
Adjuvant chemotherapy

- Yes, completed 7(19) 5(21) 2(17)

- Yes, partially completed 7(19) 3(12) 4 (33)
-No 22 (61) 16 (67) 6 (50)
Days between baseline plasma 8(6-14) 8(6-14) 9(6-15)

and surgery, median (IQR)
Days between surgery and postoperative 10 (6-23) 13 (6-25) 6 (4-20)

plasma, median (IQR)

Months follow-up, median (IQR) 23 (19-30) 26 (22-30) 19 (7-23)
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Figure 4. Variants detected in tumour tissue and pre- and postoperative plasma. (A) Total number of
absolute variants across 36 patients detected in tumour tissue (yellow), preoperative plasma (blue) and/
or postoperative plasma (red), including a differentiation in variants called by the Avenio pipeline or only
with supporting reads. (B) Number of trackable variants per patient that were detected or had supporting
reads in the postoperative plasma, categorised in patients with (n=14) versus patients without recurrence
of disease (n=22). Trackable variants are defined as detected variants in the preoperative setting in either
plasma or tumouir tissue. Trackable variants in dark orange were detected by the Avenio pipeline, trackable
variants in light orange were not detected by Avenio but did have reads in the alignment files. Trackable
variants in grey did not have reads in the postoperative plasma alignment files.

When considering the prognostic power of MRD detection using only variants, a
median of 3 variants per patient (range 1-10) were detected or had reads in the
postoperative plasma of patients who did not develop recurrence, in comparison
to a median of 4 variants (range 0-13) in patients who did develop recurrence
(Fig.4B). Defining disease recurrence as a surrogate endpoint for the presence
of MRD postsurgery, we performed a 20 times repeated 10-fold cross validation
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(TTF-CV, described in Materials and methods) to evaluate the performance of
variant calling for detecting MRD. Using only variant calling with optimised variant
call thresholds we were unable to accurately distinguish patients with and without
recurrence (P=0.24, log-rank test, Fig. S6A).

Fragment length analysis

We investigated differences between ctDNA and nontumour cfDNA fragment
lengths. ctDNA fragments were defined by containing a tumour tissue-informed
mutation, of which 21705 fragments were detected in the plasma of 36 patients.
In line with what others found, these ctDNA fragments were shorter than cfDNA
fragments from patients with nonmalignant disease (control group), including
both the mononucleosomal and the dinucleosomal fragments (Fig.2A) (16,18,20).
Correspondingly, the relative abundance of each fragment length in ctDNA
versus nontumour cfDNA fragments indicates the likelihood of each fragment
originating from a tumour cell or a nontumour cell. As described in the Materials

and methods section, this property was used to calculate an aggregated patient-
level Fragmentation Score (FS) from 1 million fragments per patient, derived from
the same hybrid capture sequencing data as the variant calling.

Median patient-level FS in the preoperative samples was —0.47 (IQR —0.54 to —0.37),
which was higher than observed in the postoperative samples with a median of
—0.55 (IQR —0.60 to —0.46, P=0.007, paired t-test, Fig.2B). FS among 15 patients
with nonmalignant disease (median —0.67, IQR —0.70 to —0.56) was lower than
in preoperative samples (P <0.001, Wilcoxon rank sum test) and in postoperative
samples (P=0.002, Wilcoxon rank sum test, Fig.2B). Applying a cut-off at the
mean plus two times standard deviation of the patient-level FS for patients with
nonmalignant disease, we reached 100% specificity (95% Cl 72%-100%), and
sensitivity of 44% (95% Cl 28%-62%) and 25% (95% Cl 12%-42%) in preoperative
and postoperative samples respectively. Subsequently, the performance of the
patient-level FS was validated in the DELFI cohort (22). We applied a cut-off of the
mean plus two times standard deviation of the patient-level FS among 213 samples
from healthy individuals. This resulted in 98.6% specificity (95% Cl 95.9%-99.7%)
and 58% sensitivity among lung cancer cases (n=12, 95% Cl 28%-85%), confirming
the performance of the patient-level FS (Fig.S3A). However, the difference in
postoperative FS between patients with and without recurrence was not significant
(median —0.49 versus —0.55, P=0.38, Wilcoxon rank sum test, Fig.2C) and using
only the FS we were unable to accurately distinguish patients with and without
recurrence (P=0.07, log-rank test, Fig. S6B).
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Additionally, a variant-level fragmentation score (VFS) was developed to
differentiate tumour-informed variants from nontumour variants (e.g. CHIPs)
based on the fragment length of the supporting reads. The VFS distinguished
tumour-informed variants from CHIPs with 84% specificity (159/190 CHIPs classified
correctly) and 55% sensitivity (113/204 tumour variants classified correctly; Fig. 3A).
When considering only variants with at least eight reads, the specificity was 82%
(131/159 CHIPs) and sensitivity was improved to 86% (93/108 tumour variants).
The performance of the VFS was validated in an independent cohort with high
confidence calls of CHIPs and biopsy-matched variants from Grail/MSKCC (31).
Using the exact same criteria and cut-offs as established in our own cohort, we
reached 93% specificity (106/114 CHIPs) and 82% sensitivity (263/319 tumour
variants; Fig.S3B), confirming the robustness and generalisability of the VFS
classification. However, including this classifier in the MRD detection model did not
improve its ability to distinguish patients with and without recurrence since the
variants were already correctly classified by having sequenced the tumour tissue
and BCP.

Combined variants and FS model

To improve the accuracy of the MRD model we explored the possibility of combining
the variant detection and FS approach. The method of combination and the
TTF-CV used to evaluate the performance of this combined model are described
in Materials and methods. The clinical sensitivity of the combined variant calling
and FS approach for detecting ctDNA in preoperative plasma was 75% (95% ClI
58%-88%) at 100% specificity (95% Cl 78%-100%), compared to 44% for FS
alone (95% Cl 28%-62%) and 47% for variant detection alone (95% Cl| 30%-64%),
highlighting the complementarity of these approaches (Fig.STA).

When applied to detect MRD, the combined model was able to differentiate patients
with disease recurrence from those without with an accuracy of 75% (Fig.3B,
P=0.0029, log-rank test). The negative predictive value (NPV) was 78% (95% ClI
56%-92%). The performance of this combined model was significantly superior in
comparison to the model using only variant calling (Fig. S6A, P=0.24, log-rank test),
only FS (Fig.S6B, P=0.07, log-rank test), or a model combining variant calling and
randomly generated FS (Fig.S6C, P=0.18, log-rank test), indicating the addition of
FS is truly informative.

Due to the small cohort size and limited number of events (n=14), it was not possible
to perform a multivariate Cox proportional hazards analysis. Instead, we evaluated
the bivariate Cox hazard ratios of the MRD prediction model using each of the



Combining variant detection and fragment length analysis improves detection | 111

following factors as a covariate: disease stage (stage Il versus stage IllIA), simultaneous
secondary malignancies (yes versus no), completion of adjuvant chemotherapy (not
started versus not completed versus completed) and the time between surgery and
postoperative blood draw (in days). This revealed the MRD prediction model was a
significant predictor of progression-free survival (PFS) in all bivariate analyses, and
only tumour stage was found to be a significant covariate (Table S3).

Potential clinical implications

To explore the potential effect of implementing an MRD test with similar
performance in a larger setting, we simulated the hypothetical effect on clinical
decision making (Materials and methods). Therefore, the following assumptions
were made: first, 5.8% of patients potentially benefit from adjuvant chemotherapy
(4,5). Second, the MRD test's sensitivity for detecting those patients that benefit

is equal to the sensitivity for detecting patients who will develop recurrence of
disease. This simulation estimated a decrease in benefit of adjuvant chemotherapy
in the MRD-negative group to 3.7% (95% Cl: 1.4%-5.6%). On the other hand, in
the MRD-positive group the expected benefit of adjuvant chemotherapy was
hypothesised to increase to a median of 9.0% (95% Cl: 6.1%-13.3%; Fig.S7).

Discussion

There is an unmet clinical need to identify stage II-IlIA NSCLC patients who have
been successfully cured by surgery alone and will not benefit from adjuvant
therapy. Detection of postoperative MRD may help guide adjuvant treatment
decisions and reduce overtreatment. Although studies in other types of cancer have
demonstrated the ability to detect postoperative MRD (10,11), and post-therapy
detection of MRD in NSCLC (12,13), no studies to date have reported postsurgery
detection of MRD in stage II-llIA NSCLC patients with the intent of withholding
adjuvant therapy in the MRD-negative group.

Here we present a combined variant calling and fragment length model to detect
postoperative MRD and predict recurrence of disease which reached 75% accuracy
in cross-validation (P=0.0027, log-rank test). The analyses presented in this work
may help drive the integration of various types of information from the same
data, ultimately leading to cheaper and more sensitive techniques for detecting
postoperative MRD in this setting.
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Study design limitations

While the present results are hopeful, they need to be critically nuanced. First and
most importantly, this study was designed as an explorative proof-of-concept
study, and the results should be interpreted as such.

Second, in this study both patients with and without adjuvant chemotherapy were
included. Disease recurrence was used as a surrogate endpoint to identify patients
with MRD postsurgery. One drawback of this approach is that patients who were
cured by adjuvant therapy will show up as false-positive results in this study design
(i.e. MRD-positive but no recurrence), and skew the model towards more cautious
calling of MRD. Since only 14 patients in our cohort started adjuvant chemotherapy,
of whom only seven patients completed it, and because of the minimal cure rate of
adjuvant chemotherapy, we do not expect this to have a large effect on the results.

Along the same lines, it is important to consider that asking who will develop
recurrent disease is not the same as asking who will benefit from adjuvant therapy.
By extension, the clinical implications simulated in this study should be interpreted
as a best estimate based on the data we have, and not as actual data generated
by this study. This estimate might be used to generate hypotheses or inform the
design of a follow-up study.

Model performance

Despite these limitations, this study supplied valuable insights. In order to get
an indication of the clinical sensitivity of the combined model we applied it to
preoperative plasma samples and patients with nonmalignant disease, using the
confirmed presence or absence of a tumour as a clinical gold standard to evaluate
the performance of the test. We reached a sensitivity of 75% at 100% specificity,
comparable to the performance of other methods that combine mutation
detection with fragmentation patterns. For example, in a cohort of 85 stage I-llI
lung cancer patients Lung-CLiP reached sensitivities of 54% and 67% in stage |l
and Il respectively, at 98% specificity (24). MRDetect reached 67% sensitivity for
39 patients with lung adenocarcinoma, of whom 78% with stage I-1lA, at 96%
specificity (32). INVAR reports a sensitivity of 63% in 19 NSCLC patients with
stage I-Ill (25). DELFI is a different model that uses shallow whole-genome
sequencing combined with artificial intelligence to detect genome-wide
fragmentation patterns (23). Among 24 stage II-IlIA lung cancer patients, this
model reached 96% sensitivity at 80% specificity, and 71% sensitivity at 98%
specificity. This indicates that the combined variant detection and fragmentation
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pattern model developed in this study performs comparably to other state-of-the-
art models.

When comparing the performance for detecting MRD, the present model had an
accuracy of 75% (95% Cl 58%-88%) in cross-validation, with an NPV of 78% (95% Cl
56%-92%). This was comparable to an accuracy of 77% (95% Cl 55%-92%) among
22 stage I-lll lung adenocarcinoma patients for MRDetect (32), with an NPV of
100% (95% Cl 74%-100%). It should be noted that in the MRDetect study only five
patients developed recurrent disease, compared to 14 patients in our study, leaving
little room for false-negative results. This is probably caused by a high proportion
of stage | disease (14 out of 22 patients), and a comparatively short follow-up for
the negatively tested stage Il and Ill patients in their cohort (n=4). When only
considering stage lI-lll patients in the MRDetect study (n=8) the accuracy was 88%
(95% CI 48%-100%) and the NPV 100% (95% Cl 40%-100%).

We speculate that while our model shows a highly significant distinction between
patients with a high or low risk of developing recurrence (P =0.0029, Fig.3B), the
sensitivity and NPV of our and similar methods will not be sufficient to ethically
withhold adjuvant therapy in the clinical application of a postoperative MRD-test
in stage IlI-1ll NSCLC. For that reason, the field is working towards increasingly
sensitive techniques, and to that end it will be important to obtain as much
information as possible from data that is already generated in current and future
diagnostic procedures. By combining hybrid capture variant calling data, which can
be used for molecular profiling, with fragmentation analyses from the same data,
our method is another step in that direction.

Additionally, the postoperative samples in this cohort were obtained relatively
soon after surgery (median 6days). Considering that three out of four false-
positive patients in our cohort had their blood collected within 5 days after surgery
and had elevated levels of cfDNA in their blood (Fig.S5), this might indicate a
failure of clearance of ctDNA of the primary tumour after surgery. Performance
characteristics of the method might be improved by obtaining the blood with a
longer interval after surgery to make sure any residual ctDNA from the primary
tumour has cleared, although definitive evidence about the optimal timepoint for
blood draw after surgery is still lacking (33).

Fragmentation score
To the best of our knowledge the fragmentation score (FS) presented in this work
is the first method that derives both a patient-level and variant-level fragmentation
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score from hybrid capture sequencing data. In our model the predictive weight of
each fragment is determined by the relative abundance in ctDNA versus nontumour
cfDNA. As a consequence, fragments of 130-150bp and 250-300bp are given
higher predictive weight towards ctDNA, while fragments of 180-210 bp are given
higher predictive weight towards healthy cfDNA (Fig. 2A, Fig.S2A).

This method provides several advantages compared to other studies that use
fragment length analysis to detect ctDNA. Other models most often define one
or several ‘windows’ of fragment lengths that are enriched for ctDNA, such as
the window of 100-150bp (22), 90-150bp (19) or <160bp and 230-310bp (24).
However, these windows allocate the same predictive weight to each fragment
within that window, and the boundaries of the windows may change between
different research groups. This is especially detrimental in the 150-160bp range,
which is the most abundant in ¢fDNA and would have a large impact on the model,
even though fragments in that range are abundant in both ctDNA and nontumour
cfDNA and therefore poor predictors.

Applying our model to patients with nonmalignant disease, the patient-level
FS was significantly lower than in both preoperative and postoperative patient
samples (Fig. 2B). This finding was reproduced in publicly available data of the DELFI
cohort, highlighting the reproducibility and broader applicability of the approach
(Fig.S3A). The DELFI data were generated from shallow WGS data, confirming
that the patient-level FS performance does not depend on the target area of the
sequencing data. However, based on patient-level FS alone we were unable to
reliably distinguish patients with and without recurrence (Fig.S6B), underlining the
finding that patient-level FS is not a silver bullet solution and should be used in
conjunction with other means of MRD detection like variant calling.

To reduce the need for BCP-paired sequencing, methods are needed to distinguish
CHIPs from tumour-derived mutations (34). To that end we developed a VFS.
Since we had access to a rich dataset containing tumour tissue, BCP and plasma
sequencing data we were able to report the performance of the VFS on an
individual variant level, which has not been reported before. The VFS was capable
of distinguishing tumour-derived variants from nontumour-derived variants
(i.e. CHIPs) with high specificity (84%) and reasonable sensitivity (55%). Sensitivity
in variants with at least eight reads improved to 86%, with comparable specificity
(82%), at the cost of inconclusive results for 32% of variants (Fig.3B). Validation of
the trained model in a highly characterised public dataset of Grail/MSKCC reached
an even superior performance with 82% sensitivity and 92% specificity (Fig. S3B).
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Since variants were already classified based on tumour tissue and BCP sequencing,
the VFS was not of added value in our current MRD model. We speculate that the
VFS could be applied in future studies to filter nontumour-derived variants with
high accuracy, and thereby reduce or eliminate the need to sequence tumour tissue
and/or BCP alongside plasma samples.

Clinical implications

In an exploratory hypothesis-generating simulation we estimated the potential
clinical consequences of implementing the MRD prediction model in clinical
practice. In the MRD-negative group we hypothesised that only 3.7% of patients
would benefit from adjuvant chemotherapy, potentially tipping the debate towards
withholding adjuvant chemotherapy for these patients. However, the simulated
data does not correct for chemotherapy undergone by patients in our cohort

and represents data from only a small cohort. As such these simulated estimates
should be treated as hypothesis generating based on the data we have and not as a
prediction of the clinical impact of our model.

At present, adjuvant targeted therapy and immunotherapy are being integrated in
early-stage NSCLC to improve cure rates and long term overall survival (7,35,36).
Extensive molecular testing at diagnosis can identify oncogenic drivers and
therefore presents an opportunity for targeted treatment in the adjuvant setting.
Epidermal growth factor receptor tyrosine kinase inhibitors (EGFR-TKI) have shown
promising efficacy in clinical trials for resected EGFR mutant NSCLC (7). A plausible
future scenario would be the incorporation of precision medicine into treatment
of earlier stages of NSCLC. Since this presented MRD model is based on hybrid
capture NGS data, this method would provide both a molecular analysis to guide
treatment and the identification of MRD as regards which patients would benefit.
A recent study with patients who received adjuvant anti-PD-1 immunotherapy
after melanoma resection showed that nearly half of the patients (43%) developed
chronic anti-PD-1 related adverse events, defined as persistent symptoms 12 weeks
after anti-PD-1 discontinuation (37). Since chronic adverse events can severely
impact quality of life in the long term, it will become increasingly important to guide
physicians and patients towards informed decisions about adjuvant treatment.

Conclusion

In conclusion, we present an explorative study to detect postsurgery MRD in
stage II-1lIA NSCLC patients, prior to adjuvant therapy. Using only variant calling
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or only fragment length analysis, we were unable to distinguish patients with or
without recurrence of disease with sufficient accuracy. The combined model was
capable of stratifying patients after surgery into high versus low risk of developing
recurrent disease in a cross-validation setting. The performance of this model was
comparable to other methods that employ combined fragmentation and variant
calling. The results of this model could be used as a stepping stone towards a more
sensitive model to detect MRD in stage II-IlIA NSCLC patients.

Data availability

The datasets generated during this study are included in this published article and
its supplementary information files are available from the corresponding author
on reasonable request. The patient-level fragmentation score (FS) was validated in
the DELFI cohort (22), accessed through FinaleDB (38). The performance of the VFS
was validated in the Grail/MSKCC cohort (31), accessed through EGA data accession
number EGAD00001005302 (39).
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Supplemental figure S1. Analytical validation of patient-level FS

A. Patient-level FS versus the mean tumour variant allele frequency (VAF) in all preoperative samples
(n=36). Line and shaded area represent Pearson correlation and corresponding confidence interval.

B. Passing-Bablok regression of patient-level FS in biological replicates (n=9) sampled in EDTA tubes or Cell
stabilizing tubes.
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Supplemental figure S2. Fragment level fragmentation
A. The per-fragment fragmentation score for various fragment lengths, corresponding to the log-2 of the
ratio of tumour-fragments to non-tumour-fragments (figure 2A). The per-fragment fragmentation score
was bootstrapped over 1,000 iterations and regions with an insufficient number of fragments were given
a score of 0 (Methods) To translate the per-fragment score to the per-patient fragmentation score (FS), we
used the average per-fragment score of 1 million randomly drawn fragments per patient. To translate the
per-fragment score to a per-variant fragmentation score (VFS) we averaged the per-fragment score of all
fragments supporting a variant. B. Fragment length frequencies of various cohorts of non-tumour cfDNA:
CHIP-derived cfDNA in the MRD cohort (black), cfDNA from patients with non-malignant disease in the
MRD cohort (red), cfDNA from healthy donors from the DELFI cohort (green) and CHIP-derived cfDNA in the
MSKCC/Grail cohort (blue). The peaks for all these sources of non-tumour cfDNA are overlapping, indicating
that cfDNA from non-malignant patients does not have a different fragmentation pattern compared to
other established sources of non-malignant cfDNA, despite underlying disease in these patients.
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Supplemental figure S3. Validation of patient-level fragmentation score (FS) and variant-level
fragmentation score (VFS) in the DELFI and MSKCC/Grail cohorts, respectively

A. Patient-level FS applied to the DELFI cohort. Horizontal dashed line indicates the mean plus two
times standard deviation of the FS amongst n=215 Healthy volunteers in this cohort. This corresponds
to a specificity of 98.6% and sensitivity of 58% amongst n=12 lung cancer patients. B. Variant-level
fragmentation score (VFS) applied to the MSKCC/Grail cohort. The black dashed line corresponds to the
non-malignant cfDNA threshold as determined in figure 2A. Limiting the analysis to only variants with at
least 8 reads, tumour variants were detected with 82% sensitivity (263/319 tumour variants, red) and CHIP
variants with 93% specificity (106/114 CHIP variants, blue).
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Supplemental figure S4. Technical reproducibility and downsampling of patient-level FS

A. Variation in patient-level FS when sampling 1,000 to 1,000,000 reads of non-malignant patients (red,
n=15), preoperative (green, n=36) and postoperative patients (blue, n=36). B. Violin plot with confidence
interval of patient-level FS presented as four times the standard deviation when sampling 1,000 to
1,000,000 reads of non-malignant (red, n=15), preoperative (green, n=36), and postoperative patients
(blue, n=36).
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Supplemental figure S5. Results of the twenty times repeated ten-fold cross validation (TTF-CV)
Results of the twenty times repeated 10-fold cross validation on patient level, in patients grouped in with
or without recurrence of disease, where a score of 0 represents an MRD-negative prediction and 1 an MRD-
positive prediction by the MRD model. The majority call amongst the twenty repeats was used as input for
the Kaplan-Meier curves. The rightmost column, “Mean’; was used as input for estimating the fraction of
patients that would benefit from adjuvant chemotherapy.
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Supplemental figure S7. Bootstrap simulation of potential clinical implications

A 10,000 times repeated bootstrap simulation with estimates of the fraction of patients in the MRD-
positive (yellow) and MRD-negative group (blue) based on the combined MRD model who would benefit
from adjuvant chemotherapy. An absolute disease free survival benefit of adjuvant chemotherapy of 0.058
was used.
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Chapter 6

General discussion
and future perspectives
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6.1 Summary and general discussion

The conventional approach to diagnostics in solid malignancies is based on tissue
biopsies, offering insights into crucial cellular alterations guiding therapeutic
decisions. However, the drawbacks associated with tissue biopsies, including
invasiveness, susceptibility to sampling errors, and an inability y to capture real-
time tumour dynamics, necessitate exploration into alternative methodologies.
Liquid biopsies, emerging as a transformative paradigm in oncology, offer a
minimally invasive solution to several challenges posed by tissue biopsies. Among
the various liquid biopsy modalities, the examination of circulating tumour DNA
(ctDNA) has emerged as a focal point of investigation.

The dynamic field of ctDNA, marked by continuous and rapid development, holds
potential for significant advancements in cancer diagnostics and monitoring. The
clinical uptake of ctDNA testing is among other reasons hampered by the limited
sensitivity and specificity of the tests. These challenges arise from a combination
of biological and technical factors inherent in the tests. This dissertation aims
to address these challenges through improved data utilization and proposing
methodological enhancements.

6.1.1 Improvement of standard ddPCR analysis: ALPACA

A method will inherently produce false positive and false negative results. Such
erroneous results may pose a serious problem resulting in suboptimal or ineffective
treatment. At the same time, standardisation of methods and results are essential in
clinical care. In Chapter 2 we had a close look into the performance of one of the early
workhorses of ctDNA analysis: droplet digital PCR. We showed that false positive events
(Polymerase induced false positive events: PIFs) are introduced by the Taq polymerase.
We observed a skew towards FAM&HEX-positive vs FAM-only-positive droplets that
could not be explained by other biological or technical factors. The PIFs appeared in a
fan-like pattern and could be recognized post hoc as an overabundance of FAM&HEX-
positive droplets compared to the FAM-positive and HEX-positive droplets. An in silico
correction algorithm was developed that classifies excess FAM&HEX-positive droplets
as false-positive.

Next, we showed that even after removal of the PIFs, there were still a number of false
positive droplets remaining in experiments with wildtype DNA only. The number of
false positive droplets correlated with the total amount of input wildtype DNA and was
different for different assays used. Based on these observations we developed an assay-
and input-dependent adaptive threshold to distinguish positive and negative samples.
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Together, the PIF correction and adaptive threshold were made publicly available as
the ‘Adaptive Limit of blank and PIF correction, an Automated Correction Algorithm’
(ALPACA). We showed that ALPACA had superior specificity (fewer false positives)
with no loss in sensitivity in synthetic reference material, healthy donor cfDNA and
a patient cohort of metastatic NSCLC patients (n=203). The total accuracy in the
latter cohort was raised from 92% to 98%. Strikingly, the positive predictive value
(PPV) was raised from just 56% for the standard procedure to 92% with ALPACA.
In other words, with the standard procedure 44% of all ddPCR positive results in
this cohort were false positive results and might have led to erroneous treatment
administered to patients who would not benefit from it.

The publication of ALPACA was welcomed by the scientific community as an
“elegant strategy” to improve ddPCR accuracy (1). Additionally, ALPACA was used
as a benchmark method for a more computationally heavy algorithm termed
CASTLE (2). Similar to the results in ALPACA, the CASTLE authors conclude that
methods with an adaptive limit of blank (LoB) are overall superior to methods with
a static LoB. Despite ALPACA’s reception and CASTLE’s confirmation of the same
conclusions, official manufacturer guidelines continue to advocate a static LoB

based on a very minimal validation (3,4). In practice, methods with an adaptive LoB
like ALPACA and CASTLE are rarely used outside their respective parent institutions’
walls. This could lead to the implementation of inferior procedures in routine
clinical care, impacting patient treatment and conclusions from studies based on
ddPCR (5). Preferably, authorities like the dMIQE-group for reporting standards in
digital PCR experiments should start recommending adaptive LoBs, to entice the
manufacturer to do the same (6).

6.1.2 Evaluation of ctDNA detection technologies

Not only validation of a single method is important, also knowledge on differences
between methods is clinically relevant. Beyond ddPCR, more technologies have
become available for the detection of hotspot point mutations in ctDNA. All these
methods claim a certain sensitivity and specificity. Comparing these numbers
is difficult since a lot of factors influencing sensitivity and specificity are not
harmonised over different platforms. As a result, observed differences in sensitivity
can result from a multitude of factors, including genuine performance superiority,
the utilisation of more input c¢fDNA, isolation method, analysis procedure, and
number of different mutations targeted. Moreover, costs differ significantly between
methods, posing additional challenges for hospitals in making informed decisions
regarding the most suitable method for their specific clinical applications. With
so many variables impacting the final result and performance of a method, a fair
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and accurate comparison between methods is practically impossible. This prevents
us from objectively comparing performance, limiting the incentive for diagnostic
laboratories to choose the right method and hampering harmonisation of results.

Against this background we set out in Chapter 3 to compare four commercially
available ctDNA detection methods — ddPCR, COBAS z480, Idylla, and BEAMing.
While preparing this study it became evident that a straightforward strategy
of analysing the same samples on each platform would not allow us to discern
whether observed differences were caused by the amount of input cell-free plasma,
isolation method, analysis method, or tumour fraction of the sample. To study
the impact of these variables we designed the study to systematically remove
differences between the methods that could potentially impact the final result. This
study demonstrated the complexity of a fair method comparison in ctDNA analyses.

After elimination of confounding factors, we observed that the two digital
platforms — ddPCR and BEAMing — were more sensitive than the gqPCR-based
platforms Idylla and COBAS z480. This fits earlier studies that performed a more
straightforward comparison of these and similar methods (7-10). Apart from
sensitivity we also investigated the impact of the breadth of target of each method.
Not all platforms target the same number of point mutations, yet the number of
mutations targeted was found to have a minimal effect on the expected number of
mutations detected in a cohort of metastatic CRC patients.

A factor that does not influence the performance of a platform but does play an
important role in hospital decisions to use a platform is the cost. By performing an
activity-based costing method (11) we found that the overall costs were highest
for BEAMing due to high fixed and consumable costs. Up to a throughput of
110 samples per year (2 samples per week), Idylla was the least expensive platform
due to low fixed costs. At higher throughput, ddPCR was less expensive due to
lower consumable costs. These insights together can help hospitals make an
informed choice between various methods.

Understanding of the technology applied, and an extensive validation are both
essential criteria to generate trust in the platform’s output. Many factors influence
the analysis of ctDNA, and this can lead to an impact on clinical practice. Applying
the right method for a given clinical situation is a challenge, and failure to do so
could for example result in false negative results when a too insensitive technique
is applied to a clinical situation that demands high sensitivity.
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6.1.3 Clinical impact of NGS analysis of ctDNA

Patients who present with primary metastatic NSCLC (mNSCLC) can be eligible for
one of various Tyrosine Kinase Inhibitor (TKI) treatments, provided the tumour is
driven by specific activating mutations. For this reason, national and international
guidelines dictate that molecular profiling of tumour DNA should cover known NSCLC
oncodriver genes such as EGFR, KRAS, BRAF, ERBB2, ALK, ROS1, RET, and MET (12-15).

Detection of these activating mutations typically happens in tumour biopsies, but
these are not always feasible and bring risks of complications. In Chapter 4 we
explore the added diagnostic value of plasma-based complete molecular profiling
(plasma-CMP) next to standard-of-care tissue molecular profiling (SoC-TMP). We
employed the Roche AVENIO ctDNA Targeted kit, which targets 17 genes that are
highly frequently mutated in cancer (16).

A cohort of patients with mNSCLC (n=209) was selected from the larger Lung
cancer Early Molecular Assessment (LEMA) study (17,18). In the LEMA study SoC-
TMP was protocolised, leading to a higher standard of mutation detection in tissue
compared to similar studies abroad (18-20). In the current cohort, we investigated

whether addition of plasma-CMP next to the optimised SoC-TMP would increase
the proportion of patients eligible for targeted treatment. Indeed, with the
inclusion of plasma-CMP, the fraction of patients for whom a potentially targetable
driver mutation was detected increased from 34.4% to 39.7% (p<0.001).

Similar results on the clinical utility of plasma-CMP were obtained in a larger study,
covering over 8,000 mMNSCLC patients (21). Here, the authors managed to increase
the percentage of patients for whom a targetable driver mutation was detected
from 25.0% in SoC-TMP alone to 34.7% for SoC-TMP plus plasma-CMP. Moreover,
the authors show that targeted therapy response rates were statistically equivalent
to those reported from tissue analysis.

These results signify that even with state-of-the-art tissue molecular profiling, the
addition of plasma-based molecular profiling will increase the number of patients that
are found to be eligible for effective targeted treatments. In part, this increase can be
attributed to patients for whom tissue biopsies are not feasible due to the condition of
the patient and/or the location of the tumour and its metastases (22-24). Additionally,
even in patients for whom the tissue molecular profiling was completed
successfully, additional mutations were detected by the inclusion of plasma-CMP.
This was the case for a modest 4.4% of patients in our study (8 out of 179 patients
with successful SoC-TMP), compared to 6.4% of patients (26 of 409 patients) in the
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larger study. The additional mutations detected, despite successful SOC-TMP, may
indicate intra- and inter- tumour heterogeneity that is not captured by a tissue
biopsy of a single lesion or metastatic site (25).

After concluding that plasma-CMP can facilitate a significant increase in the
number of actionable mutations detected compared to SoC-TMP alone, a follow-
up question remains how to most effectively organise the diagnostic workflow
within a hospital. Is it, for example, more effective to perform the plasma-CMP first,
then perform reflex SOC-TMP on those patients who were negative on ctDNA, or
vice versa? To this end, a follow-up simulation study was conducted based on the
data generated in this study. In the follow-up study discrete event simulation (DES)
was used to investigate the effects of implementation of plasma-CMP next to SoC-
TMP on the turn-around time (TAT), cost of analysis, and fraction of patients with a
clinically relevant test result (26).

Two scenarios with plasma-CMP were investigated: One where plasma-CMP was
performed first and SoC-TMP was only performed if plasma-CMP did not detect a
clinically relevant mutation (“plasma first”). The second scenario employed SoC-
TMP first, then reflexed to plasma-CMP if the first tissue biopsy failed (“tissue first”).
Compared to the SoC-TMP only baseline, the “plasma first” scenario increased
the proportion of patients with a clinically relevant result (93% vs 84%),
decreased the TAT (9 days vs 20 days), and increased the mean costs per patient
(€3218 vs €2304). The “tissue first” scenario yielded a similarly high proportion of
clinically relevant results (also 93%), against comparable TAT (19 days) and costs
(€2448) to the baseline scenario. Moreover, compared to the baseline scenario a
total of 16% and 9% of tissue biopsies could be prevented in the “plasma first” and
“tissue first” scenarios, respectively, signifying a reduced patient burden in the
diagnostic workup.

In a recent modelling study, similar results were obtained: Addition of plasma-CMP
to SoC-TMP resulted in a slight increase in cost and a slight improvement to patient
quality adjusted life years (QALYs) on the care pathway for mNSCLC patients (27).
Cost-effectiveness in this study was shown for the subgroup of patients with an
activating mutation in EGFR, and the authors advocate that the slight increase in
cost is justifiable by the significant increase in QALYs for specific subgroups.

These studies support a routine diagnostic procedure for treatment selection in the
setting of MNSCLC that includes plasma-CMP. Whether this is done in a tissue-first or
plasma-first approach was an open question. Plasma-first decreases the TAT and the
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number of tissue biopsies required, while tissue-first is less expensive. Additionally,
certain biomarkers, such as the tumour’s histopathology or PD-L1 status, can’t be
deduced from the liquid biopsy. These considerations could suggest a tissue-first
approach with reflex plasma-CMP at the time of diagnosis, and plasma-CMP as
the primary option at the time of progression on targeted therapies (21). Indeed,
recently the Dutch Commission for the Evaluation of Diagnostics (CieBOD) issued
a formal evaluation for this diagnostic setting, wherein they advise to perform
diagnostics on tissue first, and reflex to plasma when that fails (28,29).

6.1.4 Combining data to improve MRD detection

In chapters 2-4 we focused on patients with metastatic disease, where ctDNA
detection is relatively straightforward due to the high tumour burden. In contrast,
ctDNA detection in lower-stage NSCLC is more challenging. For stage I-Ill NSCLC,
the primary curative treatment is surgical resection, which achieves five-year
recurrence-free survival (RFS) rates of 81%, 50%, and 34% for stage |, Il, and llI
NSCLC, respectively (30). At the time of our study, adjuvant chemotherapy was the
standard of care for patients with stage Il or Ill NSCLC, offering a modest absolute
disease free survival benefit of 5.8% (31,32).

Predicting which patients will recur remains a subject of considerable research.
After surgical removal of the tumour, the amount of ctDNA in the circulation is
often diminished to undetectable levels. Post-surgical MRD aims to detect residual
ctDNA, distinguishing patients at high recurrence risk from those likely cured. In
Chapter 5 we applied a broad hybrid capture sequencing panel (the Roche AVENIO
ctDNA Surveillance kit (33)) targeting 198 cancer-relevant genes to detect MRD in
patients with stage II-1lIA NSCLC who underwent curative surgery.

The most straightforward way to detect MRD after surgical removal of the tumour
is to detect tumour-related mutations in the post-surgery plasma. Using this panel,
we found this approach did not effectively distinguish patients with high or low
risk of recurrence. This was due the limited number of mutations we could track
per patient (median 3) and false positive mutation calls in recurrence-free patients.
In contrast, integrating additional cfDNA fragmentomics analyses significantly
improved stratification into high- and low-risk recurrence groups. The test’s
performance was comparable to state-of-the-art tests in similar patient groups, but
lacked sufficient negative predictive value (NPV) to forego adjuvant chemotherapy
based on a negative result.
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This study demonstrated explicitly that improved integration of data types, even
from a single experiment, can drastically increase the performance of the test.
Broad sequencing panels generate a lot of data, and when only looking at the
detected mutations a lot of that data is left unused. This starts to be recognized by
the field of cfDNA research, moving towards integration of various data types to
improve the sensitivity of detecting tumour signal.

In clinical practice, an MRD test can serve two scenarios. For patients who would not
typically receive adjuvant therapy (i.e. stage | NSCLC), a test with excellent positive
predictive value (PPV) could guide escalation of treatment for those with a positive
MRD test (34). Conversely, for patients recommended adjuvant therapy, a test
with an excellent NPV could support de-escalation, sparing patients unnecessary
treatment and associated toxicities. However, no MRD detection approach has yet
demonstrated sufficient sensitivity and NPV to reliably inform such decisions in
clinical trials or practice (35-37).

The challenges in achieving these clinical thresholds are multifaceted. As
highlighted in this thesis, current MRD detection methods face limits in sensitivity,
with many patients falling below the limit of detection of existing assays (38).
Emerging approaches, such as tracking phased variants or using tumour-informed
sequencing of a large number of mutations, have improved detection rates, claiming
analytical sensitivity <0.0001% TF, but still depend heavily on the availability of
high-quality tumour tissue for assay design (39-41). Meanwhile, plasma WGS-based
approaches, which rely on the breadth rather than the depth of sequencing, exploit
the statistical improbability of not encountering any tumour-related mutations
across thousands of potential sites. This method achieves analytical detection
thresholds of 0.001% TF (42,43).

The need for tumour-agnostic MRD tests is becoming increasingly present as
new treatment paradigms reshape the landscape of resectable NSCLC. Trials like
KEYNOTE-671, IMpower010, and PACIFIC have introduced neoadjuvant immune
checkpoint inhibitors (ICls) and adjuvant chemoimmunotherapy as standards of
care (44-47). This reduces the availability of resected tumour tissues in several
scenarios. For example, patients achieving pathological complete response (pCR)
after neoadjuvant ICl (up to 24%) may avoid surgery altogether (48). This presents a
special case of MRD detection, where the goal is to predict which patients achieved
pCR and only a biopsy is available. Similarly, in cases where tumour tissue is
significantly reduced (but not entirely removed) by neoadjuvant ICl treatment, the
reliance on tissue-based assays becomes impractical. Moreover, in stage Il patients
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treated with definitive chemoradiotherapy followed by ICI, no surgery is performed
at all and MRD detection must be entirely plasma-based. For all these cases,
resected tissue material is scarce or non-existent, emphasizing the need for tumour
tissue-agnostic MRD tests with bespoke analytical and clinical sensitivity (49).

Adding to these challenges is the lack of standardisation across MRD studies.
Variability in assay protocols, blood sampling windows, and study designs
complicates comparisons between methods and obscures their clinical utility. This
lack of standardisation mirrors earlier experiences with PCR-based ctDNA detection
technologies. Until robust, reliable, and affordable MRD tests are identified, the
potential clinical impact of MRD-guided treatment will remain underutilised.

6.2 Future perspectives

Liquid biopsies, particularly ctDNA analysis, have shown considerable potential in

changing clinical practice, and this promise has been recognized for years (50-52).
Despite significant progress, there is still a long way to go in fully realizing the
clinical value of these technologies, with future research needed to develop
them further.

In the coming years, two primary research areas will dominate the liquid biopsy
field. The first area focuses on novel innovations at the frontiers of research to
advance increasingly sensitive assays for detecting ctDNA at extremely low
levels, essential for applications like MRD detection and population-wide cancer
screening. The second area involves translating existing innovations into clinical
practice. We will explore the frontiers of research first, followed by a discussion on
implementation.

6.2.1 Frontiers of research

When describing the possible future directions of research in cfDNA, it is often
useful to first examine the current trends, to hopefully extrapolate from there.
Three trends are reflected in the works in this thesis: First, the field has developed
from single hotspot mutation detection assays (chapters 2 and 3) towards broader
sequencing assays, allowing the detection of multiple mutations at once from a
single sample (chapters 4 and 5). Second, data analysis procedures have grown
more complex, moving beyond straightforward thresholds (chapter 3) towards
multi-parametric decision boundaries (chapters 2, 4, and 5). Third, benefitting from
the improved sensitivity provided by the other two developments, research has
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moved from ctDNA detection during metastasized disease (chapters 2, 3, and 4)
towards analytically more challenging localized disease (chapter 5).

When these developments are extrapolated into the near future, it can be expected
that the number of targets will increase further, that data analysis will grow more
complex, and that research will focus on earlier detection of cancer (Figure 1).
In practice, analysis procedures will likely develop towards whole genome
sequencing (WGS), and even procedures that target a mix of multiple omic layers
at once; e.g. genomics, methylomics, fragmentomics, transcriptomics, and/or
proteomics (53,54). The vast amounts of data points this generates per patient will
necessitate advanced data mining procedures, building upon advances in machine
learning (ML) and increasingly affordable computational power. Together, these
developments will facilitate detection of cancer in liquid biopsies of people who do
not have symptoms: i.e. in (at risk) population screening and MRD settings.

Current trends Future perspectives
—— ) : : } [i— L e e m—
Single target assays Multi-target assays Whole genome and

multi-omic analysis

® x 2 *
*® 5
% O
x = m - ==y =
® ® bl '
x
Simple data analysis Complex data analysis Machine learning/Al
Metastatic disease Localized disease Presymptomatic disease

Figure 1. Current trends and future perspectives in cfDNA research. Assays have developed from single
targets towards multiple targets, and are projected to expand towards whole genome and multi-omic
analysis. Data analysis procedures have moved from straightforward to multi-parametric, and will likely be
superseded by machine learning in the near future for many applications. Thirdly, this allows the detection
of disease in increasingly early stages.

The costs of sequencing have gone down dramatically over the past two decades.
The costs to perform a single WGS experiment have dropped from around
$10,000,000 in 2007 to less than $1,000 in 2019, and today companies are claiming
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technology that drives down the cost to $100 or $200 per WGS (55-57). Moreover,
even while costs are decreasing, relevant cancer signals are detected from less data,
with some single research studies claiming signal from as few as 200,000, 10,000, or
even 1,000 reads per patient (58-60). If found to be reproducible, such advances
could further drive down the costs per patient drastically. This would be promising
especially for population screening programs, where many individuals need to be
screened for every positive finding.

In the more distant future, there may come a time when raw sequencing data
are fed to an algorithm, and a reproducible, reliable, and interpretable result
is returned. Until that time, advances in data analysis will require a combination
of advanced data mining techniques, and in-depth domain knowledge from
molecular experts (61). ML enables the integration of different kinds of clinical and
experimental features, including patient characteristics (e.g. age, pack years, BMI)
and clinical care (e.g. protein biomarkers, CT scans, histopathology reports) (62).
These could be supplemented with experimental results from various omic layers.

Increasingly, researchers are aiming to unravel multiple omic layers at once
(49,54,63,64). Genomics, epigenomics, transcriptomics, and proteomics have all
been thoroughly investigated in tumour tissue and have been transitioned to
liquid biopsy with varying levels of success (65,66). Another omic layer unique
to cfDNA analysis is fragmentomics, which investigates the highly specific DNA
fragmentation patterning induced during cell apoptosis or necrosis (67).

When various omic layers are investigated simultaneously, the number of available
data points per sample explodes. Conventional statistics fails to adequately resolve
this so-called “curse of dimensionality”, necessitating ML approaches to reduce the
dimensionality of the dataset before an analysis is conducted (61). However, this has
the disadvantage of discarding subtle yet potentially valuable effects in the dataset.
As an alternative, researchers investigate deep learning models to interpret such
high dimensional data, reasoning that if human language can be learned by these
models, then why not the language of life. Thankfully, there is some experience
with such approaches in tissue-based analysis, making good use of large and well-
annotated datasets such as The Cancer Genome Atlas (TCGA) (68,69). These models
are trained on vast amounts of paired multi-omics data and learn to represent this
data in a way that insights can be unlocked from them.

Application of such models in the space of liquid biopsy is not straightforward,
mostly due to compromising factors like exceedingly low tumour fractions. At the
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same time, there is also hope on the horizon in the form of the fragmentomics layer
that is unique to cfDNA (67,70,71). Since the fragmentation of cfDNA is governed
by multiple biological processes the fragmentomics layer can be regarded as the
confluence of multiple omics layers (54,70,72).

The earliest applications of fragmentomics included investigations into its
fragment length, like in chapter 5, and its fragment breakpoints motifs. These
have been shown extensively to correlate with disease, both for the canonical
short reads (<400 bp) and much longer cfDNA (58,70,73-81). What's intriguing
from the viewpoint of developing multi-omic ML approaches is that consistent
correlations have been shown between fragmentomics and other omic layers, like
methylomics and transcriptomics. For example, fragmentation near methylated
cytosines is different compared to unmethylated cytosines, allowing researchers
to apply existing methylomics tools to fragmentomics data (70-72,82). Similarly,
transcriptomics has been associated with aberrant fragmentomics profiles near
gene promoters, transcription start sites, transcription factor binding sites, and on
the gene bodies themselves (70,72,79,83-87). With its strong correlations to other
omic layers, fragmentomics could in the future be exploited by advanced multi-
omic ML models to impute missing layers of omics data from liquid biopsies to
enhance its predictive capabilities, thereby increasing its sensitivity.

Compared to methylomics and transcriptomics, fragmentomics is a relatively
straightforward experimental layer. This is beneficial from a wetlab operations,
experimental design, reproducibility, and data harmonisation perspective.
However, it remains to be seen whether an indirect read-out of the methylomics
and transcriptomics layers through the fragmentomics layer provides as much
discriminatory power as the direct measurements.

What is especially promising about multi-omic ML is that recent research has shown
that different models detect different cases, even when using the exact same input
data (58,72). This suggests that the ability to detect cancer is not just dependent on
factors like the sample’s tumour fraction and each test’s sensitivity. Instead, different
cancers may exhibit some cancer-related patterns stronger than other patterns. It
is tempting to hypothesize that a single cfDNA WGS experiment analysed through
multiple “lenses” can yield higher sensitivity than any individual lens. Potentially, this
could overcome barriers that have so far prevented widespread implementation of
cfDNA-based cancer screening and MRD-detection programs (88).
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As discussed, in many ways the developments in multi-omic ML continue the
trends that are already visible in the works in this thesis (figure 1). Like this thesis,
they aim to make more of the data that we have, helping to simultaneously improve
the performance and decrease the cost of the tests. It is interesting to theorise how
multi-omic ML might impact the clinical management of patients in the application
domains of cfDNA as outlined in the Introduction (chapter 1). We observe that multi-
omic ML primarily aims to improve the sensitivity of the test by examining more data
points. Second, it is not (yet) predictive but prognostic, as it only detects the presence
or absence of cancer. Given this, multi-omic ML will likely first be applied in domains
with low tumour fraction such as local disease, particularly MRD and pCR detection,
and screening. Domains with higher tumour fraction and where treatment is often
palliative rather than curative, such as metastatic disease and recurrence, will benefit
less from multi-omic ML and instead rely more on predictive tests where sensitivity is
not a key factor, like hotspot mutation detection assays (PCR or NGS).

A key drawback of (multi-omic) ML is that many models are black boxes, offering

no insight into how a model reached a conclusion. It seems unlikely that physicians
would be willing to administer or withhold therapy on the basis of a prediction
from a ML model without further information. Explainable Al is a research field on
its own that aims to provide insight from black box models.

For now, multi-omic ML is predominantly demonstrated in single-study results,
and have a long way to go before they can be implemented in clinical practice.
As previously seen with PCR-based hotspot mutation detection tests, an initial
plethora of different methods is expected before a select few emerge that are most
commonly applied (Figure 2).

Multi-omic
machine learning

Single target  Multi-target
PCR NGS panel

Number of methods

Time Present

Figure 2. Schematic illustration of the past and expected future developments for the number of available
tests in various categories. An initial abundance has been observed in the past for single target PCR tests
and multi-target NGS panels, before a minority emerges that stands the test of time. A similar trend is
predicted for multi-omic ML-based tests.
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6.2.2 The road towards implementation

In a way, research and innovation can be considered forces that lead to a
proliferation of new tests (“upward” in terms of the schematic in figure 2).
Unrestricted proliferation is unhealthy, and there is a complementary “downward”
force that vitally drives progress: Implementation (Figure 3). The rigorous process
of implementation, when viewed in this way, is like a filter that streamlines the
outgrowth of methods to a more sustainable minimum.

0 “Upward” “Downward”
2 Innovation Implementation
D

E

N

o

)

o

E
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Time

Figure 3. Schematic illustration of the driving forces behind diagnostic progress: Innovation and research
lead to an “upward and forward” development, while implementation leads to a “downward and
forward” motion.

For example, MRD testing (chapter 5) holds promising clinical prospects, but real
impactisonly made when atestisimplemented in the clinic (89). There is a multitude
of single study results using a diversity of methods, impeding straightforward
comparison of results (36). Before they can be implemented, these methods must
demonstrate among others clinical validity, utility, and cost-effectiveness, as well
as approvals from relevant authorities and health insurance companies, and each
method may fail along each step of the way. In the end, there will be a very limited
number of tests remaining that are considered ready to implement.

Implementation, when viewed as the full trajectory from initial test development
towards officially approved uptake in clinical care, is a long and arduous process.
No diagnostic modality will be the ‘holy grail’ for cancer diagnostics; every form has
advantages and disadvantages, so every test must be carefully selected and applied
at the right place in the diagnostic path of a patient to have maximum impact.
Additionally, the efforts to implement a test are often significantly greater than
the efforts to develop it. To prove a test’s clinical utility and validity often requires
clinical studies of a significant size, as well as quality certifications, authority
compliance and reimbursement programs.
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Due to its more rigorous and extensive nature, implementation always lags behind
innovation. Not every test can and should be implemented in routine clinical
practice. To determine which tests stand a better chance of implementation down
the line, there is interest in early health technology assessments (HTA). Such
assessments, though inherently prone to uncertainties, offer valuable insights
into whether it is worth further developing an expensive diagnostic test when the
expected clinical gains are marginal. This is another reason why researchers are
increasingly trying to make more of the data we have, in line with this thesis.

In practice even the process of implementation is not well-defined. Significant
additional efforts will be required to introduce a standardised route towards
implementation, such as defining the steps towards implementation, and the
required body of evidence. International consortia like the European Liquid Biopsy
Society (ELBS) and the International Liquid Biopsy Standardisation Alliance (ILSA)
aim to coordinate and standardise liquid biopsy efforts (90,91). In the Netherlands,
a roadmap towards implementation is sketched by the ctDNA on the road to

implementation in the Netherlands (COIN) consortium. COIN aims to “bring ctDNA
applications from uncoordinated anecdotal observations to evidence-based
implementation in the Dutch healthcare system” (92). Such collectives may help
ensure that the promising status of ctDNA analysis can be valorised, by providing a
framework in which the ctDNA analyses can be implemented in routine clinical care.

Accordingly, in the Netherlands, the Committee for the Evaluation of Diagnostics,
abbreviated as cieBOD, was initiated in 2021. The goal of the cieBOD is to “come
to a better coordination between diagnosticians and treating physicians on the
implementation of diagnostic and predictive tests” (28). In 2024, the cieBOD issued
its first official ctDNA-related advice, relating to the use of ctDNA in the context of
MNSCLC (29). This marks a significant milestone in the route towards integration of
ctDNA-based diagnostics in Dutch healthcare.

6.3 Conclusions

In conclusion, the field of cfDNA testing has been on the move. In this thesis, we
have sought to optimise cfDNA analysis methods for solid malignancies, with a focus
on making more of the data we have. In chapter 2 we showed that specificity of
ddPCR results was improved by a novel algorithm termed ALPACA. ALPACA employs
a dynamic limit of blank and an in-silico correction of false positive droplets. In
chapter 3 we compared four hotspot mutation detection platforms, and concluded
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that the choice of platform depends on the clinical application like throughput
times, cost, and desired sensitivity. In chapter 4 we applied a commercial NGS panel
for treatment selection in mNSCLC, concluding that inclusion of plasma-CMP next
to protocolised SoC-TMP led to a significant increase in the number of patients for
whom a targeted treatment would be available. In chapter 5 we applied a broader
NGS panel to detect MRD in patients with limited stage NSCLC. We concluded that
combining mutation detection and fragmentomics led to a significant distinction
between patients at high or low risk of disease recurrence. Lastly, in chapter 6,
we summarised our findings and put them in a broader perspective and explored
the future perspectives of cfDNA testing. We envision a two-way focus in the
near future: First, on new innovations to further improve sensitivity, and second,
on rigorous implementation to consolidate the substantial research that has
been performed to date. We conclude that innovation and implementation are
two partially opposing forces that are both vitally important for progress.
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Nederlandse samenvatting

De gangbare aanpak voor diagnostiek bij solide tumoren is gebaseerd op
weefselbiopten, die inzicht bieden in cruciale cellulaire veranderingen die
therapeutische beslissingen sturen. Echter, de nadelen van weefselbiopten, zoals de
invasiviteit, gevoeligheid voor bemonsteringsfouten en het onvermogen om real-
time tumorontwikkeling vast te leggen, maken het noodzakelijk om alternatieve
methodologieén te onderzoeken. Liquid biopsies, een opkomend paradigma
in de oncologie, bieden een minimaal invasieve oplossing voor verschillende
uitdagingen die gepaard gaan met weefselbiopten. Onder de verschillende vormen
van liquid biopsies is het onderzoek naar circulerend tumor-DNA (ctDNA) een
belangrijk speerpunt geworden.

Het dynamische veld van ctDNA wordt gekenmerkt door voortdurende en
snelle ontwikkelingen, en biedt mogelijkheden voor significante vooruitgang
in kankerdiagnostiek en monitoring. De klinische implementatie van ctDNA-
testen wordt echter onder andere belemmerd door de beperkte sensitiviteit en
specificiteit van deze testen. Deze uitdagingen vloeien voort uit een combinatie van
biologische en technische factoren die inherent zijn aan de testen. Dit proefschrift
heeft als doel deze uitdagingen aan te pakken door verbeterd datagebruik en het
voorstellen van methodologische verbeteringen.

Hoofdstuk 2 - Verbetering van standaard ddPCR-analyse: ALPACA
Elke methode produceert inherent vals positieve en vals negatieve resultaten.
Dergelijke foutieve resultaten kunnen een ernstig probleem vormen en resulteren
in suboptimale of ineffectieve behandelingen. Tegelijkertijd is standaardisatie
van methoden en resultaten essentieel in de klinische zorg. In Hoofdstuk 2
hebben we de prestaties van een van de eerste werkpaarden van ctDNA-analyse,
droplet digital PCR (ddPCR), onder de loep genomen. We toonden aan dat vals-
positieve signalen (Polymerase-Induced False positives, PIFs) worden veroorzaakt
door de Tag-polymerase. We observeerden een scheve verdeling van FAM&HEX-
positieve versus alleen FAM-positieve druppels, die niet verklaard kon worden
door andere biologische of technische factoren. De PIFs verschenen in een
waaiervormig patroon en konden achteraf worden herkend als een overmaat aan
FAM&HEX-positieve druppels ten opzichte van de FAM- en HEX-positieve druppels
afzonderlijk. Hiervoor ontwikkelden we een in silico correctie-algoritme dat
overtollige FAM&HEX-positieve druppels classificeert als vals-positief.
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Vervolgens toonden we aan dat, zelfs na het verwijderen van de PIFs, er nog
steeds vals-positieve druppels aanwezig waren in experimenten met uitsluitend
wildtype DNA. Het aantal vals-positieve druppels correleerde met de totale
hoeveelheid ingebracht wildtype DNA en verschilde per gebruikte assay. Op basis
van deze observaties ontwikkelden we een assay- en inputafhankelijke adaptieve
drempelwaarde om positieve en negatieve monsters te onderscheiden.

Samen zijn de PIF-correctie en adaptieve drempelwaarde openbaar beschikbaar
gemaakt als de‘Adaptive Limit of blank and PIF Correction, an Automated Correction
Algorithm’ (ALPACA). We toonden aan dat ALPACA een superieure specificiteit
(minder vals-positieven) had zonder verlies van sensitiviteit, getest met synthetisch
referentiemateriaal, cfDNA van gezonde donoren en een patiéntencohort met
gemetastaseerd NSCLC (n=203). De totale nauwkeurigheid in dit cohort steeg van
92% naar 98%. Opvallend was dat de positief voorspellende waarde (PPV) steeg
van slechts 56% met de standaardprocedure naar 92% met ALPACA. Met andere
woorden: bij de standaardprocedure was 44% van alle ddPCR-positieve resultaten
in dit cohort vals-positief en hadden deze kunnen leiden tot foutieve behandeling
van patiénten die hier geen baat bij zouden hebben.

Hoofdstuk 3 - Evaluatie van ctDNA-detectietechnologieén

Niet alleen de validatie van een enkele methode is belangrijk, maar ook kennis
over verschillen tussen methoden is klinisch relevant. Naast ddPCR zijn er meer
technologieén beschikbaar gekomen voor de detectie van hotspotpuntmutaties in
ctDNA. Al deze methoden claimen een bepaalde sensitiviteit en specificiteit. Het
vergelijken van deze cijfers is echter lastig omdat veel factoren die van invioed
zijn op sensitiviteit en specificiteit niet geharmoniseerd zijn over verschillende
platforms. Hierdoor kunnen waargenomen verschillen in sensitiviteit voortkomen
uit meerdere factoren, waaronder daadwerkelijke prestatievoordelen, het gebruik
van meer input-cfDNA, de isolatiemethode, analysemethoden en het aantal
mutaties dat bepaald kan worden. Bovendien verschillen de kosten aanzienlijk
tussen methoden, wat extra uitdagingen met zich meebrengt voor ziekenhuizen
om een geschikte methode te kiezen voor specifieke klinische toepassingen. Met
zoveel variabelen die de uiteindelijke resultaten en prestaties van een methode
beinvioeden, is een eerlijke en nauwkeurige vergelijking tussen methoden
praktisch onmogelijk. Dit belemmert een objectieve vergelijking van prestaties,
beperkt de stimulans voor diagnostische laboratoria om de juiste methode te
kiezen en remt harmonisatie van resultaten.
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In dit kader hebben we in Hoofdstuk 3 vier commercieel beschikbare ctDNA-
detectiemethoden vergeleken: ddPCR, COBAS z480, Idylla en BEAMing. Tijdens
de voorbereidingen van deze studie werd duidelijk dat een eenvoudige strategie
waarbij dezelfde monsters op elk platform worden geanalyseerd, ons niet in staat
zou stellen om vast te stellen of waargenomen verschillen werden veroorzaakt door
de hoeveelheid input-plasma, de isolatiemethode, analysemethode of tumorfractie
van het monster. Om de impact van deze variabelen te onderzoeken, hebben we
het onderzoek zodanig ontworpen dat verschillen tussen de methoden die het
eindresultaat zouden kunnen beinvloeden, systematisch werden geélimineerd.
Deze studie toonde de complexiteit aan van een eerlijke methodevergelijking
in ctDNA-analyses.

Na eliminatie van storende factoren observeerden we dat de twee digitale
platforms - ddPCR en BEAMing - gevoeliger waren dan de op gqPCR gebaseerde
platforms Idylla en COBAS z480. Dit sluit aan bij eerdere studies die een meer
eenvoudige vergelijking van deze en soortgelijke methoden hebben uitgevoerd.
Naast sensitiviteit onderzochten we ook de impact van het aantal bepaalde
mutaties van elke methode. Niet alle platforms richten zich op hetzelfde aantal
puntmutaties, maar we vonden dat het aantal bepaalde mutaties een minimale
invloed had op het verwachte aantal gedetecteerde mutaties in een cohort van
gemetastaseerde CRC-patiénten.

Een factor die de prestatie van een platform niet beinvioedt, maar wel een
belangrijke rol speelt bij ziekenhuisbeslissingen om een platform te gebruiken, zijn
de kosten. Met behulp van een activiteit-gebaseerde kostenberekeningsmethode
ontdekten we dat de totale kosten het hoogst waren voor BEAMing vanwege hoge
vaste en verbruiksafhankelijke kosten. Daarentegen was tot een doorvoer van
110 monsters per jaar (2 monsters per week) Idylla het minst dure platform vanwege
lage vaste kosten. Bij een hogere doorvoer was ddPCR goedkoper vanwege lagere
verbruiksafhankelijke kosten. Deze inzichten kunnen ziekenhuizen helpen bij het
maken van een geinformeerde keuze tussen verschillende methoden.

Inzicht in de toegepaste technologie en een uitgebreide validatie zijn beide
essentiéle criteria om vertrouwen te genereren in de output van het platform.
Veel factoren beinvioeden de analyse van ctDNA, wat kan leiden tot een impact
op de klinische praktijk. Het toepassen van de juiste methode voor een specifieke
klinische situatie is een uitdaging, en het falen hierin kan bijvoorbeeld resulteren in
vals-negatieve resultaten wanneer een te ongevoelige techniek wordt toegepast in
een klinische situatie die een hoge gevoeligheid vereist.
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Hoofdstuk 4 - Klinische impact van NGS-analyse van ctDNA

Patiénten met primair gemetastaseerd niet-kleincellig longcarcinoom (mNSCLC)
kunnen in aanmerking komen voor verschillende Tyrosine Kinase Inhibitor (TKI)-
behandelingen, mits de tumor wordt aangedreven door specifieke activerende
mutaties. Om deze reden schrijven nationale en internationale richtlijnen voor
dat moleculaire profilering van tumor-DNA zich moet richten op bekende NSCLC-
oncogenen zoals EGFR, KRAS, BRAF, ERBB2, ALK, ROS1, RET en MET.

Detectie van deze activerende mutaties gebeurt doorgaans in tumorbiopten, maar
het verkrijgen hiervan is niet altijd haalbaar en brengt risico's op complicaties met
zich mee. In Hoofdstuk 4 onderzoeken we de aanvullende diagnostische waarde
van plasma-gebaseerde volledige moleculaire profilering (plasma-CMP) naast de
standaard moleculaire profilering van weefsel (SoC-TMP). We maakten gebruik van
de Roche AVENIO ctDNA Targeted kit, die zich richt op 17 genen die zeer frequent
gemuteerd zijn in kanker.

Een cohort van patiénten met mNSCLC (n=209) werd geselecteerd uit de bredere
Lung cancer Early Molecular Assessment (LEMA)-studie. In de LEMA-studie was SoC-
TMP geprotocolleerd, wat leidde tot een hogere standaard van mutatiedetectie

in weefsel vergeleken met vergelijkbare studies in het buitenland. In het huidige
cohort onderzochten we of toevoeging van plasma-CMP aan de geoptimaliseerde
SoC-TMP het aandeel patiénten zou verhogen dat in aanmerking komt voor
gerichte behandeling. Dit bleek inderdaad het geval: met de toevoeging van
plasma-CMP steeg het aandeel patiénten bij wie een potentieel targetbare driver-
mutatie werd gedetecteerd van 34,4% naar 39,7% (p<0,001).

Hoofdstuk 5 - Het combineren van data om MRD-detectie

te verbeteren

In hoofdstukken 2-4 richtten we ons op patiénten met gemetastaseerde ziekte, waar
ctDNA-detectie relatief eenvoudig is vanwege de hoge tumorlast. Daarentegen is
ctDNA-detectie bij NSCLC in een vroeger ziektestadium aanzienlijk uitdagender.
Bij stadium I-1ll NSCLC is chirurgische resectie de primaire curatieve behandeling,
met een vijfjaar recidiefvrije overleving van respectievelijk 81%, 50% en 34% voor
stadium 1, Il en [ll NSCLC. Ten tijde van onze studie was adjuvante chemotherapie
de standaardbehandeling voor patiénten met stadium Il of Ill NSCLC, met een
bescheiden absolute ziektvrije overlevingswinst van 5,8%.

Het voorspellen welke patiénten een recidief zullen krijgen, blijft een belangrijk
onderzoeksgebied. Na chirurgische verwijdering van de tumor daalt de hoeveelheid
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ctDNA in de circulatie vaak tot niet-detecteerbare niveaus. Postoperatieve MRD-
detectie richt zich op het opsporen van residueel ctDNA om patiénten met een
hoog recidiefrisico te onderscheiden van patiénten die waarschijnlijk genezen
zijn. In hoofdstuk 5 gebruikten we een breed hybrid capture-sequencing panel
(de Roche AVENIO ctDNA Surveillance kit), gericht op 198 kankergenen, om MRD
te detecteren bij patiénten met stadium II-lIIA NSCLC die curatieve chirurgie
hadden ondergaan.

De meest eenvoudige manier om MRD te detecteren na chirurgische verwijdering
van de tumor is door tumorgerelateerde mutaties in het postoperatieve plasma
op te sporen. Met dit panel konden we echter geen effectief onderscheid maken
tussen patiénten met een hoog of laag recidiefrisico. Dit kwam door het beperkte
aantal mutaties dat we per patiént konden volgen (mediaan 3) en fout-positieve
mutatiebevindingen bij patiénten zonder recidief. Daarentegen verbeterde de
integratie van aanvullende fragmentomics-analyses van ctDNA de stratificatie
aanzienlijk, waarbij patiénten beter konden worden ingedeeld in hoog- en laag-
risicogroepen voor recidief. De testprestaties waren vergelijkbaar met state-of-the-
art tests in soortgelijke patiéntengroepen, maar hadden onvoldoende negatieve
voorspellende waarde (NPV) om af te zien van adjuvante chemotherapie op basis
van een negatieve testuitslag.

Deze studie toont expliciet aan dat een betere integratie van datatypes, zelfs
uit een enkel experiment, de prestaties van de test drastisch kan verbeteren.
Brede sequencing panels genereren veel data, waarvan een groot deel onbenut
blijft als alleen wordt gekeken naar de gedetecteerde mutaties. Dit wordt steeds
meer erkend in het onderzoeksveld van ctDNA, dat zich steeds meer richt op de
integratie van verschillende datatypes om de gevoeligheid voor het detecteren van
tumorsignalen te verbeteren.
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Research data management

All human studies included in this thesis were conducted in accordance with the
principles of the Declaration of Helsinki. The studies meet the criteria for proper use
of human samples of the Netherlands. Studies were approved by the medical ethics
committee of the University Medical Center Utrecht (Utrecht, the Netherlands)
(chapter 3), or the medical ethics committee of the Netherlands Cancer Institute
(NKI; Amsterdam, the Netherlands) (chapters 2, 4, 5). The research data obtained
during this PhD trajectory is archived according to the Findable, Accessible,
Interoperable and Reusable (FAIR) principles where possible.

Clinical information was collected from electronical medical records in the
participating hospitals using an electronic case record form in CastorEDC. All
CastorEDC databases are accessible for members of the research team only. The
privacy of the participants in this study is ensured by using pseudonymized study
codes, with a key file stored in a separate location to which only selected members
of the research team have access.

At the time of publication, the author was fully affiliated with the NKI, and all data
are owned and managed by the NKI. The NKI maintains responsibility for publishing
and sharing the data. Most data collected during this PhD trajectory are included in
the chapters of this thesis and are part of published articles. Additional data access
requests can be directed to dr. Daan van den Broek, head of the department of
Laboratory Medicine at the NKI.

For chapter 2, plasma samples from the LEMA biobank at the NKI were collected
and analysed. Digital source files and files relating to the analyses are stored on a
server of the NKI, to which members of the research team have access. The ALPACA
method developed is shared at https://github.com/DCLVessies/ALPACA.

For chapter 3, plasma samples from the PLCRC biobank at the UMC Utrecht were
collected and analysed at the NKI. All files are stored on a server at the NKI.

For chapter 4, the same samples as those for chapter 2 were used, and additional
genotyping was performed at the NKI. Genotyping result files relating to the
analyses are stored at a server at the NKI and raw, interoperable genotyping files are
stored at a separate server at the NKI, which is accessible only to select members of
the research team.
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For chapter 5, plasma and tissue samples from the LEMA biobank were analysed
at the NKI. All genotyping raw, interoperable data are stored at a server of the NKI
to which only select members of the research team have access, while processed
results and files relating to the analyses are stored in another server of the NKI. The
fragmentomic methods described in the paper are shared publicly: https://github.
com/DCLVessies/Fragmentomics.
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Zo aan het eind van dit traject is het een mooi moment om eens stil te staan en te
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kuil is altijd minder diep dan hij leek toen je er nog in stond, en dat is toch wel de
grootste les van allemaal.

Sommige paden zijn recht en geplaveid. Andere zijn wat hobbeliger. Michel, zoals
je zei bewandelt ieder zijn eigen pad op zijn eigen manier. Ik ben dankbaar dat jij je
hard hebt gemaakt voor de menselijke maat in een ongewone situatie. Bedankt dat
je er was op het moment dat ik dat het hardst nodig had.

Daan, OpperDaan, het is lastig op papier te zetten hoeveel ik aan je te danken heb.
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nodig was. En op zijn tijd een stok achter de deur wanneer het schrijven niet
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om het geheel tot een mooi einde te brengen.

Mijn vrienden van A&O: Dorothé, Mirthe, Kalpana, Lennart, Ruben, en alle stagiairs.
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wel of niet genoemd staat. De leden van de TGO-, TRC-, en de LEMA-groep, en de
vele, vele fijne samenwerkingen die in een wat minder vast verband zaten, binnen
en buiten het NKI: Het was altijd leuk om het over ctDNA te hebben, plannen te
smeden, en analyses uit te voeren.

Natuurlijk gaan mijn dank en bewondering ook uit naar alle patiénten en gezonde
vrijwilligers die met hun bloed en medische gegevens hebben bijgedragen aan
de onderzoeken. Het was nooit makkelijk om vanuit mijn werkplek uit te kijken op
de centrale hal, in de wetenschap dat iedereen voor dezelfde ziekte komt. Ik hoop
dat ik op mijn manier, met deze publicaties, een heel klein steentje bij heb mogen
dragen aan een sprankje hoop voor de toekomst.
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Naast de hulp van alle collega’s, zou dit boekje toch ook niet tot stand zijn gekomen
zonder de mensen die mij dierbaar zijn. Vrienden en familie vormen een onzichtbaar
vangnet, waarvan je pas weet dat het er is als je valt. Ik prijs mij gelukkig met veel
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tomeloze energie. Ik hoop dat jullie volgende avontuur weer een mooie verrijking

zal zijn, en dat de onzekerheid die nu op jullie pad ligt jullie niet zal belemmeren.

Lieve mama en papa, bedankt voor het warme en veilige nest waarin wij opgegroeid
zijn. De stabiliteit en geborgenheid die ik bij jullie heb mogen ontvangen zijn een
bouwsteen voor hoe ik vandaag in het leven sta. Jullie liefde en saamhorigheid zijn
een voorbeeld voor hoe ik mijn huwelijk verder voor me zie. En dat is het grootste
cadeau dat ik me wensen kan.

Tot slot, mijn eigen gezin is mij het allermeeste waard. Als je eigen basis goed en
stabiel is, dan kan geen aardschok die aan het wankelen krijgen. Lieve Lex en Pim,
voordat ik vader werd had ik niet gedacht dat ik het zo leuk zou vinden. Ik ben elke
dag trots op jullie.

Lieve Tinke, ik hoop dat je dit dankwoord niet nodig hebt om te weten hoeveel je
voor me betekent. Jouw onvoorwaardelijke steun is mijn grootste geluk. Dit boekje
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en gerimpeld mogen worden, de kinderen in liefde mogen zien opgroeien, en
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