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S U M M A RY

Diagnosing, profiling, and monitoring cancer has traditionally been
based on the analysis of surgically resected tumor samples. In re-
cent years, liquid biopsies have garnered interest as a minimally inva-
sive supplement or alternative to this medical practice. Investigating
the blood, specifically, the tumor-originated DNA fragments in the
plasma, termed circulating tumor DNA (ctDNA), enables researchers
and oncologists to gain real-time insight into the qualitative composi-
tion and the quantity of the malignancy.

Despite considerable research efforts in the field, the exact, cancer
type-, histology-, and patient-specific biology behind ctDNA release
remains poorly understood, posing a limitation to clinical adoption.
The primary aim of this Ph.D. study was, therefore, to elucidate the
process of ctDNA shedding by analyzing the biological contributors
and clinical associates of ctDNA release across various cancer types
and study designs.

In Manuscript I, I aimed to investigate the biological drivers of
ctDNA release by analyzing multi-region transcriptomic and genomic
data collected from a cohort of lung adenocarcinoma patients. I found
that ctDNA positive patients carried a distinct, differential phenotype
compared to ctDNA negatives, characterized by high proliferation,
and associated with aggressive disease.

In Manuscript II, I analyzed genomic, transcriptomic, and clinical
data to uncover the biology of ctDNA release within the context of a
colorectal cancer cohort. I found that ctDNA release in colorectal can-
cer appears to be driven by a multitude of contributors, most notably,
tumor size and proliferative capacity.

In Manuscript III, I investigated how genomic alterations may
contribute to response to immunotherapy by analyzing longitudinal
ctDNA data from a cohort of metastatic melanoma patients. I have
found that patients with subpar response to therapy harbored a higher
percentage of TERT mutations, indicating that this gene could poten-
tially be used as a marker in the clinic.
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D A N S K R E S U M E ( D A N I S H S U M M A RY )

Diagnosticering, profilering og overvågning af cancer har traditionelt
været baseret på analyse af kirurgisk resekterede tumorprøver. I de
senere år har flydende biopsier høstet interesse som et minimalt inva-
sivt supplement eller alternativ til denne medicinske praksis. Under-
søgelse af blodet, specifikt de DNA-fragmenter i plasmaet med tumor
oprindelse, kaldet cirkulerende tumor-DNA (ctDNA), gør det muligt
for forskere og onkologer at få real-time indsigt i den kvalitative sam-
mensætning af tumoren, samt en indikation på størrelsen af tumoren.

På trods af betydelig forskningsindsats på området er den nøjag-
tige, cancertype-, histologi- og patientspecifikke biologi bag ctDNA-
frigivelse stadig dårligt forstået, hvilket udgør en begrænsning for
klinisk anvendelse. Det primære formål med dette ph.d.-studie var
derfor at belyse processen med ctDNA-udskillelse ved at analysere
de biologiske komponenter og kliniske tilstande associeret til ctDNA
på tværs af forskellige cancertyper og undersøgelsesdesign.

I Manuskript I havde jeg til formål at undersøge de biologiske
drivkræfter for ctDNA-frigivelse ved at analysere multiregionale tran-
skriptomiske og genomiske data indsamlet fra en kohorte af lunge-
adenokarcinom patienter. Jeg fandt ud af, at ctDNA-positive patien-
ter bar en distinkt, differentiel fænotype sammenlignet med ctDNA-
negative, karakteriseret ved hastig vækst og forbundet med aggressiv
sygdom.

I Manuskript II analyserede jeg genomiske, transkriptomiske og
kliniske data for at afdække biologien bag ctDNA-frigivelse i en ko-
horte af kolorektal cancerpatienter. Jeg fandt, at ctDNA-frigivelse i
tyktarmskræft ser ud til at være drevet af en lang række faktorer, he-
riblandt især tumorstørrelse og proliferativ kapacitet.

I Manuskript III undersøgte jeg, hvordan genomiske ændringer
kan bidrage til respons på immunterapi ved at analysere longitudi-
nelt ctDNA-data fra en kohorte af metastatiske melanompatienter. Jeg
fandt, at patienter med subpar respons på terapi havde en højere pro-
centdel af TERT-mutationer, hvilket indikerer, at dette gen potentielt
kunne bruges som en klinisk biomarkør.
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I N T R O D U C T I O N





1
C A N C E R B I O L O G Y

1.1 cancer epidemiology

Cancer is a diverse and devastating disease carrying high social, clin-
ical, and economic burdens [1]. According to the World Health Orga-
nization (WHO), it is among the leading causes of death worldwide
[2], accounting for an estimated 10 million deaths in 2020 [3]. Cancer
incidence and mortality, while high already, are expected to rise by
47% to reach 28.4 million cases in 2040 [3, 4], putting further pressure
on affected families and healthcare systems.

1.2 the development and biology of cancer

Cancer is a genetic disease that may originate from almost any cell
type, giving rise to a remarkably varied set of malignancies. While
somatic mutations occur naturally, genetic and environmental risk
factors contribute to their accelerated accumulation in the genome,
allowing the cell to acquire cancer-like properties. Genetic or endoge-
nous factors include DNA repair abnormalities and cell cycle dys-
regulation, whereas environmental or exogenous factors include ex-
posure to chemical carcinogens, tobacco smoke, and radiation [5, 6].
Deciphering the relative importance of these factors and their com-
plex interplay is a daunting task, and today, carcinogenesis is known
to be a complicated and layered process [5].

In an attempt to conceptualize tumorigenesis across the vast va-
riety of cancer phenotypes and genotypes, Hanahan and Weinberg
introduced the Hallmarks of Cancer in 2000. In their work, they sum-
marized the commonalities that cancer cells share as they evolve from
normalcy to uncontrolled growth states and continuously attempt to
survive and expand [7]. Evading apoptosis, self-sufficiency in growth
signals, insensitivity to anti-growth signals, sustained angiogenesis,
limitless replicative potential, and tissue invasion and metastasis were
named in the original publication. 11 years later, the authors expanded
on their previous work and added two emerging hallmark capabili-
ties to the list (deregulating cellular energetics; and avoiding immune
destruction), alongside two enabling characteristics (genome instabil-
ity and mutation; and tumor-promoting inflammation) [8]. In 2022,
two additional hallmark capabilities (unlocking phenotypic plasticity;
and senescent cells) and two further enabling characteristics (nonmu-
tational epigenetic reprogramming; and polymorphic microbiomes)

3



4 cancer biology

Figure 1: The Hallmarks of Cancer, depicting the most recent version of ca-
pabilities and enabling characteristics [9]. Reprinted from Cancer
Discovery, 2022, 12 (1): 31–46., Douglas Hanahan; Hallmarks of
Cancer: New Dimensions, with permission from AACR.

were added [9] (Figure 1).

Specific mutations playing a role in carcinogenesis are referred to
as driver mutations, and the genes in which mutations contribute
to the development of cancer are referred to as driver genes. Driver
genes can be proto-oncogenes, requiring a gain of function mutation
to aid tumorigenesis; or tumor suppressors, requiring loss of func-
tion on both alleles to aid cancer growth [10] (Figure 2). Ever since
the advent of next-generation sequencing and bioinformatics, consid-
erable research interest has been poured into uncovering a complete
list of cancer driver genes, including efforts carried out by the Cancer
Gene Census [11], The Cancer Genome Atlas (TCGA) project [12], and
the International Cancer Genome Consortium [13]. Famously, aber-
rations in the tumor suppressor gene TP53 are largely omnipresent
across cancer types [14]. Cancer driver genes and mutations, however,
are often tissue- and cancer-type-specific, further complicating the
characterization, detection, and treatment of the disease. For instance,
EGFR activation is a well-known oncogenic driver of non-small-cell
lung cancer (NSCLC) [15], APC and KRAS play a role in colorectal
cancer (CRC) development [16], and BRAF is a significant contributor
to melanoma pathogenesis [17].
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Figure 2: Comparison of normal cell division and malignant cell division.
Created with BioRender.com.

1.3 cancer evolution

In 1958, Huxley discovered that tumors show genetic diversity[18].
This phenomenon can be attributed to the complex process of can-
cer evolution, in which cancer cells compete, evolve, and adapt as a
response to being exposed to selection pressures, such as therapy or
environmental factors [19]. In an attempt to stay viable, driver mu-
tations are selected to increase the reproductive potential of the tu-
mor, for example, by reducing cell death, increasing cell division, or
escaping growth suppressors [20]. This competition, often in conjunc-
tion with the increased number of mutations, chromosome aberra-
tions, and genome doublings caused by genomic instability, leads to
intratumor heterogeneity (ITH). ITH refers to the state where different
tumor regions display different mutation profiles depending on the
specific conditions they had to adapt to [21–23]. It is as much of an
evolutionary puzzle as it is a clinically relevant occurrence. On one
hand, the alterations carried by a tumor offer insight into its evolu-
tionary history. In particular, mutations shared by all cancer cells are
considered clonal, and alterations that reside only in a subset of the
cells are considered subclonal. With this terminology, the common
trunk of the tumor’s evolutionary tree is composed of the clonal mu-
tations and the branches represent the subclonal variation [24] (Figure
3). On the other hand, ITH poses a significant challenge within the
field of precision medicine. Many targeted therapies rely on the pres-
ence or absence of certain driver alterations regardless of clonal archi-
tecture, potentially leading to the emergence of resistant subclones
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Figure 3: Evolutionary tree depicting the trunk carrying clonal alterations,
and the branches carrying subclonal variation. Created with
BioRender.com.

[25, 26].

Reconstructing the clonal structure, however, is not a trivial task.
Many bioinformatics solutions have been developed to address this
challenge, for example, by focusing solely on point mutations or by
combining mutation and copy number data [27–30]. Regardless, the
accuracy of these approaches depends heavily on sampling, specifi-
cally, the number and purity of the tumor regions being investigated.
Through incomplete sampling, a subclonal variant might be falsely
classified as clonal, giving rise to the problem termed clonal illusion
[24] (Figure 4).

One potential solution to mitigate the effects of clonal illusion is
to analyze data from plasma cell-free DNA, since it may offer a
more holistic view of the tumor. A novel tool, ECLIPSE, was de-
veloped for this purpose as an important part of Manuscript I,
and it will be described in the Bioinformatics and ctDNA section.
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Figure 4: Clonal illusion. The white square depicts the site of a single tissue
biopsy; the dark purple subclone appears clonal in the sample.
Created with BioRender.com.

In my Ph.D., I worked with non-small-cell lung cancer, colorec-
tal cancer, and metastatic melanoma cohorts. The next section
provides a brief introduction to the biology of these distinct
cancer types.

1.4 lung cancer

Lung cancer is the leading cause of cancer-related mortality. In 2020,
it was responsible for 18% of all cancer deaths, accounting for 1.8 mil-
lion lost lives worldwide [3]. Lung cancers can be divided into two
broad categories with different biology and growth patterns: small-
cell lung carcinomas (SCLC) and non-small-cell lung carcinomas (NSCLC)
[31]. Its emergence is mainly attributed to long-term tobacco use,
however, other environmental factors such as air pollution and ex-
posure to asbestos, as well as genetic predisposition have been pro-
posed as carcinogenic risk factors. Lung cancer patients present with
highly diverse symptoms and are often diagnosed at advanced dis-
ease stages [31].

1.4.1 Non-small cell lung cancer

NSCLC is responsible for 85-90% of all lung cancer incidences. Its
most common subtypes are lung adenocarcinoma (LUAD) and lung
squamous cell carcinoma (LUSC), arising in the main and peripheral
bronchi, respectively [31]. Smoking is the major risk factor in the de-
velopment of this cancer type, more so in LUSC than LUAD. Never
smokers are more likely to develop LUAD compared to LUSC, influ-
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Figure 5: Stages of lung cancer. Created with BioRender.com.

enced by genetic predisposition and environmental factors such as
second-hand smoking or air pollution [32]. Five-year survival rates
range from 65% to 9% depending on whether the tumor is localized,
regional, or distant. These unfavorable outcomes are partly due to
rapid proliferation and already present metastatic disease at the time
of diagnosis [33]. For Stage I, Stage II, and some Stage III patients,
surgical resection is the most effective treatment option, yet a large
percentage recurs, with a 5-year survival of 83% for Stage IA to 36%
for Stage IIIA disease. Adjuvant cytotoxic therapy is associated with
improved survival in these cases. Advanced NSCLC is often treated
with platinum-based doublet therapy and unresectable locally ad-
vanced NSCLC patients are prescribed a combination of cytotoxic
therapy and thoracic radiation. For those who progressed during
or after platinum-based therapy, immunotherapy with nivolumab is
available [32]. Since research uncovered deeper knowledge about the
molecular profiles of the disease and thereby paved the way for per-
sonalized medicine, targeted therapies entered the clinic and led to
improved outcomes in eligible patients [32]. In particular, the EGFR,
PI3K/AKT/mTOR, RAS-MAPK, and NTRK/ROS1 pathways were
demonstrated to be targetable in a clinically beneficial manner, lead-
ing to the development of drugs that are now used as first-line treat-
ment [34–36]. The introduction of combinational therapies, such as
EGFR tyrosine kinase inhibitors for treating both EGFR-sensitive and
tyrosine kinase domain mutated tumors, has improved outcomes by
targeting the resistance mutations that emerge over the course of and
in response to therapy [34, 37].

NSCLC is molecularly heterogeneous and its histologies tend to
carry alterations in a distinct set of genes, furthermore, the muta-
tional landscape of smokers is different and richer than that of those
who never smoked. The oncogenes KRAS, BRAF, NRAS, PIK3CA,
and EGFR, as well as the tumor suppressors TP53, STK11, KEAP1,
and NF1 were shown to be commonly mutated in LUADs, and the
tumor suppressor genes TP53, PTEN, and CDKN2A tend to be deac-
tivated in LUSCs [32, 38].
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1.5 colorectal cancer

The second largest cause of cancer-related mortalities, colorectal can-
cer (CRC), was responsible for 9.4% of all cancer deaths in 2020 [3]. It
originates from the healthy epithelium, which, through a gradual pro-
cess, transforms into cancer and becomes malignant as it penetrates
the muscularis mucosa [39]. Besides common risk factors such as age
and hereditary aspects, lifestyle factors such as obesity, red meat con-
sumption, and low physical activity have been linked to an increased
risk of developing the disease [40]. Outcome is highly dependent on
the disease stage - while the 5-year survival for early-stage colon and
rectal cancers is around 88-92%, it drops to 12-13% for advanced,
metastatic cancers [41]. Localized tumors and affected lymph vessels
are removed via open surgery or laparoscopic resection. In addition
to surgery, patients with a high risk of recurrence are given neoad-
juvant radiotherapy. After curative resection, adjuvant therapy with
chemotherapy agents like fluorouracil or oxaliplatin is recommended
for stage III patients to increase disease-free survival [39].

The onset of colorectal cancer is attributed to a gradual accumu-
lation of mutations over the span of decades. In particular, the tu-
mor suppressor genes APC and TP53, the oncogenes RAS, BRAF,
and PIK3CA, and the mismatch repair genes MLH1, MSH2, MSH6,
and PMS2 have been associated with the development of CRC [42].
According to the adenoma-carcinoma model, carcinogenesis is initi-
ated by a loss or mutation of APC, leading to the development of
a polyp. A polyp is a benign growth, and its resection is standard
procedure today. Following the aberration of APC, KRAS, TP53, and
DCC mutations accumulate, contributing to the development of the
malignant tumor [43] (Figure 6). Tumorigenesis is facilitated by the
loss of genomic stability [42, 44]. Approximately 85% of CRCs dis-
play chromosomal instability (CIN), defined by the presence of chro-
mosome copy number aberrations; the remaining 15% of CRCs show
microsatellite instability (MSI), referring to the presence of genome-
wide mono-or dinucleotide repeats. In MSI tumors, DNA mismatch
repair (MMR) genes are inactivated, leaving the genome vulnerable to
transcription errors [42, 45].

The diversity of the disease brought about the need to devise a
method for stratifying patients in a clinically relevant manner. The
development of the gene expression-based Consensus Molecular Sub-
types (CMS) provided an answer to this problem and accelerated bi-
ologically interpretable disease classification. According to this sys-
tem, CRC tumors can be divided into 4 major subtypes: hypermu-
tated, microsatellite unstable CMS1 tumors with strong immune ac-
tivation, representing 14% of CRCs; canonical CMS2 tumors charac-
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Figure 6: The development of colorectal cancer according to the adenoma-
carcinoma model, as defined by Fearon and Vogelstein [43]. Cre-
ated with BioRender.com.

terized by WNT and MYC signaling activation, representing 37% of
CRCs; metabolically dysregulated CMS3 tumors, representing 13% of
CRCs; and mesenchymal CMS4 tumors with prominent angiogenesis
and stromal invasion, representing 23% of CRCs. The remaining 13%
of tumors display mixed features, potentially due to ITH or a transi-
tional phenotype [46]. To expand on molecular stratification, Bramsen
and colleagues [47] developed a framework for combining molecular
subtypes and subtype-specific prognostic biomarkers. They defined
3 cancer cell subtypes based on epithelial cell and stroma transcripts:
secretory (enrichment in KRAS mutation and signaling), serrated (hy-
permethylated, hypermutated, and immune activated), and adsorp-
tive (low methylation, chromosomal instability, and microsatellite sta-
bility). Additionally, they defined 5 tumor subtypes: goblet (character-
ized by secretory subtype features), stroma (characterized by tumor
microenvironment properties, high expression of tumor stroma tran-
scripts), SSC (characterized by serrated subtype features), dARE, and
CIN (both characterized by adsorptive subtype features, with dARE
being more microbiome-dependent). While cancer cell subtype was
not found to be prognostic, they showed that tumor type classifica-
tion and type-specific biomarker discovery can be used to enhance
the prognostication of CRC [47].

1.6 melanoma

Malignant melanoma is responsible for approximately 0.6% of can-
cer mortalities [4], and incidence rates are increasing worldwide. The
disease stems from the aberrant transformation of melanocytes that
rise from the neural crest. Commonly, it occurs on the skin, yet it
may also develop in other areas such as the brain or the gastroin-
testinal tract. UV-light and sunlight exposure, fair skin, and prior per-
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Figure 7: The stages of malignant melanoma. Created with BioRender.com.

sonal or family history are among the well-known risk factors [48].
Survival is highly dependent on the extent of the disease - while
early-stage melanoma is highly curable and 97% of patients reach
5 years of survival, the survival rate for metastatic melanoma pa-
tients is only 10% [49]. Melanoma cases can be divided into four
major disease subtypes based on their development patterns: super-
ficial spreading melanoma (most common, flat and irregular shape),
nodular melanoma (quick development, downward growth), lentigo
malignant melanoma (slow growth), and acral lentiginous melanoma
(rare, mostly found on palms, soles, under the nails or around the big
toenail) [48]. Another categorization is based on the tissue of origin.
According to this, the major subtypes are cutaneous melanoma (orig-
inating from non-glabrous skin), acral melanoma (originating from
glabrous skin of palms, soles, and nail beds), mucosal melanoma
(originating from the mucosa of internal tissue), and uveal melanoma
(originating from the eye’s uveal tract) [50]. Clinical intervention is
dependent on stage as well as BRAF and PDL-1 status [51]. Early-
stage melanomas are primarily treated via surgical removal of the
malignant tissue, skin grafting, or tissue transfers, whereas advanced
melanoma patients are eligible for chemotherapy or immunotherapy
treatment. For instance, targeted therapy with BRAF-inhibitor agents
such as vemurafenib and dabrafenib are recommended for BRAF-
positive patients, and PD-1/PDL-1 immune checkpoint inhibitors such
as pembrolizumab or nivolumab are used in the therapy of patients
with high PDL-1 expression [49, 51]. In particular, the introduction
of immunotherapy revolutionized metastatic melanoma care; almost
50% of the patients show positive response to immunotherapy treat-
ment and a large fraction of the responders receive lasting clinical
benefit [52–54]
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Somatic mutation burden has been associated with the site of ori-
gin as sites suffering from chronic sun damage carry a higher number
of mutations compared to sites that are less exposed to UV radia-
tion. Aberrant activation in the MAP kinase pathway is a common
occurrence at the early stages of tumor evolution, most often through
BRAF and NRAS mutations [50, 55]. Genomically, melanomas can be
classified based on their driver mutations; the most common, clini-
cally distinct subtypes are BRAF-mutant, RAS-mutant, NF1-loss, and
triple wild-type melanomas [50]. In particular, approximately 45-50%
of cutaneous melanomas carry BRAF-activating mutations, primarily
through the V600 codon in exon 15. More than 70% of these are of the
V600E type, signaling a valine-glutamic acid substitution [56]. About
30% are of the RAS-mutant, 10-15% are of the NF1-mutant, and 5-10%
are of the triple wild type subtypes. Advanced cutaneous melanomas
tend to carry mutations in the telomerase gene TERT, which has been
linked to poor survival [50, 57].

1.7 cancer and data

Systematic analysis of sequencing data made it possible to gain a
deeper understanding of the signaling pathways and regulatory pro-
cesses involved in cancer development [58–60]. Today, a wide vari-
ety of gene set definitions alongside accompanying data access and
analysis tools, such as Gene Ontology (GO) [61], Kyoto Encyclope-
dia of Genes and Genomes (KEGG) [62], and Reactome [63], allow re-
searchers to summarize genomic information and pursue enrichment
analysis on a pathway level.

In my work, I used the MSigDB Hallmark gene sets, the Reac-
tome pathways, and the Sanchez-Vega pathway definitions.

1.7.1 MSigDB

The Molecular Signatures Database (MSigDB) [64] is a comprehensive
online database containing more than 10,000 gene sets. Liberzon and
colleagues introduced the Hallmark gene set collection in 2016, in
an effort to increase the database’s utility by reducing the redun-
dancy and heterogeneity brought about by the vast diversity of the
included gene sets [65]. They clustered similar sets of genes based
on their founder gene set memberships and manually annotated the
resulting clusters with associated biological themes. The gene sets
were then distilled through transcriptomic data analysis, leaving co-
expressed and biologically relevant genes in the set. Through this pro-
cess, they defined 50 Hallmark gene sets that summarize specific bio-
logical states encompassing 8 process categories (cellular component,
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development, DNA damage, immune, metabolic, pathway, prolifera-
tion, and signaling). This refined collection enables sensitive, concise,
and highly interpretable analysis of differential gene expression [65].

1.7.2 Reactome

The Reactome Knowledgebase is a manually curated pathway and
process database with a complementary collection of bioinformatic
tools [63]. The pathways were annotated by domain experts based on
a reaction-focused, unified data model, and were cross-referenced to
a variety of bioinformatic databases [66]. The current version of Re-
actome includes 10,726 genes grouped into 2546 pathways (such as
M phase or DNA repair) and 28 super-pathways (such as metabolism
or immune system). ReactomeGSA, their gene set analysis system op-
timized for different omics approaches, allows the discovery of dis-
tinct biological mechanisms, even in a multi-omics and cross-species
setting [63].

1.7.3 Sanchez-Vega pathways

In 2018, Sanchez-Vega and colleagues curated 10 oncogenic signaling
pathways by analyzing genetic alterations in the TCGA database [67].
They included somatic mutation, gene expression, copy number alter-
ation, gene fusion, and DNA methylation data from 9125 tumors and
33 cancer types. Conducting this work on a pan-cancer level was a
non-trivial effort given that mutation profiles vary between different
tissues and cancer types; nevertheless, they showed that 89% of the
tumors carried a mutation in at least one of the resulting pathways.
The final set included the RTK/RAS pathway, Nrf2, PI3K, TGFß, Wnt,
Myc, p53, cell cycle, Hippo, and Notch pathways [67].





2
L I Q U I D B I O P S I E S

Cancer diagnosis, profiling, and monitoring have traditionally been
done via examination of surgically resected tumor samples. This prac-
tice has a range of limitations: tumor samples are not always obtain-
able in sufficient quality and quantity; sampling may be impossible
or non-repeatable as the process is highly invasive and may be dan-
gerous to the patient; and a single tissue sample may not give a clear
picture of a heterogeneous or metastasized tumor [68, 69]. In recent
years, research has been focusing on exploring liquid biopsies as a
minimally invasive and highly repeatable alternative to tissue biop-
sies. Liquid biopsies involve the analysis of bodily fluids, such as
cerebrospinal fluid, urine, stool, mucosa, or most commonly, blood
[69, 70].

2.1 blood components

Blood contains a variety of cellular elements that differ by size and rel-
ative density. Through centrifugation, it can be separated into three
layers: plasma, buffy coat, and packed red blood cells [71]. Plasma
represents 55% of the blood and contains 91-92% water, electrolytes,
proteins, immunoglobulins, coagulants, and notably, analytes that are
relevant for cancer research [72]. The buffy coat (less than 1% of the
blood) contains platelets and leukocytes and is usually the source of
the germline sample in a tumor-normal pair [73–75]. The packed red
blood cell layer, corresponding to the remaining 45% of the blood, is
composed of erythrocytes [76] (Figure 8). Blood-based liquid biopsies
contain a wide range of potentially tumor-originated materials, such
as cell-free DNA, cell-free RNA, vesicles, or proteins. In particular,
circulating tumor DNA (ctDNA), tumor-derived RNA, tumor-derived
extracellular vesicles (EV), and circulating tumor cells (CTC) have cap-
tured clinical interest [69, 70].

2.1.1 Circulating tumor cells

CTCs are released from primary tumors into the bloodstream and are
responsible for the development of metastases or second primaries at
distant sites [77]. Their shape depends on the stage and type of the tu-
mor they originated from, and they tend to form cellular aggregates
with other cells to protect themselves against the immune system and
oxidative stress [70]. As they can be used to follow the tumor’s con-
dition in a more real-time manner compared to other blood-based
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Figure 8: The contents of blood. Created with BioRender.com.

markers, CTCs have garnered significant interest in cancer diagnosis
and treatment response monitoring [70, 78, 79]. A significant limita-
tion of using these cells in clinical practice lies in their limited abun-
dance in the blood (⇠ 1 CTC / 1,000,000 leukocytes), therefore, robust
methods for enriching CTC yield need to be developed to increase
the marker’s applicability [80].

2.1.2 Extracellular vesicles

EVs are small, heterogeneous, membrane-bound vesicles secreted by
any cell in the body. Originally thought to be cellular garbage bags,
they carry a diverse cargo of DNA, RNA, proteins, and other bio-
molecules; additionally, they have been shown to play a role in cell-
to-cell communication and signaling [70, 81]. Tumors, in particular,
shed EVs at a remarkable rate, so EV concentration in the plasma is
extremely high. Tumor-derived EVs were found to facilitate tumori-
genesis via immunity, metastasis, and angiogenesis regulation, and
have gained attention as a biomarker for early detection, diagnosis,
and treatment monitoring [81–83].

2.1.3 Cell-free DNA

In 1948, Mandel and Métais discovered that cells release cell-free nu-
cleic acids into the bloodstream [84]. 41 years later, Stroun and col-
leagues found evidence that a percentage of the cell-free DNA (cfDNA)
is of tumor origin [85]. cfDNA can be found in healthy individuals,
where its appearance is mostly attributed to the hematopoietic sys-
tem [86]. Conditions of various severity, such as physical activity, in-
flammation, pregnancy, and cancer were shown to lead to elevated
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levels, therefore, deciphering the origin of cfDNA with sufficiently
high specificity can be a challenging task [87–90].

2.1.4 Circulating tumor DNA

Circulating tumor DNA (ctDNA) represents <0.1-10% of the total cfDNA
volume [91]. It originates from tumor cells, presumably through means
of apoptosis, necrosis, or active secretion [92]; and promptly after its
release, it gets cleared from the bloodstream via the liver, kidneys,
and spleen [69]. It has a short half-life (16 minutes to 2.5 hours) [92]
and thus can provide a real-time snapshot into the current state of
the malignancy it originated from. This snapshot carries multifaceted
information about the state of the disease at the time of sampling; the
amount of ctDNA correlates with the tumor burden and the genetic
and transcriptomic data derived from the plasma sample provide in-
sight into the qualitative composition of the tumor. This qualitative
information can include the presence of point mutations, copy num-
ber alterations, methylation profiles, chromosomal aberrations, and
fragmentomically derived gene expression data [93–95]. A striking
advantage of liquid biopsies and ctDNA analysis over tissue biopsies
is therefore not only the relative convenience and higher feasibility
due to the minimally invasive sampling but also the timely and ver-
satile nature of the data. Due to these benefits, considerable research
efforts have gone into exploring its utility in a wide range of clinical
settings - as a prognostic marker, as a proxy for detecting the onset
of cancer as well as the occurrence of residual disease, and as a tool
to monitor response to therapy [96–100].

2.2 the utility of ctdna

The presence of ctDNA has been shown to have prognostic relevance,
as ctDNA positive patients faced worse outcomes compared to their
ctDNA negative counterparts in many studies across a variety of can-
cer types [101–104]. It also holds the potential to enable early cancer
detection, which, paired with intervention, could lead to improved
survival [105–107]. As cfDNA has been found to carry tissue-specific
and cell-specific information, it may also be used for localizing the
disease and identifying the tissue of origin; for example, in the case
of cancers of unknown primary, distant metastases, or in a screen-
ing setting [108, 109]. Due to the highly repeatable sampling and the
marker’s snapshot-like nature, it has garnered interest for monitor-
ing disease progression and response to therapy. It has been shown
that ctDNA dynamics associate with response, and it may be used to
detect response or relapse earlier than imaging-based follow-up ap-
proaches [98, 110, 111]. Recurrence monitoring and minimal residual
disease detection are of particular importance as they allow clinicians
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Figure 9: The origin and utilization of circulating tumor DNA. Created with
BioRender.com.

to identify high-risk patients who are most likely to benefit from ad-
juvant treatment, based on their post-surgery ctDNA status [112, 113].

ctDNA can also provide insight into the composition of the tumor
in a more holistic manner compared to a single tissue biopsy. It is now
well-known that tumors can be a composite of distinct tumor regions
with different mutation profiles [114], and, as those tumor regions
shed ctDNA, this heterogeneity is reflected in the blood [115, 116].
By following the rise and disappearance of certain mutations over
time, it may also be possible to monitor cancer evolution and identify
variants that could have an effect on treatment response [117–119].
This opens the door to adaptive therapy, where the treatment regime
is adjusted based on the appearance of resistance mutations in the
patient’s blood [92].

2.3 ctdna detection methods

Since ctDNA represents a small portion of the cfDNA volume, sen-
sitive assay technologies are needed for reliable detection. Two main
approaches, tumor-informed and tumor-agnostic, are available for the
assessment of ctDNA content. In a tumor-informed setting, the ge-
nomic information obtained from the patient’s primary tumor sam-
ple is used to guide the assay design, whereas, in a tumor-agnostic
setting, panel design is more uniformized and is guided by domain
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knowledge [120]. A tumor-informed assay offers higher sensitivity
and specificity compared to a tumor-agnostic approach and allows
the detection of low-volume disease [121]. However, these benefits
come at a cost - on one hand, the technology is expensive, and on the
other hand, it requires a tumor sample from the patient which is inva-
sive and at times unfeasible. In contrast, tumor-agnostic approaches
tend to be more affordable, yet less sensitive; and they require rigor-
ous data analysis to filter out false positives, germline variants, and
sequencing errors.

ctDNA analysis methods can also be classified according to the
genomic scale. In increasing order of cost and coverage, these range
from single-locus or multiplexed assays, through targeted sequencing
techniques, to whole-genome sequencing approaches. Single-locus or
multiplexed assays include allele-specific or mutant allele-enriched
Polymerase Chain Reaction (PCR) technologies, such as digital PCR,
BEAMing, COLD-PCR, and SCODA; and can achieve a limit of detec-
tion (LOD) of 0.001%-0.01% variant allele frequency (VAF). Amplicon-
based (eg. TAm-Seq, Safe-SeqS) or hybrid-capture (CAPP-Seq, digital
sequencing) targeted sequencing approaches can reach <0.0.1% - 5%
VAF LOD, depending on whether the assay is custom-built, off-the-
shelf, or utilizes exome sequencing. Shallow whole genome sequenc-
ing (sWGS, eg. PARE) and amplicon-based (eg. FAST-SeqS) genome-
wide approaches offer a sensitivity of 5%-10% VAF LOD [92].

In my projects, ctDNA detection was performed using three
methods: Invitae’s Personalized Cancer Monitoring with An-
chored Multiplex PCR, Natera’s Signatera assay, an in-house
digital-droplet PCR method, and a custom Qiagen QIAseq tar-
geted DNA panel. A brief introduction to these techniques is
given below.

2.3.1 Personalized Cancer Monitoring with Anchored Multiplex PCR

The Personalized Cancer Monitoring (PCM) platform was created by
the San Francisco-based company Invitae. This proprietary, pan-cancer,
and tumor-informed technology was developed to detect ctDNA with
high sensitivity and specificity, thus enabling the early detection of
minimal residual disease (MRD) and post-treatment relapse. First, the
patient’s tumor and blood samples are sequenced using whole-exome
sequencing, where the tumor sample is used to discover the patient-
and cancer-specific variants and the paired blood sample is used to
identify germline mutations. Based on this data, the company cre-
ates patient-specific assays with ⇠50 tumor-specific variants that can
be used to monitor disease progression over time. Anchored Multi-
plex (AMP) PCR chemistry is used in the platform to enable the error-
corrected detection of tumor DNA fragments in the plasma [122].
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The assay has been shown to achieve >99% sensitivity for 0.005%
VAF [123]. It has been validated and used in a number of publi-
cations involving the TRAcking Cancer Evolution through therapy
(Rx) (TRACERx) multi-center NSCLC study [123, 124] and is continu-
ing to undergo clinical validation.

The AMP PCR method was co-developed in collaboration with
the TRACERx study. This assay was used in Manuscript I for
tracking a median of 200 variants that were chosen based on tis-
sue multiregion exome analysis. These variants included clonal
and subclonal Single Nucleotide Variants (SNVs) and neoanti-
gens, in other words, cancer-specific antigens originated from
tumor-specific alterations [125].

2.3.2 Signatera

Signatera, developed by the Austin-based company Natera, is an FDA-
approved technology built for personalized MRD surveillance [126].
Similar to Invitae’s assay, it is a tumor-informed method relying on
whole-exome sequencing of the patient’s primary tumor [127]. After
obtaining the patient-specific mutations from the tumor tissue and
the buffy coat, the top 16 clonal somatic variants are used to design
individualized primers for multiplex PCR. Blood samples are then
collected longitudinally at predefined intervals, allowing response
or recurrence monitoring over time. The extracted cfDNA is assayed
with the 16-plex PCR, and after PCR amplification, ultra-deep next-
generation sequencing is performed to detect the presence of ctDNA.
The technology promises reliable detection of variants at 0.01%-0.1%
VAF levels with >99.5% specificity [128]. The prototype was first used
in an NSCLC context as part of a TRACERx study [129], and it has
since been used in multiple publications across a variety of cancer
types [130–132].

2.3.3 Digital-droplet PCR

PCR is an enzymatic assay that can be used to amplify a certain DNA
fragment of interest [133]. Since its discovery in 1990 [134], it has
gone through three iterations: the first version of PCR was purely
qualitative; the second version, named real-time quantitative PCR, al-
lowed quantitative analysis; and the third version, termed digital PCR
(dPCR), provided the sensitivity and accuracy needed for detecting
rare variants or trace amounts of DNA. Digital-droplet PCR (ddPCR)
is a specific dPCR technique where the enzymatic amplification reac-
tion is carried out in water-in-oil droplets [135]. It is easier and faster
compared to next-generation sequencing (NGS) techniques, however,
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it cannot uncover novel targets and it is limited to testing single mu-
tations [136]. As it offers a favorable LOD range of 0.001%-0.1%, it is
considered to be one of the most accurate methods for detecting and
quantifying ctDNA today [137].

2.3.4 QIAseq targeted DNA panel

The QIAseq technology and gene panel design service is offered by
Qiagen, a biotechnology company based in Hilden, Germany. In con-
trast with the Invitae and Natera assays, these panels are not intended
for clinical use. They offer a uniform, tumor-agnostic solution for low-
frequency variant detection and promise >90% sensitivity for VAF of
1% [138]. It was developed for medium- and high-throughput NGS
sequencers and it uses a target enrichment technology to allow the
sequencing of specific genomic regions of interest. It implements an
optimized reaction chemistry through the combination of targeted
and universal PCR cycles, supported by the use of molecular bar-
coding to reduce false positives, PCR artifacts, and library bias [139].
Likely due to its affordability and universality, it has been a popular
choice among researchers and has been featured in a wide array of
publications [140–143].

2.4 bioinformatics and ctdna

The abundance of generated sequencing data necessitated the devel-
opment of effective bioinformatics algorithms. Somatic variant callers
like Mutect2 [144, 145], Strelka2 [146], and Shearwater [147] have been
applied to a wide range of NGS data, whereas tools like MRDetect
[148], INVAR [149], MRD-EDGE [150], DREAMS [151], ichorCNA
[152], and MRD caller - ECLIPSE [153] were specifically developed
for ctDNA detection and analysis. A striking advantage of the ctDNA-
optimized tools lies in their enhanced sensitivity compared to the gen-
eral variant callers, however, they are often more limited in scope and
may require certain lab protocols or a pre-existing fragment database
[151].

In my work, I implemented a pipeline using Shearwater and
I worked with data obtained from Mutect2 and MRD caller -
ECLIPSE. These technologies are detailed below, and the rest
of the tools are briefly introduced.

2.4.1 Mutect2

Mutect2 is a somatic variant caller developed and maintained by the
Broad Institute. It is based on the germline variant caller Haplotype-
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Caller - while detecting germline variants is relatively straightfor-
ward as they only need to be compared against the reference genome,
calling somatic variants include determining the variation between
two samples in contrast to the reference. For best results, Mutect2
should be used with a tumor sample and a matched normal, how-
ever, tumor-only mode is available yet its usage is not advisable since
it produces a high number of false positives [154]. First, the tool de-
termines the read assembly intervals by identifying active regions
where variations are likely to occur. This is done by calculating a per-
position activity profile via a simplified somatic genotyping model,
denoting the probability that the position carries a variant. Subse-
quently, the positions that surpass a predefined activity threshold are
identified. For each active region, a local assembly graph is generated
from the reference sequence, and the reads are compared to the dif-
ferent segments of the graph. As mismatches between the reads and
the reference graph are identified, the graph is updated with new
nodes to account for the variation. The graph is scored using a ver-
sion of the active region likelihood model. The resulting graph is then
pruned by a two-pass adaptive pruning process, where first a global,
empirical error rate is calculated based on the non-branching, un-
likely subgraphs in the original graph, then the resulting error rate is
used to recalculate likelihoods and prune the subgraphs. Candidate
haplotype sequences, in other words, the statistically associated set
of Single-Nucleotide Polymorphisms (SNP) are assembled by travers-
ing the pruned graph, and the haplotypes with the highest scores
are retained. Haplotype scoring is done at traversal. For each edge,
the transition probability is calculated as the number of reads sup-
porting the edge divided by the sum of read support for other edges
originating from the same vertex. The haplotype’s score is then the
product of all the transition probabilities belonging to its edges. The
retained haplotypes are aligned to the reference [155]. For evaluating
the haplotypes, Mutect2 uses the Pair-HMM model, which is a Hid-
den Markov Model adapted for pairwise sequence alignment. Each
read is aligned against each haplotype, including the reference, and a
score denoting the likelihood of having been sequenced from a given
haplotype is calculated. Based on the per-read haplotype likelihoods,
read-allele matrices are calculated. Evidence for individual alleles is
obtained from a Bayesian model, where the model evidence with the
allele excluded from the set is divided by the model evidence support-
ing the full allele set [145, 156]. Filtering can be done with a compan-
ion tool, FilterMutectCalls, which filters the resulting variants based
on their Mutect2 annotations. It implements a combination of hard fil-
ters (eg. poor mapping quality, panel of normals blacklist) and proba-
bilistic error models (eg. germline model, normal artifact model), and
it calculates the probability for each call to be a real somatic variant
versus a germline variant, sequencing error, contamination, or other
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Figure 10: The Mutect2 pipeline. Created with BioRender.com.

artifacts [145, 157]. Mutect2 is a widely used tool providing stable
and accurate results in a tissue analysis setting, however, it is com-
putationally intensive and as a general somatic variant caller tool, it
may not be sensitive enough for robust ctDNA analysis and cancer
detection [151, 158].

2.4.2 Strelka2

Strelka2 is a germline and somatic variant calling tool developed by
Illumina. In principle, it works similarly to Mutect2 as it involves
read realignment and statistical modeling to evaluate the support for
a given variant. The main differences lie in the haplotype modeling
and variant evaluation steps. Strelka2 implements a tiered haplotype
model, where the software uses a simple read alignment-based model
or a more complex local assembly approach depending on the lo-
cus being investigated. Additionally, instead of a pair-HMM or other
complete solution examining all possible pairwise alignments, it uses
a small set of candidate alignments to approximate read likelihoods.
Finally, a pre-trained random forest model is used to evaluate the
variants, taking into account factors like genome probability, map-
ping quality, and read support. These considerations have been suc-
cessful in decreasing computational burden without compromising
scientific performance, as the authors showed that it could outper-
form Mutect2 and other variant callers in terms of precision as well
as runtime. However, it was not specifically tailored for ctDNA de-
tection, and it has been demonstrated that its performance decreases
greatly at low allele frequencies [146, 158].
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Figure 11: The Shearwater pipeline. Created with BioRender.com.

2.4.3 Shearwater

Shearwater, implemented as part of the deepSNV R package, is an
algorithm designed for detecting low-frequency somatic variants in
deep sequencing data. Based on a panel of normals, it builds a position-
specific error model that captures the likelihood of variation in the
background samples. The investigated sample’s count distribution
is then compared against the control distribution and a mutation is
called if its signal surpasses the expected value. In this framework, nu-
cleotide counts are modeled by the beta-binomial distribution, which
differs from the binomial distribution in that the probability of suc-
cess is not fixed. A true variant is understood as a variant that is
present on both the forward and backward strands with high fre-
quencies. According to the null hypothesis, the distribution of counts
in the sample is not significantly different from the control count dis-
tribution; whereas the alternative hypothesis claims that the variant
counts are significantly larger than the control counts. By default, the
algorithm calculates Bayes factors using a likelihood ratio test; how-
ever, p-values can be obtained using its maximum likelihood adapta-
tion, ShearwaterML [159]. The default method may be supplemented
by a prior to account for previous knowledge regarding mutation fre-
quency, for example, by using cancer type- or tissue-specific priors.
While this tool can be used with a wide range of sequencing data, it
is better suited for ctDNA analysis compared to Mutect2 or Strelka2
due to its optimization for low-frequency variants [147, 160].

In Manuscript III, I adapted Shearwater to the longitudinal set-
ting, where, in the absence of control samples, the panel of nor-
mals was composed of the collection of samples independent
of the patient whose sample was being analyzed.
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2.4.4 MRDetect

MRDetect is a tumor-informed approach developed for monitoring
low-burden disease in liquid biopsies. The main challenge surround-
ing ctDNA detection lies in its low concentration in the blood, which
this tool aims to overcome by analyzing whole genome sequencing
(WGS) data. MRDetect works by contrasting tumor and buffy coat
samples, thereby identifying the tumor-derived SNV and copy num-
ber alteration (CNA) profiles. The primary tumor is used as a prior,
and the buffy coat is used to filter out germline variation. A support
vector machine (SVM) algorithm, trained on a pre-defined, curated
truth set of alterations and errors, is then applied to the reads to
perform noise reduction and classification in a sensitive manner. The
tool is further enriched by the capability of integrating CNA data,
which, combined with the orthogonal SNV information, can be used
to strengthen the detection signal. This architecture allows effective
ctDNA detection at low frequencies, however, it shows limited sensi-
tivity for identifying individual mutations [161].

2.4.5 MRD-EDGE

MRD-EDGE is a WGS-based method for detecting SNVs and copy
number variants (CNV) in ctDNA. It was created by the authors of
MRDetect, and it is considered to be a more sensitive and widely ap-
plicable successor of the original tool. SNV detection is performed
using an ensemble convolutional neural network / multilayer per-
ceptron model that, instead of germline samples, is trained on high
tumor fraction plasma samples, thereby learning a ctDNA-specific
feature space. CNV analysis is assisted by a noise reduction method
based on robust principal component analysis [162]. CNVs are eval-
uated by pooling information from minor allele frequency and frag-
mentomic analyses. The authors showed that this method can outper-
form MRDetect in the tumor-informed setting, and may also be used
to call de novo mutations without a matched tumor sample due to its
enhanced signal enrichment capabilities [150, 162].

2.4.6 ichorCNA

ichorCNA, developed by researchers at the Broad Institute, uses ultra-
low-pass WGS data to evaluate the tumor fraction of the cfDNA
sample. CNA signal is modeled as a tumor-derived and non-tumor-
derived fragment admixture on the basis of the tumor proportion, a
specific alteration’s copy number, and in the subclonal CNA case, the
tumor proportion from which the given alteration is missing. Then, a
hidden Markov model is implemented for simultaneous genome seg-
mentation, CNA prediction, and tumor fraction estimation. The tool
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can be used without a matched control, however, building and utiliz-
ing a panel of normals for the purposes of noise reduction and ac-
curacy enhancement is also possible. Since ultra-low-pass sequencing
is cost-effective, ichorCNA has the potential to aid ctDNA detection-
based patient stratification at scale or identify cases where deeper
sequencing is needed [152].

2.4.7 INVAR

INVAR is a method developed for monitoring ctDNA primarily in
a patient-specific setting. The error model used for noise reduction
is based on trinucleotide contexts, and the statistical model in the
pipeline compares the distribution of fragment lengths to distinguish
between ctDNA and cfDNA. To optimize the ctDNA detection thresh-
old to high sensitivity and specificity, the method uses independent
patients’ samples as negative controls. Even though INVAR was de-
veloped as a patient-specific method, the authors show that it can be
applied to general WGS data as long as a curated tumor mutation list
is available, however, the error suppression framework is less effective
in this case [149].

2.4.8 DREAMS

At its core, DREAMS is a read-level error modeling approach en-
abling position-specific error rate estimation. A neural network model
is trained to predict the error rates, using a combination of local se-
quence context features such as trinucleotide context or GC content,
and read-level features such as fragment lengths or strand as input.
Using the resulting error model, two statistical methods, DREAMS-
vc and DREAMS-cc were developed for calling variants and detect-
ing cancer from ctDNA, respectively. The method does not have strict
requirements for the model training data since it does not necessar-
ily need to be of ctDNA origin, rather, independent normal samples,
mutation-filtered tumor samples, or matched control samples may be
used. These tools can only be used for detecting SNVs, however, it
promises good accuracy for this use case as authors showed that it
can outperform Shearwater and Mutect2 [151].

2.4.9 MRD caller - ECLIPSE

MRD caller and ECLIPSE are two algorithms that represent the core
computational methodology behind Manuscript I. First, the MRD
caller estimates trinucleotide-specific, intralibrary sequencing error
rates based on the reads aligned against the reference genome. The
reads are supported by unique molecular identifiers (UMI) to increase
accuracy. The consensus sequence is then filtered for noise and ar-
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tifacts, such as strand bias, background error, and variant allele fre-
quency outliers; and variation at tumor-informed positions is evalu-
ated. Deep alternate observations (DAO) are calculated as the number
of UMI-supported alterations for each trinucleotide context within
the assay’s capture regions. ctDNA detection is determined by con-
ducting a Poisson-test comparing the number of observed DAOs across
the tumor-specific positions to the expected DAOs obtained from the
background error model. Individual mutations are called in a similar
manner, assessing whether the DAOs were significantly higher than
the background error for a given alteration. Subsequently, ECLIPSE
utilizes the resulting variant data, clonal/subclonal mutation status,
background noise estimates, and copy number information derived
from the primary tumor to resolve clonal architecture, in particular,
to calculate the cancer cell fraction (CCF) of the clones. Tumor purity,
or the percentage of tumor-originated cells from which DNA is de-
rived, is estimated using the tumor and normal copy numbers, the
VAF, and multiplicity, referring to the number of mutant DNA copies
residing in mutant cells. The CCF is then computed on the basis of
tumor purity, tumor and normal copy numbers, VAF, and multiplic-
ity. CCFs range from 0 to 1, where a CCF of 1 means that 100% of
cancer cells carry a specific event, a CCF of 0.5 means that 50% of
cancer cells carry the event, and a CCF of 0 means that the event is
absent from all of the cancer cells. Additionally, ECLIPSE can identify
clonal sweeps, a phenomenon where a previously subclonal mutation
reaches a CCF of 1, in other words, is now present in every cancer cell.
The presence of a clonal sweep is detected by conducting a Wilcoxon
test to compare the CCFs of the subclones to the CCFs of clonal mu-
tations within a given sample. Using the CCF information over time,
metastatic dissemination patterns can be identified. Monoclonal re-
lapse means that all subclones found in the primary tumor were also
present with CCF = 1 in the postoperative ctDNA, while in polyclonal
relapse, some subclones were found to be present in significantly less
than 100% of the cells. Polyclonal relapse can be divided into poly-
clonal monophyletic and polyclonal polyphyletic relapse, depending
on whether the subclones were direct descendants or branched into
different lineages in the evolutionary tree, respectively. Besides en-
abling the discovery of complex evolutionary information, a signifi-
cant strength of the method is that it was optimized to work with
ctDNA levels as low as <1% [153].

2.5 the advantages and challenges of ctdna analysis

Liquid biopsies, and in particular, ctDNA analysis shows consider-
able potential at different stages of the cancer care lifecycle. It is a ver-
satile marker - its presence carries prognostic value and can indicate
the onset or recurrence of the disease, and its quantity and quality
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Figure 12: The MRD caller - ECLIPSE pipeline. This figure was inspired by
Abbosh et al. 2023 [153] and redrawn in BioRender.com by Judit
Kisistók.

provide a window into the quantity and quality of the tumor of ori-
gin at the time of sampling. Blood samples are less invasive to obtain
compared to tissue biopsies, and blood tests can be repeated more
often than imaging-based follow-up methods such as CT scanning.
When implemented in the clinic, ctDNA holds immense promise to
provide clinicians with timely and actionable data.

This promise, however, is not completely fulfilled yet. Despite the
striking advantages, the widespread adoption of ctDNA analysis faces
a set of biological and technical challenges.

From a technical point of view, the challenge lies in the low con-
centration of ctDNA available in a standard blood test, a problem
even more pronounced in the case of early detection since small tu-
mors shed less ctDNA. It is, therefore, probabilistically possible that a
given blood sample simply does not contain any ctDNA fragments or
a specific mutation of interest. This highlights the need for sensitive,
multi-target assays, as each target increases the chance to identify the
presence of a tumor-originated variant [92, 110]. Conducting plasma-
pheresis to collect a larger plasma volume would be another solution,
however, it is less convenient and more time-consuming compared to
a routine blood test.

From a biological perspective, challenges stem from the questions
surrounding the cause and associates of ctDNA release. First, liquid
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biopsies contain biological noise, primarily due to clonal hematopoiesis
of indeterminate potential (CHIP). CHIP refers to the normal, non-
tumor-origin accumulation of somatic variants. These variants are
rarely present below the age of 40, but they increase in frequency with
age (ranging from 9.5%-18.4% of people between ages 70-108) and
can cause false positives during analysis. Sequencing control samples,
such as the buffy coat, can be used to filter out CHIP variants [163,
164]. Secondly, ctDNA needs to be sufficiently distinguished from
cfDNA. Since it has been shown that they display different fragmenta-
tion patterns where cfDNA shows a maximum peak at 167 base pairs
(range of 120-220 base pairs) and ctDNA shows a maximum peak
around 145 base pairs (range of 50-150 base pairs), size-optimized ex-
traction methods can help identify ctDNA content [165–167]. Thirdly,
ctDNA levels vary between cancer types, histologies, stages, and even
individual patients. While some of the variation can be explained by
tumor size [104], it has been shown that tumor burden alone does not
account for the full spectrum of ctDNA shedding [103, 129]. Avanzini
et al. [168] note that apart from tumor volume, other factors like clin-
icopathological features, histology, and disease stage may also influ-
ence shedding rate, and variance across tumor types as well as across
individual patients complicate the matter further. Bladder, colorec-
tal, and gastroesophageal cancers are among the ubiquitous ctDNA-
shedder cancer types, whereas glioma, thyroid, renal cell carcinoma,
and prostate cancers were found to sparsely release ctDNA in de-
tectable quantities [103]. Granular, histology-specific investigation is
necessary, however, as it has been demonstrated in non-small-cell
lung cancer that while lung squamous cell carcinomas are predom-
inantly ctDNA positives, lung adenocarcinomas do not shed ctDNA
with the same near-uniform frequency [129].

In summary, liquid biopsies and ctDNA analysis hold tremendous
potential in enabling oncologists to follow the effect of cancer treat-
ment in real time by looking at the amount of ctDNA as a proxy for
the number of cancer cells; and to observe the rise of potentially re-
sistant subclones harboring acquired resistance mutations. It is also
evident, however, that a deeper understanding of ctDNA biology is
needed to fulfill this potential. This matter is not yet well-understood
and in particular, the observation that some tumors shed more ctDNA
than others remains largely unexplained. Early disease detection is
particularly demanding as the technical challenges associated with
the limit of detection become a concern at low ctDNA fractions.
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Liquid biopsies offer a promising and minimally invasive alternative
to tissue biopsies. While sample collection is relatively easy and the
obtained information provides a multi-faceted and real-time snapshot
into the quality and quantity of the tumor, the method is not without
challenges. In particular, cancer type-, histology-, and patient-level
variations in ctDNA shedding are not well-understood and thus limit
the marker’s utility in the clinic.

Despite considerable interest and efforts in the field, the exact biol-
ogy of ctDNA release remains elusive. The primary aim of this Ph.D.
study was, therefore, to elucidate the biological associates and clini-
cal utility of ctDNA in a variety of cancer types and study settings,
broadening the understanding of the mechanisms of ctDNA release,
and, hopefully, contributing to better implementation of this marker
in a clinical setting. My work encompasses the following two themes:

3.1 exploring ctdna biology

In Manuscript I, I investigated the differential biology behind ctDNA
shedding in a cohort of LUAD patients, utilizing multi-region tran-
scriptomic, genomic, and chromosomal instability data.

In Manuscript II, I built on the findings of Manuscript I. I investi-
gated the biology of ctDNA release in a CRC cohort, and I performed
a comparative analysis of NSCLC and CRC biology as it relates to
ctDNA shedding.

3.2 longitudinal disease tracking using ctdna

In Manuscript III, I analyzed longitudinal ctDNA data collected from
a small cohort of metastatic melanoma (skin cutaneous melanoma,
SKCM) patients, and aimed to investigate genomic alterations that
may provide an early insight into response to therapy.
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4.1 manuscript i

Tracking early lung cancer metastatic dissemination in TRACERx using
ctDNA

Nature, 2023 [153]

Minimal Residual Disease (MRD) refers to the number of cancer
cells present in the body following treatment, and is an indicator
of long-term outcome. Current clinical practice is cautiously adopt-
ing ctDNA as a tool to detect and profile MRD, and to potentially
guide adjuvant treatment [169]; however, a more comprehensive un-
derstanding of this marker’s biology is needed to aid its utility and
clinical implementation.

In this study, I aimed to investigate the associates of preoperative
ctDNA detection in a LUAD cohort, collected as part of the TRACERx
study [170]. Additionally, I sought to explore whether a well-defined,
differential ctDNA shedding phenotype exists in this cancer type.

I analyzed the transcriptomic landscape of 34 ctDNA positive and
28 ctDNA low-shedder LUADs. Differential gene expression analysis
revealed a striking difference between these subgroups; in particular,
genes associated with proliferation, cell cycle, and DNA repair (eg.
AURKB, POLQ, CDK4, BUB1B) were upregulated in ctDNA shedders.
By exploring enrichment within the context of the Hallmark gene sets,
I strengthened these findings further as pathways related to M-phase,
cell cycle, and proliferation (eg. E2F targets, G2M checkpoint, MYC tar-
gets V1, MYC targets V2) were significantly enriched in patients who
exhibited preoperative ctDNA release. When I tested the association
between shedding status and ORACLE [171], a transcriptomic-based,
prognostic biomarker, I found that ctDNA positives harbored signif-
icantly higher risk scores, suggesting worse clinical outcomes com-
pared to their ctDNA negative counterparts (Figure 13).

I compared the genomic profiles of these tumors and I observed
no significant differences in clonal or subclonal mutation frequency,
neither on an individual nor per-pathway [67] level. I found that
ctDNA positive LUADs showed significantly higher levels of chro-
mosomal instability, quantified by the weighted genome integrity in-
dex (wGII) and fraction of loss of heterozygosity (FLOH); and displayed
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Figure 13: A-B) Gene-level and pathway-level transcriptomic analyses of the
LUAD cohort. C) Association between ctDNA shedding and the
ORACLE risk score.

a higher prevalence of whole-genome doubling events compared to
ctDNA negatives. By performing copy number analysis on our ge-
nomic dataset, I, with the help of collaborators, identified 20 ampli-
fied cytobands in the ctDNA shedder group. Of the 966 genes located
on these cytobands, 21 were previously identified as cancer genes by
the COSMIC cancer gene census [172], including genes that play a
role in proliferative processes (eg. CCND1, CDK4, MDM2).

In conclusion, I demonstrated that ctDNA shedding in LUAD asso-
ciates with an aggressive, highly proliferative disease phenotype, and
similarly, less aggressive disease is linked to a phenotype that does
not shed ctDNA in detectable quantities.

4.2 manuscript ii

Exploring the biology of ctDNA release in colon cancer

ready for submission

Colorectal cancer is one of the leading causes of cancer-related
deaths worldwide. Clinically relevant patient stratification, early de-
tection of the emergence of the cancer as well as detection of post-
treatment MRD may have a significant positive impact on patients
suffering from this heterogeneous disease. While circulating tumor
DNA offers a promising solution to these challenges, the biology and
mechanisms of ctDNA shedding in this cancer type and its distinct
subtypes have not been thoroughly explored so far.

In this study, I analyzed transcriptomic, clinical, and whole exome
sequencing (WES) data collected from a cohort of Stage I-IV CRC pa-
tients treated at Aarhus University Hospital.

I conducted pairwise statistical analyses comparing the clinical char-
acteristics of the two subgroups. Notably, I observed that tumors of
ctDNA positive patients were significantly larger than those of ctDNA
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Figure 14: Association between ctDNA shedding in CRC and the tumor’s
largest diameter, stratified according to disease stage.

negatives, regardless of disease stage (Figure 14). In addition to tu-
mor size, I identified significant associations between ctDNA shed-
ding and molecular subtypes, MMR status, recurrence, and tumor
location. In particular, I observed that secretory and CMS3 tumors,
as well as MMR proficient tumors, shed lower amounts of ctDNA
than their goblet and adsorptive, CMS1, CMS2, and CMS4, and MMR
deficient counterparts, respectively. Additionally, ctDNA positive pa-
tients tended to suffer from recurrence and harbor tumors located in
the left colon or rectum with higher frequency compared to ctDNA
negatives.

When comparing the mutational landscape of ctDNA positive and
negative tumors, I have found that the distribution of mutations af-
fecting genes or pathways did not show an association with shed-
ding status. Comparing primary tumor transcriptomic data from 86
ctDNA positives and 15 ctDNA negatives did not reveal any differen-
tially expressed genes, however, I did note a moderate proliferative
signal on the pathway level. When visualizing the significant hall-
mark Gene Set Variation Analysis (GSVA) scores on a per-patient basis,
I noted a distinct proliferation-driven clustering of individuals, char-
acterized by the enrichment of MYC targets V1 and V2, G2M checkpoint,
E2F targets, unfolded protein response, MTORC1 signaling, and DNA re-
pair pathways. Involving these pathways, I derived patient categories
by classifying ctDNA positives as low-or high-proliferation shedders
based on their mean GSVA enrichment scores. I observed that high-
proliferation shedders release higher amounts of ctDNA and tend to
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Figure 15: CRC proliferation categories. A) Per-patient GSVA scores. B-E)
Association between proliferation and ctDNA concentration, tu-
mor size, cancer cell subtypes, and CMS subtypes.

be larger than low-proliferation shedders and nonshedders. Addition-
ally, low-proliferation shedders and nonshedders showed an overrep-
resentation of the secretory, CMS3, and CMS4 subtypes, compared to
the high-proliferation shedders (Figure 15).

Interestingly, when a collaborator and I compared the transcrip-
tomic profiles of 228 colon adenocarcinoma (COAD), 486 LUAD, and
475 LUSC tumor samples using the TCGA dataset, we found that
both LUSC and COAD tumors exhibit a highly proliferative pheno-
type, whereas, in line with the findings of Manuscript I, LUADs dis-
play a bimodal proliferation distribution. These results were repro-
duced when we compared our CRC dataset with a previously pub-
lished NSCLC cohort of 58 LUAD and 31 LUSC samples.

In conclusion, I proposed that ctDNA shedding in CRCs is a com-
plex process mainly driven by proliferation and tumor size. Addi-
tionally, I demonstrated that COAD and CRC biology shows a re-
semblance with LUSC biology, suggesting that, similarly to the high-
shedder LUSCs, CRC tumors also release ctDNA ubiquitously.

4.3 manuscript iii

Analysis of circulating tumor DNA during checkpoint-inhibition in metastatic
melanoma using a tumor-agnostic panel

accepted in Melanoma Research, 2023

Metastatic melanoma is an aggressive disease with poor prognosis.
Even though the introduction of immunotherapy treatment brought
about a significant positive change in clinical outcomes, less than 50%
of the patients receive lasting benefits [52–54]. Since immunotherapy
is associated with persistent and severe side effects [173], identify-
ing cases where the drawbacks outweigh the benefits is crucial in
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guiding or stopping treatment. Currently, disease progression is be-
ing monitored through CT-scans taken at regular intervals, however,
a less invasive and more frequently repeatable alternative to this prac-
tice would be favorable. In this study, I investigated whether tumor-
agnostic ctDNA analysis would be a feasible tool for following cancer
evolution and gaining insight into therapy response.

I analyzed longitudinal ctDNA samples from 24 patients undergo-
ing checkpoint-inhibition therapy. Out of these 24 patients, 11 were
categorized as responders, 9 were resistant to therapy, and 4 showed
initial response yet acquired resistance over time. The samples were
collected at four different time points, one at baseline and three dur-
ing the course of treatment. Plasma was sequenced using a custom
panel of 40 well-established, melanoma-specific genes, with the pur-
pose of tracking cancer progression and identifying the rise of mu-
tant clones that might be associated with the onset of acquired resis-
tance. Mutation calling was performed by an in-house bioinformatic
pipeline.

In this limited cohort, I observed that baseline mutant allele fre-
quency (MAF) was not significantly associated with response or sur-
vival. I found an association with metastatic burden, where ctDNA
baseline MAF was significantly higher for patients with high metastatic
load. Interestingly, the frequency of baseline ctDNA detection did not
associate with metastatic load or survival, yet it varied with response
category, where resistant and acquired resistant patients were ctDNA
positive at baseline more often than responders. Of the 40 genes in-
cluded in our panel, genomic analysis revealed that TERT, a gene
whose aberrant activation is associated with poor outcome, was the
most mutated gene in the nonresponder, high metastatic load, and de-
ceased subgroups. ctDNA detection was possible in 12/13 resistant
and acquired resistant patients, indicating that our tumor-agnostic
panel was able to detect cancer in 92.3% of patients. When follow-
ing the emergence and disappearance of specific alterations over the
course of treatment, I did not observe a pattern in ctDNA dynamics
that may be used as an indicator for immunotherapy response (Fig-
ure 16).

In conclusion, I demonstrated the utility of genomic data analy-
sis within the context of understanding immunotherapy response in
metastatic melanoma patients. I identified TERT as a potential predic-
tor for poor response to therapy, and I showed that a tumor-agnostic
ctDNA panel may be used to gain information about cancer progres-
sion.
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Figure 16: ctDNA detection and genomic analyses in a metastatic melanoma
cohort. A-C) Comparison of baseline MAFs in response, survival,
and metastatic load categories. D) Percentage of patients carrying
a mutation in the investigated genes, per response category. E)
Longitudinal ctDNA detection, per response category.
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5.1 exploring ctdna biology

Circulating tumor DNA has been the subject of active research inter-
est in recent years, due to its potential of offering a real-time snapshot
into the malignancy. It is hypothesized to be released into the blood-
stream through apoptosis, necrosis, and active secretion [92], and the
process has been previously linked to various factors such as tumor
size, rate of cell birth and cell death, chromosomal instability, and
clearance [168, 174].

It has been demonstrated that different cancer types and even dif-
ferent histologies within cancer types may display different shedding
behavior [103, 129]. In Manuscript I and Manuscript II, I aimed to
investigate this phenomenon in a lung adenocarcinoma and a colorec-
tal cancer cohort.

Interestingly, I found that LUADs carry two distinct biological phe-
notypes. When comparing the transcriptomics of ctDNA positives
and ctDNA negatives, I found that genes and pathways involved in
proliferative processes were overexpressed and enriched in shedders.
The copy number analysis supported this result, as I identified 21
known cancer genes, including proliferation-associated ones, located
on amplified cytobands that were enriched in ctDNA shedders. High
proliferation is a hallmark of malignant, uncontrolled tumor growth
[8] and has been linked to poor prognosis in a variety of cancer types
[175–178]. Apart from high proliferation, high CIN is also regarded
as a hallmark of aggressive disease [179]. Indeed, I found evidence
that ctDNA shedder LUADs exhibit higher levels of CIN compared
to ctDNA low-shedders, indicating potentially unfavorable outcomes
for these patients. When I tested ctDNA shedding against ORACLE,
a proliferation-associated prognostic biomarker where higher levels
associate with poor survival in LUAD, I found that ctDNA positives
harbored significantly higher risk scores.

Tumor purity and tumor size represent potential confounders to
this analysis. On one hand, higher-purity tumor samples may repre-
sent a stronger signal, thereby disproportionately inflating my results.
To address this, I compared the purity measures of our samples and I
found no significant differences between ctDNA positives and ctDNA
negatives. On the other hand, not only does tumor size correlate with
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ctDNA shedding [129], but larger tumor sizes also imply higher lev-
els of proliferation, thus posing the question of whether tumor size,
instead of differential biology, drives my findings. To investigate this,
I excluded the smallest 25% of low-shedder LUAD tumors and re-
peated the analysis. My results largely reproduced, indicating that
biology may indeed be the main driving force behind my results. Ad-
ditionally, to minimize the effect of technical ctDNA detection limita-
tions, I, with the help of a collaborator, used a regression model to
identify ctDNA negatives that may be non-shedders only due to their
tumor size, then removed these patients from the biological analyses.

Synthesizing all these observations, I established that in LUADs,
a highly proliferative, aggressive disease phenotype exists, in con-
trast with a more indolent disease type harboring phenotypes that
do not shed ctDNA in detectable quantities. Integrating this finding
as a form of ctDNA-based patient stratification into clinical practice
opens the possibility of escalating therapy for those who might be fac-
ing a poor disease prognosis, thus improving patient outcomes while
reducing the risk of overtreating those that are less likely to benefit.

In comparison, CRC tumors display strikingly different behavior.
While LUADs are bimodal in terms of their shedding phenotype,
CRCs appear to be uniformly high-proliferative, ubiquitous shedders.
I observed that in this cancer type, tumor size shows the strongest as-
sociation with ctDNA shedding, and the process might be further
supported by enriched proliferative capacity. This is in stark contrast
with the biologically distinct LUADs, where tumor size alone, albeit
important, does not fully explain shedding behavior [129]. Addition-
ally, I found that CMS3 and secretory subtypes shed lower amounts
of ctDNA. These subtypes are associated with less aggressive disease,
which is in line with current findings linking ctDNA detection to
poor outcomes [129, 180, 181]. Additionally, they tend to fall into the
lower end of the proliferation distribution and carry an enrichment
in KRAS mutations, suggesting that ctDNA may be promptly cleared
from the bloodstream due to enhanced metabolic adaptation [46, 47].

Since I did not identify further significant differences in clinical fac-
tors or genomic alterations in cancer driver genes or pathways when
comparing ctDNA positive and ctDNA negative tumors, I hypothe-
size that ctDNA shedding in CRC is not driven by phenotypic sep-
aration. This finding was strengthened by a comparative analysis of
our in-house CRC cohort and a previously published NSCLC dataset
[129]. In contrast with the high-and low-proliferative LUADs, I ob-
served that both CRC and LUSC tumors displayed uniformly high
levels of proliferation. In order to confirm that this result is not driven
by batch effects or artifacts arising from small sample sizes, a collab-
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orator and I compared COAD, LUAD, and LUSC transcriptomics us-
ing the TCGA dataset, where I observed similar trends. A limitation
to this analysis, however, is that TCGA does not contain ctDNA data,
so I can not reliably extrapolate from this biology to shedding behav-
ior. A future large-scale study containing transcriptomic, genomic,
and ctDNA data would be helpful for confirming the association and
would greatly enrich the field of ctDNA research.

The size measurement I had access to during the analysis, the tu-
mor’s largest diameter, poses a limitation to the study as it might
be of limited accuracy for non-spherical tumors. In a future study,
it would be desirable to cross-reference this measure with imaging
data in order to obtain more accurate tumor size measurements; nev-
ertheless, the association I see between shedding behavior and size
is significant. Furthermore, I hypothesize that the ctDNA negatives
in our cohort might release ctDNA in quantities that fail to reach the
limit of detection due to their small size and insufficient prolifera-
tive capacity. Summarizing the results from this study, I propose that
CRC tumors, similarly to LUSCs, are ubiquitous ctDNA shedders;
some of them might just appear ctDNA negative due to the tumor’s
insufficient shedding rate compounded by technological sensitivity
challenges.

In conclusion, I analyzed the biology of ctDNA shedding in two
distinctly different cancer types. As it is apparent from these stud-
ies, the contributors of ctDNA shedding are complex and vary on a
per-cancer type, per-histology, or even per-patient basis, thus further
research is needed to understand the extent of these mechanisms.

5.2 longitudinal disease tracking using ctdna

The progression of metastatic melanoma is currently followed and
evaluated via regularly scheduled CT-scans. This procedure is ex-
pensive, cumbersome, and exposes the patient to radiation; thus, it
is performed relatively sparsely, often with months between scans.
This delay in follow-up is detrimental to patient outcomes, given that
immunotherapy benefits less than 50% of the patients yet is associ-
ated with severe side effects. In contrast, liquid biopsies offer a cost-
effective and more timely addition to radiologic surveillance.

In Manuscript III, I analyzed longitudinal ctDNA data within the
context of treatment response and aimed to decipher a mutational
signal that may be used to identify patients who do not benefit from
checkpoint-inhibition treatment. The plasma samples were sequenced
using a tumor-agnostic, custom gene panel composed of 40 melanoma-
specific genes. The benefit of this approach is two-fold: first, it al-
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lowed us to sequence our targeted set of genes at a high (15,000x)
depth without the high price tag of whole exome or whole genome se-
quencing, and secondly, its tumor-agnostic nature allowed us to base
our analysis on the blood, without needing to have access to tissue
samples from the localized tumor. On the other hand, by using this
highly curated approach, I cannot disregard the possibility that some
genes of clinical interest were simply not included in the panel and
thus been missed by our study; furthermore, sensitivity issues may
stem from the lack of paired germline control or tumor biopsy sam-
ples. In the absence of controls, my in-house bioinformatic pipeline
relied on independent samples as background for variant calling and
utilized known SNP databases combined with a strict MAF cutoff
threshold of 0.4 to filter out normal variants. I expect that, as a re-
sult of this setup, some relevant alterations may have remained un-
detected or were erroneously filtered out. In silico benchmarking re-
vealed that the sensitivity threshold of my method, quantified as the
median MAF of a significant variant, is 6.2%. This is high compared
to the 1-5% LOD promised by the state-of-the-art targeted sequencing
approaches [92], however, it could likely be improved by sequencing
and analyzing the buffy coat in conjunction with the patient’s plasma
sample.

I found evidence that mutations in the TERT telomerase gene oc-
cur with higher frequency in patients who do not respond to im-
munotherapy treatment and those who carry a high metastatic load.
This finding is in line with recent studies that implicate TERT with
poor outcome [57]. I thus hypothesize that TERT might be a good
candidate for a biomarker identifying aggressive disease and subpar
response to therapy. Due to the limitations outlined above, as well as
the limitations stemming from a small cohort size, this finding would
need to be validated in a larger patient group. While ctDNA levels
have been associated with disease burden in metastatic melanoma pa-
tients [182], I did not observe a correlation between baseline ctDNA
MAF and therapy response in our study. I did find a significant asso-
ciation between baseline ctDNA MAF and metastatic load, indicating
that these patients shed higher amounts of ctDNA into the blood-
stream, an observation in line with previous work associating ctDNA
levels with cancer cell burden [168]. Additionally, I found significant
differences in baseline ctDNA detection between the three response
groups, suggesting that resistant and acquired resistant patients shed
ctDNA in detectable quantities more often than their responder coun-
terparts. Taken together, these findings suggest that ctDNA may be
a valuable tool for monitoring disease burden in the clinic, however,
more comprehensive studies need to be conducted to confirm the ex-
tent of its utility. My longitudinal variant analysis did not yield any
patterns or specific alterations that may provide insight into the emer-
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gence of acquired resistance. I hypothesize that the limitations of our
study may have hindered my ability to identify a sensitive signal in
this case.

In conclusion, I demonstrated that a tumor-agnostic ctDNA panel
and corresponding data analysis may be used as a supplement to cur-
rent standard-of-care methods in order to monitor disease evolution
and stratify patients according to response. This observation is in line
with previous published work demonstrating that serial ctDNA sam-
pling and analysis, even in a tumor-agnostic manner, offers a strong
prognostic and clinical value in a variety of cancer types [183–185]. In
order to aid clinical adoption, it would be necessary to gain a deeper
understanding of ctDNA dynamics in metastatic melanoma as it re-
lates to outcomes and immunotherapy response; and verify my find-
ings by utilizing a more sensitive ctDNA detection and variant calling
method in a larger cohort.
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C O N C L U S I O N S A N D F U T U R E P E R S P E C T I V E S

This thesis investigated the biology and clinical utility of ctDNA re-
lease across a variety of cancer types and study designs.

First, I explored the biology behind ctDNA shedding in a lung ade-
nocarcinoma and a colorectal cancer cohort. Here, I demonstrated
that while LUADs exhibit a distinct, differential phenotype conducive
to ctDNA shedding, ctDNA release in CRC appears to be a mecha-
nistic process primarily governed by tumor size. This finding carries
clinical relevance since ctDNA status in LUAD patients may neces-
sitate urgent action such as change of treatment, whereas, in CRC
patients, the presence of shedding alone may be a less informative
marker. Nevertheless, the contrast between these two cancer types
elucidates the need for gaining a deeper understanding of ctDNA
biology, as it appears to be clear that the origins and associates of
ctDNA release show cancer type-, histology-, and potentially, patient-
level variations.

Additionally, I explored the utility of ctDNA for tracking cancer
progression in a metastatic melanoma cohort. In this small and lim-
ited study, I demonstrated that ctDNA may be a valuable tool for fol-
lowing the evolution of the disease in relation to treatment response.
In order to adopt liquid biopsies in the clinic for this purpose, more
comprehensive, sensitive studies would need to be conducted to draw
solid lines between longitudinal genomics and patient outcomes.

Overall, ctDNA holds immense promise for improving patient out-
comes in the clinic, and particularly, for the future of personalized
medicine. My work expands on the current understanding of ctDNA
biology and offers a glimpse into the variations occurring between
and within cancer types. ctDNA shedding is a multi-factor, complex
process and there is still much left to explore - and I hope that my
studies presented here may serve as a starting point for future work.
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David A. Moore1,2,15, Nadia Godin-Heymann16, Anne L’Hernault16, Hannah Bye16, Aaron Odell3, 
Paula Roberts3, Fabio Gomes17, Akshay J. Patel18, Elizabeth Manzano1, Crispin T. Hiley1,2, 
Nicolas Carey19, Joan Riley19, Daniel E. Cook2, Darren Hodgson16, Daniel Stetson20, 
J. Carl Barrett20, Roderik M. Kortlever21, Gerard I. Evan21, Allan Hackshaw22, Robert D. Daber3, 
Jacqui A. Shaw19, Hugo J. W. L. Aerts7,8,23, Abel Licon3, Josh Stahl3, Mariam Jamal-Hanjani1,14,24, 
TRACERx Consortium*, Nicolai J. Birkbak1,2,4,5,6,102, Nicholas McGranahan1,11,102 ✉ & 
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Circulating tumour DNA (ctDNA) can be used to detect and pro"le residual tumour 
cells persisting after curative intent therapy1. The study of large patient cohorts 
incorporating longitudinal plasma sampling and extended follow-up is required to 
determine the role of ctDNA as a phylogenetic biomarker of relapse in early-stage non- 
small-cell lung cancer (NSCLC). Here we developed ctDNA methods tracking a median 
of 200 mutations identi"ed in resected NSCLC tissue across 1,069 plasma samples 
collected from 197 patients enrolled in the TRACERx study2. A lack of preoperative 
ctDNA detection distinguished biologically indolent lung adenocarcinoma with good 
clinical outcome. Postoperative plasma analyses were interpreted within the context 
of standard-of-care radiological surveillance and administration of cytotoxic adjuvant 
therapy. Landmark analyses of plasma samples collected within 120 days after surgery 
revealed ctDNA detection in 25% of patients, including 49% of all patients who 
experienced clinical relapse; 3 to 6 monthly ctDNA surveillance identi"ed impending 
disease relapse in an additional 20% of landmark-negative patients. We developed a 
bioinformatic tool (ECLIPSE) for non-invasive tracking of subclonal architecture at 
low ctDNA levels. ECLIPSE identi"ed patients with polyclonal metastatic dissemination, 
which was associated with a poor clinical outcome. By measuring subclone cancer cell 
fractions in preoperative plasma, we found that subclones seeding future metastases 
were signi"cantly more expanded compared with non-metastatic subclones. Our 
"ndings will support (neo)adjuvant trial advances and provide insights into the 
process of metastatic dissemination using low-ctDNA-level liquid biopsy.

ctDNA is a multifaceted biomarker; presurgical ctDNA levels reflect 
relapse risk in early-stage NSCLC3–5 and postoperative ctDNA detection 
highlights impending NSCLC recurrence4–9. Potential exists for post-
operative ctDNA to guide the administration of adjuvant therapy10,11. 
Longitudinal measurements of clonal composition across metastatic 
sites can also be captured using ctDNA7,12–14. Within the TRACERx study2, 
patients undergoing resection of NSCLC are managed according to 
National Institute of Clinical Excellence approved care pathways15 and 
are followed for 5 years after surgery. Plasma is collected preopera-
tively and at three-monthly postoperative intervals during the first 
two years, followed by six-monthly intervals between years three and 

five. Previously, we demonstrated that 13 out of 14 patients with NSCLC 
recurrence had detectable postoperative ctDNA, which could provide 
insights into the clonal structure of residual disease7. Here we analysed 
1,069 plasma samples from 197 patients with a median follow-up of 
4.6 years in event-free patients. We implemented phylogenetic track-
ing technologies, including patient-specific anchored-multiplex PCR 
(AMP)16 and cell-free DNA (cfDNA) enrichment tracking a median of 
200 tumour mutations, combined with an informatic tool (ECLIPSE) 
to extract clonal composition in the context of the low ctDNA levels 
(<1%) encountered in early-stage NSCLC17. We address the prognostic 
implications of preoperative ctDNA detection, alongside postoperative 

https://doi.org/10.1038/s41586-023-05776-4

Received: 6 April 2022

Accepted: 30 January 2023

Published online: 13 April 2023

 Check for updates

A list of affiliations appears at the end of the paper.

https://doi.org/10.1038/s41586-023-05776-4
http://crossmark.crossref.org/dialog/?doi=10.1038/s41586-023-05776-4&domain=pdf


554 | Nature | Vol 616 | 20 April 2023

Article

ctDNA detection as an indicator of both impending disease relapse and 
phylogenetic pattern of metastatic dissemination.

ctDNA detection using AMP
AMP patient-specific cfDNA enrichment panels (PSPs) targeted a 
median of 200 mutations preidentified in multiregion exome analy-
ses of early-stage NSCLC surgical resection samples (range, 72–201). A 
median of 126 clonal mutations were tracked, enabling sensitive iden-
tification of ctDNA; a median of 64 subclonal mutations (representing 
a median of 88% of subclones sampled in surgical tissue) were tracked 
to infer subclonal evolution at relapse (Fig. 1a, Extended Data Fig. 1a,b 
and Supplementary Table 1). The median cfDNA input into the AMP 
assay was 23 ng (interquartile range, 15–37 ng; Extended Data Fig. 1c and 
Supplementary Table 2). A molecular residual disease (MRD) detection 
algorithm evaluated background (non-variant) sequencing positions 

to estimate library error rates to enable ctDNA detection (Methods, 
Fig. 1a, Extended Data Fig. 1d–h and Supplementary Note). An MRD 
algorithm P value of 0.01 was determined to be optimal through analy-
ses of a ten-patient pilot cohort (Supplementary Note and Extended 
Data Fig. 2a–d). The patients in the pilot cohort were excluded from 
subsequent ctDNA analyses, apart from ECLIPSE examination of sub-
clonal kinetics (Methods).

Analytical and orthogonal validation of variant DNA detection using 
the locked-assay was performed (Supplementary Note). A total of 659 
spike-in samples was analysed at assay DNA inputs of 2 ng to 80 ng 
and variant DNA levels of 0.003% to 0.1% (Methods). Sensitivity for 
variant DNA detection using a 50-variant PSP at 0.01% variant DNA 
level (representative of ctDNA levels encountered after resection 
of NSCLC, using current MRD assays8) was higher than 90% at DNA 
inputs of 20 ng and above. Below 20 ng input, sensitivity for 0.01% 
variant DNA declined. Specificity was 100% in analyses of 48 samples 
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method estimates intralibrary, trinucleotide-specific sequencing error rates. 
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To detect subclones, ECLIPSE evaluates the collective signal across all mutations 
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number information to estimate plasma CCFs (the percentage of tumour cells 
corresponding to clone), clonal sweeps (where a subclone reaches 100% CCF) 
and metastatic dissemination patterns. The ctDNA analysis approach is 
described further in the Supplementary Note. AF, allele frequency; E, expected 
signal; O, observed signal; SC, subclone. b, The clinical features associated  
with preoperative ctDNA analyses in patients in the non-pilot TRACERx study 
(with non-synchronous primary tumours). N2 upstaging row: patients  
clinically staged with N0/1 lymph node involvement upstaged to N2 disease by 
pathology. Grey, no mediastinal lymph nodes sampled at surgery. pTNM-stage 

row: pathological tumour node metastasis (v7) stage. Volumetrics row: log10- 
transformed tumour volume (in cm3) measured using CT. Grey, unevaluable. 
The bar charts show mutations tracked by a patient’s PSP categorized by 
clonality. Black, mutation undetected (per-variant one-sided Poisson P > 0.01; 
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reads across all clonally mutated positions tracked by a PSP (Methods); patients 
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confident detection of ctDNA. c, Kaplan–Meier curves demonstrating the 
overall survival outcomes in ctDNA-high (dark red), ctDNA-low (blue) and 
ctDNA-negative (grey) patients with non-synchronous adenocarcinoma (left) 
and non-synchronous non-adenocarcinoma (right). ctDNA high and low was 
categorized on the basis of median clonal ctDNA levels across all ctDNA- 
positive NSCLCs (0.16%). P values were calculated using log-rank tests.
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from healthy participants (Extended Data Fig. 2e–h and Supplementary 
Table 3). Orthogonal validation of preoperative ctDNA-positive calls 
was performed using digital droplet PCR (Extended Data Fig. 2i,j and 
Supplementary Table 4). Tracking more than 50 mutations improved 
the assay sensitivity at lower DNA inputs (Extended Data Fig. 2k  
and Supplementary Tables 5 and 6).

Features of preoperative ctDNA detection
Preoperative cfDNA was analysed across 187 patients in the TRACERx 
study (Supplementary Tables 7 and 8 and Extended Data Fig. 3a). A total 
of 178 patients had a single primary NSCLC (Fig. 1b) and 9 patients had 
synchronous primary NSCLCs at diagnosis (Extended Data Fig. 3b and 
Supplementary Note). In agreement with previous findings3,7, higher 
rates of preoperative ctDNA detection in non-adenocarcinoma his-
tologies compared with lung adenocarcinoma were observed (39 out 
of 93 lung adenocarcinomas were ctDNA positive versus 78 out of 85 
non-adenocarcinomas; Fig. 1b). Patients exhibiting preoperative ctDNA 
detection had a higher smoking pack-year history (Wilcoxon rank sum 
test, P = 0.023; Fig. 1b and Extended Data Fig. 3c). Preoperative ctDNA 
detection was associated with clinically occult mediastinal lymph node 
disease in patients with adenocarcinoma. In total, 81 adenocarcino-
mas were clinical N0/1 stage and, after pathological nodal staging 
performed in 80 out of 81 patients, 14 out of 80 were upstaged to pN2 
status. A total of 11 out of 14 (79%) patients who were pN2 upstaged 
were ctDNA positive versus 19 out of 66 (29%) patients who were not 
upstaged (χ2 test, P = 0.001; Fig. 1b). Thus, preoperative ctDNA detec-
tion could guide mediastinal resection strategies in adenocarcinoma.

Preoperative ctDNA and clinical outcome
Given the variation in ctDNA detection across NSCLC subtypes, we 
assessed preoperative ctDNA status (negative (absent detection) or 
low or high (classified on the basis of clonal ctDNA level, the mean 
percentage of mutant consensus reads across clonally mutated posi-
tions tracked by a PSP)) as a prognostic biomarker separately in patients 
with single (non-synchronous) adenocarcinomas (n = 88) and single 
non-adenocarcinomas (n = 81) evaluable for survival analyses (Meth-
ods). In patients with adenocarcinoma, ctDNA status was associated 
with overall survival (OS) (log-rank test, P = 5 × 10−6; Fig. 1c). The 52 
out of 88 (59%) patients with adenocarcinoma who were preoperative 
ctDNA negative had superior OS outcomes (90% 2 year OS, 95% confi-
dence interval (CI) = 82–99%) compared with ctDNA low (63% 2 year OS, 
95% CI = 46–85%, n = 25) or high adenocarcinoma (24% 2 year OS, 95% 
CI = 8–74%, n = 11). In non-adenocarcinoma, 7 out of 81 patients negative 
for ctDNA had OS outcomes that were indistinguishable from patients 
with low or high ctDNA and ctDNA status was not strongly prognostic 
(log-rank test, P = 0.314; Fig. 1c; when the seven patients negative for 
ctDNA were excluded, log-rank test, P = 0.2). Similar findings were 
observed in freedom from recurrence (FFR) analyses (Extended Data 
Fig. 3d). In multivariable survival analyses including pathological TNM 
(pTNM) stage, adjuvant therapy status, age and unique sequencing 
coverage, preoperative ctDNA status was associated with FFR and OS 
in adenocarcinoma but not in non-adenocarcinoma (Extended Data 
Fig. 3e). This supports prior findings that preoperative ctDNA status 
is a robust prognostic factor for RFS in adenocarcinoma, but not squa-
mous cell carcinoma5. In patients with adenocarcinoma, preoperative 
ctDNA detection was associated with extrathoracic metastasis and poor 
post-recurrence outcomes. A total of 18 out of 20 (90%) recurrences 
involving extrathoracic sites occurred in patients who were preopera-
tive ctDNA positive, compared with 8 out of 18 (44%) intrathoracic-only 
recurrences (χ2 test, P = 0.008); post-recurrence survival was shorter 
in those who were preoperative ctDNA positive relative to those who 
were preoperative ctDNA negative (log-rank test, P = 0.003, Extended 
Data Fig. 3f,g).

Biology of ctDNA detection
Computed tomography (CT) volumetric data were available for 150 out 
of 178 patients with non-synchronous NSCLC (Extended Data Fig. 4a and 
Supplementary Table 8). In NSCLC, 10 cm3 tumour volume has been 
associated with ctDNA levels of around 0.1% (ref. 7,18; a level detect-
able by AMP; Extended Data Fig. 2). A total of 17 out of 42 (41%) patients 
with adenocarcinoma and tumour volumes of ≥10 cm3 were preopera-
tive ctDNA negative, compared with only 2 out of 50 (4%) patients with 
non-adenocarcinoma (χ2 test, P < 0.001; Extended Data Fig. 4b). The 
relative absence of ctDNA detection in higher-volume adenocarcinomas 
suggested a low-ctDNA shedding phenotype. We developed a regres-
sion model in 96 preoperative ctDNA positive cases to estimate clonal 
ctDNA levels on the basis of tumour histology and volume (Methods 
and Extended Data Fig. 4c). We then estimated clonal ctDNA levels in 
the 47 ctDNA-negative adenocarcinomas, categorizing these tumours as 
low-shedders (ctDNA detection expected on the basis of tumour volume, 
but not observed (31 out of 47 cases)) or technical negatives (tumour 
volume predicted for ctDNA levels below the sample limit of detection 
(16 out of 47 cases); Methods and Extended Data Fig. 4d). The latter group 
was excluded from analyses of ctDNA detection and tumour biology.

Available multiregion transcriptomic data enabled the comparison of 
34 ctDNA-positive adenocarcinomas with 28 low-shedder adenocarci-
nomas (Fig. 2a and Supplementary Tables 9 and 10). Genes upregulated 
in ctDNA-positive adenocarcinomas included those associated with M 
phase, cell cycle and DNA repair (Supplementary table 11); and gene set 
variation analysis (GSVA19) using the Hallmark gene sets (which sum-
marize 50 biological states20) revealed upregulation of proliferation and 
cell-cycle-associated gene sets (Fig. 2b–d). We evaluated our published 
prognostic biomarker associated with outcomes in lung adenocar-
cinoma (ORACLE21). Preoperative ctDNA-positive adenocarcinomas 
demonstrated higher ORACLE scores relative to negative adenocar-
cinomas (P = 0.000134; Fig. 2e). We observed no difference between 
ctDNA-positive adenocarcinoma and low-shedders when we analysed 
tumour purity and subclonal and clonal somatic driver mutations, 
individually and summarized to pathways (Extended Data Fig. 4e–g). 
We observed that ctDNA-positive adenocarcinomas showed increased 
levels of both weighted genome integrity index (wGII)22 and fraction 
of loss of heterozygosity (FLOH)23 relative to low-shedders (P = 0.0286 
and P = 0.00443) and an increased percentage of ctDNA-positive adeno-
carcinomas were subject to whole-genome doubling (WGD; any WGD 
compared to none, 86% versus 61%, P = 0.0400; Fig. 2f,g and Extended 
Data Fig. 4h). We used GISTIC2.024 to assess whether the increased levels 
of chromosomal alterations in ctDNA-positive tumours were linked to 
the observed increase in cell proliferation (Methods). We identified 
20 amplified cytobands enriched in ctDNA shedders (false-discovery 
rate (FDR) q < 0.05) with a GISTIC score difference (GSD) of at least 
0.5 (Fig. 2h,i), a previously defined threshold for comparing two sam-
ple sets25. A total of 966 genes are located within these cytobands, of 
which 21 are listed in the COSMIC cancer gene census26 as cancer genes 
(Supplementary table 12), including proliferation-associated genes 
CCND1 (11q13.3), CDK4 (12q14.1), MDM2 (12q15) and CCNE1 (19q12). 
These results were largely recapitulated when excluding the bottom 
quartile of tumour volumes from low-shedding adenocarcinomas 
(Supplementary Note and Extended Data Fig. 4i–k), indicating that 
tumour biology is probably the main driver behind our observations.

Postoperative ctDNA detection without relapse
Postoperative cfDNA samples from 42 recurrence-free patients and 
19 patients who subsequently developed new primary cancers during 
follow-up (on the basis of histological or clinical findings) were ana-
lysed to assess AMP clinical specificity (PSPs are specific to the excised 
NSCLC and are not expected to detect new primary cancers; Fig. 3a,b 
and Supplementary Table 13). In total, 10 out of 426 (2%) postoperative 
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samples from 3 out of 61 (5%) of patients exhibited ctDNA detection 
(Fig. 3a,b). Patient CRUK0086 was ctDNA positive before radiation 
therapy, CRUK0269 was ctDNA positive after surgery and developed 
a new primary NSCLC, and CRUK0498 had false-positive ctDNA 
detection at 7 out of 8 postoperative timepoints, probably due to PSP  
mistargeting of somatic mutations associated with a lymphoid aggre-
gate present in primary tumour tissue (Supplementary Note and 
Extended Data Fig. 5a–e).

Postoperative ctDNA detection and relapse
In total, 365 postoperative plasma samples were analysed from 
70 patients with either recurrence of their NSCLC (n = 66) or 

incomplete resection (macroscopic residual disease, n = 4; Fig. 3c–e and  
Supplementary Table  13). ctDNA was detected postoperatively 
(before or after relapse) in 59 out of 70 (84%) of these patients. A 
total of 3 out of 11 patients relapsing without postoperative ctDNA 
detection lacked plasma sampling within 100 days of clinical relapse 
(CRUK0303, CRUK0495 and CRUK0570). In those with plasma 
sampled close to relapse, 2 out of 11 patients had unresected hilar 
or mediastinal lymph node metastases on postoperative imaging 
(CRUK0230 and CRUK0234), 4 out of 11 had intracranial recurrence 
(CRUK0331, CRUK0407, CRUK0567 and CRUK0736) and 2 out of 11 
had intrathoracic recurrence (CRUK0329 and CRUK0490; Fig. 3c–e 
and Supplementary Table 14). Intracranial recurrence has previously 
been associated with absent postoperative ctDNA detection9,27. Here,  
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show the median values. Colours are as described in a. f,g, wGII (f) and FLOH  
(g) levels of ctDNA-positive adenocarcinomas (35 patients, 166 regions), ctDNA 
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h,i, GISTIC score analysis comparing 35 ctDNA-positive adenocarcinomas  
(166 regions; i) and 28 ctDNA low-shedders (79 regions; h). Red, amplifications 
(amp); blue, deletions (del); grey, non-significant values. The y axis shows the 
one-sided P values computed using GISTIC 2.0 permutation-based statistical 
methods, and the x axis shows the GSD. The dotted lines show the G-score and 
significance cut-offs. Pairwise comparisons were performed using linear mixed- 
effects models; P values are two-sided.
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17 patients experienced brain metastases within 180 days of relapse and 
14 out of 17 patients also had extracranial imaging at relapse. Of these 
14 patients, 3 out of 7 patients with isolated (brain-only) intracranial 
relapse versus 7 out of 7 with non-isolated intracranial relapse exhibited 
postoperative ctDNA detection (Fig. 3c–e and Extended Data Fig. 6a).

Landmark MRD analysis
We explored postoperative ctDNA detection within a landmark  
analysis framework, where the landmark timepoint refers to establish-
ing the ctDNA status of a patient within an 120 day period following 
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Fig. 3 | Postoperative minimal residual disease detection in early-stage 
NSCLC. a–e, Longitudinal ctDNA data from non-pilot patients with no evidence 
of NSCLC recurrence (a; n = 42); development of a second primary cancer  
(b; n = 19); recurrence of NSCLC in landmark-positive patients (c; n = 25 patients); 
recurrence of NSCLC in landmark-negative patients (d; n = 26 patients); and 
recurrence of NSCLC in landmark-unevaluable patients (e; n = 19 patients). For 
a–e, each circle represents a cfDNA sampling timepoint. Circles to the left of 
the surgical day are preoperative timepoints, circles to the right of the surgical 
day are postoperative timepoints. Black filled circle, positive ctDNA detection; 
light blue rectangles, chemotherapy; dark blue rectangles, radiotherapy; orange 
rectangles, patient received post-recurrence surgery. The triangles represent 
standard of care postoperative CT, PET or MRI surveillance imaging (imaging 
up until first relapse or last follow-up displayed on plot). Imaging was classified 

as no disease (grey), equivocal images (yellow) or unequivocal imaging 
evidence of extracranial relapse (red). Light green triangles, no evidence of 
intracranial relapse; dark green triangles, intracranial relapse. The vertical 
black lines show the event date for a patient (if death, second primary, NSCLC 
recurrence occurred); otherwise, the vertical line represents last TRACERx 
follow-up. Crosses indicate patient death events. The annotation plots on the 
left highlight histology, pTNM (pathological TNM) status, relapse site, and 
details regarding whether an intracranial relapse was isolated (brain-only) or 
non-isolated (brain and extracranial site) or occurred without extracranial 
imaging to confirm solitary status. For the relapse site and intracranial disease 
annotations, anatomical sites of disease were identified within a 180 day 
post-recurrence period.
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completion of surgery1,6 (Fig. 3a–d). Here, 108 out of 131 patients with 
postoperative plasma sampling performed were evaluable for landmark 
analysis based on ≥1 plasma sample obtained within 120 days of surgery, 
before adjuvant therapy or relapse (Supplementary Table 7). A total of 51 
out of 108 patients relapsed, with disease recurrence (n = 47) or incom-
pletely resected disease detected during follow-up (n = 4). At landmark, 
27 out of 108 patients (25%) exhibited 1 or more positive ctDNA calls 
and 25 out of 27 of these patients relapsed (positive predictive value of 
landmark for relapse 93%, negative predictive value 68%, sensitivity of 
landmark for relapse 49%). Landmark-positive status was associated 
with higher pTNM stage (5 out of 41 (12%) patients with stage I, 8 out of 
35 (23%) patients with stage II and 14 out of 32 (44%) patients with stage 
III were landmark positive, χ2 test, P = 0.008). In total, 15 out of 21 (71%) 
relapse events occurring within 1 year of surgery were landmark-positive 
versus 8 out of 26 (31%) events occurring later than 1 year (4 patients 
with incomplete resections excluded, χ2 test, P = 0.01). The median 
clonal ctDNA level at MRD detection in landmark-positive patients who 
relapsed was 0.08% (range, 0.002–2.41%, n = 25; Extended Data Fig. 6b).

Twelve patients were landmark positive before adjuvant therapy 
(Supplementary Table 15 and Fig. 3a–d). A pre-adjuvant patient positive 
for ctDNA (CRUK0086) had undetectable ctDNA after adjuvant radio-
therapy and was disease-free until non-cancer associated death; the 
remaining 11 out of 12 patients eventually clinically relapsed despite 5 
out of 11 patients exhibiting undetectable ctDNA after adjuvant therapy, 
indicating that ctDNA clearance in this setting may not always predict 
a positive outcome (Extended Data Fig. 6c).

In 102 out of 108 patients evaluable for survival analyses, landmark- 
positive patients exhibited a hazard ratio (HR) of 5.3 (95% CI = 2.9–9.7, 
log-rank test, P = 1 × 10−9) for OS and an HR of 6.8 for FFR (95% CI =  
3.7–12.3, log-rank test, P = 6 × 10−13) relative to landmark-negative 
patients (Methods and Extended Data Fig. 6d,e).

In total, 16 out of 81 (20%) landmark-negative patients emerged to 
be ctDNA positive during ctDNA surveillance before, or at, clinical 
relapse; this occurred a median of 359 days postoperatively (range, 
120–929 days), after a median of 3 negative postoperative plasma 
samples (range, 1–9) at a median clonal ctDNA level of 0.02% (range, 
0.003–6.67%) (Fig. 3a,b,d and Extended Data Fig. 6b).

ctDNA lead times
The overall median lead time encountered in the cohort was 119 days 
(range, 0–1,137 days, n = 63; Methods). Lead times were associated with 
landmark status (Kruskal–Wallis test, P = 0.006); landmark-positive 
patients had the longest lead times (median, 228 days; range, 0–1,137 
days; n = 23) relative to landmark-negative patients (median 76 days; 
range, 0–980 days, n = 24, Wilcoxon rank sum test, P = 0.010) and 
landmark-unevaluable patients (median, 56 days; range, 0–477 days, 
n = 16, Wilcoxon rank sum test, P = 0.005; Extended Data Fig. 6f).

Imaging and ctDNA
We assessed postoperative ctDNA detection in the context of 
standard-of-care extracranial CT, magnetic resonance imaging or posi-
tron emission tomography imaging surveillance in the adjuvant setting 
(Methods, Fig. 3 and Supplementary Table 16). In patients who eventu-
ally experienced relapse, we identified 44 surveillance scans from 23 
patients that showed no new abnormalities compared with previous 
imaging; 22 out of 23 patients had plasma sampling performed before 
these scans (Fig. 3c–e). In total, 9 out of 22 patients were ctDNA positive 
before the scan and 8 out of 9 patients positive for ctDNA had eventual 
recurrence at sites covered by the extracranial scans (CRUK0590 expe-
rienced intracranial recurrence; Extended Data Fig. 6g). Thus, in some 
cases, positive postoperative ctDNA status preceded new abnormalities 
on surveillance imaging. Postoperative ctDNA detection before equivo-
cal abnormalities occurred in 23 patients—20 out of 23 had subsequent 

NSCLC recurrence (Fig. 3 and Extended Data Fig. 6g,h). Before surveil-
lance imaging showing new equivocal lymphadenopathy, 14 patients 
were ctDNA positive and 20 patients were ctDNA negative. A total of 11 
out of 14 (79%) patients positive for ctDNA subsequently relapsed with 
lymph node involvement at the equivocal site versus 6 out of 20 (30%) 
patients negative for ctDNA before the scan (Fisher’s test, P = 0.013; 
Extended Data Fig. 6i). Establishing ctDNA status may facilitate defini-
tive therapeutic intervention at equivocal radiological sites, supporting 
previous findings from a cohort predominantly consisting of locally 
advanced NSCLC treated with chemo-radiation therapy6.

ctDNA-based measurement of clonal architecture
To estimate tumour subclonal composition from deep targeted sequenc-
ing of plasma cfDNA, we developed ECLIPSE. ECLIPSE leverages back-
ground noise estimates and tumour-tissue-derived copy-number 
information to assess the presence or absence of specific tumour sub-
clones and calculate their respective cancer cell fractions (CCFs) from 
low-tumour-content cfDNA data (Methods, Extended Data Fig. 7 and Sup-
plementary Note). Plasma samples with clonal ctDNA levels of ≥0.1% (64% 
of ctDNA-positive samples) had an estimated minimally detectable CCF of 
≥20% for a representative subclone (Methods, Supplementary Note and 
Extended Data Fig. 8a–d). Using 76,263 subclones constructed in silico 
from the AMP analytical validation spike-in data, we estimated a detec-
tion sensitivity of 94% for 20% CCF subclones in 0.1% clonal-ctDNA-level 
plasma with 4 tracked mutations and 10 ng DNA input (Extended Data 
Fig. 8e and Supplementary Note). We observed a decline in detection 
rates below 10 ng DNA input and therefore considered samples with ≥0.1% 
clonal ctDNA level and ≥10 ng cfDNA input as ‘high-subclone-sensitivity’, 
and analysed their clonal composition with ECLIPSE.

ECLIPSE measures of subclonal CCF from preoperative plasma 
samples were proportional to tumour exome multiregion sequencing 
measures of subclonal CCF sampled at surgery (Pearson R = 0.78, m  
(gradient) = 1, median clonal ctDNA level = 0.9%; Extended Data Fig. 9a,b 
and Supplementary Note). Subclone detection rates in preoperative 
plasma increased with subclone size (CCF) in the primary tumour 
(Extended Data Fig. 9c). Using plasma-based CCFs, we found evidence 
of sampling bias in measurements of tissue CCF for subclones unique to a 
single tumour region (Extended Data Fig. 9d–g and Supplementary Note).

Refining heterogeneity estimates using ctDNA
In the TRACERx 421 cohort28 a median of 12% of mutations were deter-
mined to be present in all cancer cells of at least one resected tumour 
region but were absent from other regions of the tumour, therefore 
exhibiting a clonal illusion (Fig. 4a). ctDNA may be released from sev-
eral regions of the tumour and resolve the true subclonal nature of 
mutations displaying a clonal illusion. In 71 TRACERx patients with 
high-subclone-sensitivity plasma samples available preoperatively, 
plasma-based CCFs were lower for clonal illusion mutations com-
pared with mutations ubiquitous across all resected tumour regions  
(Wilcoxon test, P < 0.001; Fig. 4a), and plasma CCFs could predict clonal 
illusion with an area under the curve of 0.81 (95% CI = 0.79–0.82; Extended 
Data Fig. 9h). This suggests that collection of plasma alongside a single 
tumour biopsy can overcome tissue sampling bias, potentially increas-
ing the accuracy of future heterogeneity-based clinical biomarkers29,30.

Clonal expansions forecast metastasis
Predicting the subclonal composition of the subsequent metastatic 
recurrence at the time of surgery could inform precision adjuvant 
therapies against subclone(s) driving disease relapse. Primary tumour 
subclones (subclones detected in primary tumour tissue, excluding 
subclones unique to lymph node or ipsilateral pulmonary metastases  
resected at initial surgery; Methods) detected in postoperative cfDNA 
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displayed larger CCFs in plasma samples taken before surgery rela-
tive to subclones that were not detectable postoperatively (Wilcoxon 
test, P < 0.001) and these metastatic subclones tended to expand fur-
ther at relapse (Wilcoxon test, P = 0.027; Fig. 4b). This result indicates 
that primary tumour subclonal expansion measured non-invasively 
using ctDNA is associated with metastatic potential. In our companion 
papers, we demonstrate a similar effect using metastasis tissue sam-
pling31 and describe increased proliferative transcriptional signatures 
associated with metastasis-seeding primary tumour subclones32.

Metastatic dissemination patterns in ctDNA
Comprehensive tissue sampling is challenging in the early-relapse 
setting. A total of 44% of patients with relapse had a tissue sample 
obtained at relapse, yet ease of plasma sampling enabled us to obtain 
high-subclone-sensitivity postoperative plasma samples in 61% of 
patients with relapse (mean 2 samples per patient). In total, 38% of 
patients with relapse had high-subclone-sensitivity postoperative 
plasma samples, but lacked a relapse tissue sample (Extended Data 
Fig. 10a). In 26 patients with both high-subclone-sensitivity postopera-
tive plasma and recurrence tissue, we found a high concordance between 
subclones detected in recurrence tissue and postoperative ctDNA (98% 
sensitivity with 50 out of 51 relapse tissue subclones detected that 
were tracked by PSPs; Extended Data Fig. 10b,c). Additional subclones 
detected in postoperative ctDNA but absent from relapse tissue were 
found in 6 out of 26 patients (20 subclones). These subclones may have 
evaded tumour biopsy detection due to undersampling of metastatic 
sites at relapse (Supplementary Note). This is consistent with our com-
panion article31, which suggests that a single metastatic biopsy is not 
sufficient to confidently capture all metastatic dissemination events.

ECLIPSE-mediated calculation of subclone CCFs coupled with PSP 
targeting of the majority of sampled subclones in NSCLC resections 
(Extended Data Fig. 1b) facilitated the estimation of dissemination pat-
terns from the primary tumour to relapse using ctDNA (Supplementary 

Note). Tumours were categorized by the number of relapse-seeding 
primary tumour subclones (monoclonal = 1, polyclonal ≥ 1) and 
relapse-seeding primary tumour phylogenetic tree branches (mono-
phyletic = 1, polyphyletic ≥ 1; Fig. 1a and Methods). Longitudinal 
plasma- and tissue-based clonal composition estimates from surgery 
to relapse are presented for 44 patients with high-subclone-sensitivity 
postoperative plasma (Methods, Fig. 5a and Supplementary Fig. 1). We 
found an increased frequency of polyclonal metastatic dissemination 
at relapse when using ctDNA compared with recurrence biopsy tissue, 
driven by detection of ctDNA-unique subclones (10% polyclonal dis-
semination using tissue versus 24% polyclonal dissemination using 
ctDNA in matched cases; Extended Data Fig. 10d). Overall, 32 out of 44 
recurrent tumours were defined as monoclonal dissemination and 12 
out of 44 as polyclonal dissemination (3 polyclonal monophyletic and  
9 polyclonal polyphyletic). Shorter OS from study registration and from 
the first ctDNA positive timepoint was observed in patients exhibiting 
polyclonal dissemination versus monoclonal dissemination (Fig. 5b and 
Extended Data Fig. 10e; post-registration OS: HR = 3.49, 95% CI = 1.57–7.77,  
P = 0.001, log-rank test, n = 44). OS from first postoperative ctDNA detec-
tion remained significant after adjustment for maximum postoperative 
clonal ctDNA level, assay DNA input amount, pTNM, preoperative ctDNA 
positivity, ctDNA detection in the first postoperative plasma sample and 
histology in multivariable analysis (Extended Data Fig. 10f).

Longitudinal tracking of clonal evolution
We addressed whether phylogenetic tracking could detect changes 
in subclonal composition, which may represent therapy-induced 
shifts in selection pressure. In 18 out of 42 (43%) patients with a 
high-subclone-sensitivity postoperative plasma sample available, we 
estimated that subclones tracked from the surgically resected tumour 
had undergone a complete clonal sweep at recurrence, whereby a 
subpopulation of cells expands to become clonal across all tumour 
sites (Methods, Extended Data Fig. 10g–i and Supplementary Note).  
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Fig. 4 | Clonality measurements in preoperative plasma overcome sampling 
bias from a single tissue sample and predict metastatic seeding potential. 
a, Depiction of a clonal illusion in which a dark blue subclone is found in 100%  
of cells in a single clinical tissue sample. Such clonal illusion mutations may  
be detected in the clinical setting using ctDNA derived from many different 
tumour regions to increase the accuracy of intratumour heterogeneity (ITH) 
measurements in the clinic. Mutations that were clonal (CCF > 90%) in a single, 
randomly selected tumour region were compared using plasma-based 
preoperative CCFs splitting by those truly clonal across all tumour regions in 
TRACERx (clonal) and those that, although they were clonal in the randomly 
selected region, were absent from other tumour regions (clonal illusion). Only 
data from a single randomly selected region were used by ECLIPSE to generate 
these CCFs. The distribution of plasma CCFs in each case is represented by a 

violin plot and a box and whisker plot. A Wilcoxon rank sum test was used to 
compare groups. Only preoperative samples with at least a 0.1% clonal ctDNA 
level (high-subclone-sensitivity samples, 71 samples from 71 patients) were 
included in this analysis (Supplementary Note for analysis of lower ctDNA levels). 
M-seq, multiregional sequencing. b, Preoperative (pre-op) plasma primary 
tumour subclone CCFs split by whether a given subclone was found to be 
present or absent in cfDNA samples at relapse and postoperative plasma CCFs 
for relapse subclones at the last high-subclone-sensitivity timepoint. Only 
tumours with at least one sample with >0.1% clonal ctDNA level (high subclone 
sensitivity) both preoperatively and postoperatively were included. n = 26 
tumours with CCFs from 247 subclones included. Two-sided Wilcoxon tests 
were used to compare groups. The schematic in b was created using BioRender.
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We observed shifts in clonal composition in patient CRUK0484 con-
current with treatment (Fig. 5c and Supplementary Note), including 
extinguishing of a subclone present in more than half of tumour cells 
after surgery (clone a) during adjuvant chemotherapy, and expansion 
of a minor subclonal lineage (clone b) during post-recurrence immuno-
therapy treatment, which eventually outcompeted a parallel lineage 
(clone c). Despite three relapse tissue biopsies at different timepoints 

and metastatic sites, the dominant clone c was not detected in post- 
surgical tissue samples but only in a surgically excised lymph node.  
In patient CRUK0050, we observed a rapid increase in clonal ctDNA 
levels at day 876, after treatment of recurrent lung disease with cyto-
toxic chemotherapy (Fig. 5d). The multimodal distribution of clonal 
variant allele frequencies (VAFs) observed in the plasma suggested that 
59 out of 130 clonal mutations had altered their copy-number state 
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surgery to therapy and recurrence. a–d, The ctDNA purity for each clone  
was calculated by multiplying the clone CCF by the ctDNA purity of the plasma 
sample (Methods) and represents the fraction of all cells from which cfDNA  
was derived that harbour a given tumour clone at each timepoint. The y-axes 
indicate the total tumour purity at each vertically symmetrical point on the 
plots. The area of each subclone then represents the total proportion of the 
tumour in which each subclone is present at each timepoint. Clonal nesting is 
based on the phylogenetic tree for each tumour. Data from all ctDNA-positive 
plasma samples are shown, including results from ECLIPSE of samples with  
less than 0.1% clonal ctDNA level. Clone maps for each tumour tissue mass are 
depicted above the ctDNA-based clonal structure with the phylogenetic tree. 
Metastatic dissemination class was defined using primary tumour subclones, 
excluding metastatic unique clones in surgically excised lymph nodes or 

intrapulmonary metastases (Methods). Both CRUK0617 subclone D and 
CRUK0543 subclone E were not detected in ctDNA but their presence was 
inferred by detection of its daughter subclones (Supplementary Note).  
a, Depictions of longitudinal tumour evolution for examples of monoclonal, 
polyclonal monophyletic and polyclonal polyphyletic metastatic dissemination 
patterns. b, A Kaplan–Meier plot depicting differences in the overall survival 
between metastatic dissemination classes (n = 44 tumours, which had at least  
1 high subclone sensitivity postoperative sample). A log-rank test was used to 
compare survival in the two groups. c, CCFs depicted through time and therapy 
for patient CRUK0484, who experienced a polyclonal polyphyletic relapse.  
d, Variant allele fractions for mutations tracked in patient CRUK0050 at 
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compared with samples taken at surgery (Methods), including evi-
dence for amplification of an oncogenic KRASG12R mutation (84% VAF). 
This implies the expansion of a new subclone during treatment with 
significant chromosomal instability, not directly tracked by the PSP.

Discussion
In summary, we have demonstrated that preoperative ctDNA detection 
is prognostic in early-stage adenocarcinoma and implicated chro-
mosomal instability as a predictor of ctDNA detection in this NSCLC 
subtype. These findings suggest that management of early-stage adeno-
carcinomas that are deemed to be high risk on the basis of preopera-
tive ctDNA detection is inadequate, with innovation urgently needed.

Postoperative ctDNA detection forecasted impending NSCLC relapse, 
agreeing with previous findings5–9,33–35. Here, 25% of patients were land-
mark MRD positive and 93% of these patients relapsed a median of 
228 days after ctDNA detection. Assessment of early treatment escala-
tion in this high-risk population is required. ctDNA surveillance identified 
impending relapse in 20% of landmark-negative patients—emergence 
of ctDNA during surveillance may reflect low-burden metastatic disease  
initially shedding ctDNA quantities below assay limit of detection (around 
95% sensitivity at 0.008% ctDNA level in ≥30 ng DNA input samples). 
Landmark MRD detection rates could increase with next-generation 
assays with improved ctDNA limits of detection36–38.

Previous publications used high-tumour-fraction ctDNA samples 
(>10%) to calculate subclonal CCFs12–14. However, such samples are 
rare17, comprising only 9% of ctDNA-positive samples in this study from 
14 out of 145 (10%) patients in which ctDNA was ever detected. ECLIPSE, 
combined with AMP PSPs, enabled an estimated 94% detection sen-
sitivity for 20% CCF subclones in plasma samples with 0.1% tumour 
content and could accurately estimate CCFs using such samples. We 
demonstrated that ctDNA can sample clonal structure from multiple 
different surgically excised tissue sites and capture additional hetero-
geneity at relapse when compared to analysis of relapse tissue samples. 
Despite this, two-thirds of patients with disease recurrence still had 
only one ctDNA-detectable metastasizing primary tumour subclone 
(monoclonal dissemination). However, low ctDNA levels and incom-
plete primary tumour sampling may limit the detection of additional 
disseminating primary tumour subclones. We observed a more aggres-
sive disease course in patients with multiple metastatic dissemination 
events (polyclonal dissemination), suggesting that heterogeneity in 
the seeding population may provide fuel for Darwinian adaptation 
to different metastatic niches. However, the requirement to perform 
multiregional primary tumour sequencing currently limits the feasi-
bility of determining metastatic dissemination patterns in the clinic.

ctDNA is poised to change (neo)adjuvant trial designs. Measurements 
of subclonal expansion in the plasma before surgery may enable the pre-
diction of future metastatic subclones, offering the possibility for early 
intervention and suggesting new routes for biomarker development to 
target and eradicate such clones months or even years before relapse.
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M et ho ds
Patients and tissue samples
The TRACERx study (ClinicalTrials.gov: NCT01888601) is a prospective 
observational cohort study that aims to transform our understand-
ing of NSCLC, and the design of which has been approved by an inde-
pendent research ethics committee (NRES Committee London, REC 
ref:13/LO/1546). Informed consent for entry into the TRACERx study 
was mandatory and obtained from every patient. All patients were 
assigned a study identity number that was known to the patient. These 
were subsequently converted to linked study identities such that the 
patients could not identify themselves in study publications. All human 
samples (tissue and blood) were linked to the study identity number 
and barcoded such that they were anonymized and tracked on a cen-
tralized database, which was overseen by the study sponsor only. The 
ctDNA cohort represents 188 TRACERx 421 cohort eligible patients and 
9 additional patients (the following 9 patients were excluded from the 
final TRACERx T421 cohort (after ctDNA analyses were performed) and 
were analysed in this manuscript: CRUK0230, 0234, 0291, 0335, 0387, 
0480, 0490, 0498, 0622). The reasons for exclusion from final T421 
cohort were as follows: CRUK0480 and 0490: C>A artefact uncovered 
in exome data (excluded from ECLIPSE analyses); CRUK0291, 0234, 
0230, 0387 and 0622: incomplete resection of NSCLC; CRUK0335: 
concurrent oesophageal primary present at diagnosis; CRUK0498: 
1 of 2 tumour regions contained lymphoid associated variants. The 
remaining preoperative plasma from 19 patients published previously7 
was also analysed in this paper; these patients can be identified by 
CRUK IDs shared between the papers. Extended Data Fig. 3a describes 
the structure of the patient cohort analysed, patients analysed in the 
Extended Data Fig. 2 pilot cohort to assess optimum ctDNA detection 
thresholds were excluded from clinical analyses associating pre- and 
postoperative ctDNA detection with patient characteristics and survival 
outcomes (Figs. 1 and 3) and biological analyses of ctDNA detection in 
lung adenocarcinoma (Fig. 2). However, these patients were included in 
ECLIPSE clonality analyses (Figs. 4 and 5). Multiregion tumour sampling 
was performed as previously described2. Relapse tissue samples, excess 
to diagnostic requirements, were also acquired. Sample extraction 
from tissue and whole blood was performed according to the protocol 
in the TRACERx 100 cohort and exome sequencing was performed as 
previously described2.

Analyses of adjuvant surveillance and relapse scan reports
Relapse site data were collected from anonymized standard of care 
imaging scan reports that occurred within 180 days of confirmed clini-
cal relapse (Supplementary Table 14). Each report was reviewed by two 
clinicians and sites of disease documented. Two patients lacked avail-
able scan reports (CRUK0311 and 0452); for these two patients, data 
were gathered from TRACERx case report forms. Where an anatomical 
site was not covered by a recurrence scan, this was marked as not evalu-
able. Anonymized surveillance (pre-relapse or relapse) scan reports 
were reviewed from 121 out of 131 non-pilot patients who had donated 
longitudinal plasma samples (321 CT scans, 7 magnetic resonance imag-
ing scans and 36 whole-body positron emission tomography scans). 
Surveillance scan reports were not available in 10 out of 131 non-pilot 
patients. These reports were categorized as showing no new abnormal-
ity compared with previous imaging, new equivocal abnormality (an 
equivocal abnormality was defined as any new change compared to a 
previous scan, equivocal changes were categorized as being related to 
new lung tissue abnormality including nodules, enlarging lymph-nodes, 
pleural abnormality or pleural effusion, lung atelectasis or collapse 
or other changes) or new unequivocal abnormality (scans showing 
a change that was viewed as definitive malignancy and resulted in a 
change in clinical management; Supplementary Table 16). This central 
review of reports was performed blinded to a patient’s disease and 
death status. In cases in which questions regarding interpreting the 

report arose, there was a dialogue with the cancer centre to establish 
an agreed assessment.

Plasma samples
Blood samples were collected and processed to plasma as previously 
described7. Up to 4 ml of plasma per case was evaluated for the study 
(range, 0.5–4 ml; median, 4 ml; Supplementary Table 2). For 1,074 
out of 1,095 samples, circulating cfDNA was purified from plasma 
using the MagMAX Cell-Free DNA Isolation Kit in conjunction with 
the KingFisher Flex Purification System (Thermo Fisher Scientific). 
KingFisher 24-deepwell processing plates were prepared according 
to the manufacturer’s instructions (plate setup option for KingFisher 
Flex Magnetic Particle Processor 24DW, 4 ml of plasma, 75 µl elution 
volume). Automated cfDNA isolation was performed on the KingFisher 
Flex system. For the remaining 21 samples, cfDNA was extracted as 
previously described7. Eluted cfDNA samples were quantified on the 
Qubit 3.0 Fluorometer using the Qubit dsDNA HS Assay Kit (Thermo 
Fisher Scientific) according to the manufacturer’s instructions. The 
single-nucleotide polymorphism (SNP) profile of cfDNA from a patient 
was matched back to normal exome data and samples exhibiting  
discordant SNP profiles were excluded as sample swaps (n = 26 out of 
1,095 plasma samples analysed).

Volumetric analyses
Tumour volume was determined on the basis of pretreatment (PET-) 
CT scans using 3D Slicer. Contours of the primary tumour were manu-
ally segmented on each axial CT slice. Window settings were adjusted 
if necessary to exclude vessels, lymph nodes or adjacent mediastinal 
tissue. If no accurate delineation of the primary tumour was possible 
(for example, large cavity, pleural effusion or atelectasis), the patient 
was excluded from volume analysis (Extended Data Fig. 4a); patients 
with minor cavities within tumours were included. These steps were 
performed by a trained resident and all contours were confirmed and 
edited where necessary by an experienced radiologist. Relevant clini-
cal demographics including gender and tumour location were cross 
checked with imaging appearances for each scan analysed. Volumetric 
data are provided in Supplementary Table 8.

Library preparation using AMP
AMP is a nested multiplex–PCR enrichment chemistry that incorporates 
strand-specific priming and the incorporation of unique molecular 
identifiers (UMIs) into sequenced reads16. cfDNA, fragmented periph-
eral blood mononuclear cell (PBMC) DNA (60 ng) or fragmented normal 
tissue DNA (60 ng) was end-repaired phosphorylated and A-tailed. An 
adapter containing a universal priming site, the indexes for multiplex-
ing and a UMI are then ligated onto DNA. One round of target-specific 
PCR was performed with a gene-specific primer 1 (GSP1) which ampli-
fies against the P5 primer in the adapter, and a further round of PCR 
was then performed with a second nested gene-specific primer (GSP2) 
and a primer that incorporates a second primer containing a P7 index. 
Strand-specific priming was performed in both rounds of amplification 
facilitating the identification of positive- and negative-strand input 
DNA molecules during informatic analyses.

For cfDNA libraries, indexed libraries were quantified on either the 
ViiA 7 Real-Time PCR System or QuantStudio Dx Real-Time PCR Instru-
ment (Thermo Fisher Scientific) using the KAPA Library Quantifica-
tion Kit (Roche). Libraries were individually normalized on the Fluent 
1080 Automated Workstation (Tecan), then symmetrically pooled 
and adjusted to a final concentration of 2 nM or 1.25 nM for standard 
or Xp NovaSeq loading workflows, respectively. Library pools were 
prepared and sequenced on the NovaSeq 6000 System (Illumina) 
according to the manufacturer’s protocol. We aimed to sequence 
each library to about 10 million reads. The on-target deduplication 
ratio of the library, which describes the ratio of raw on-target reads to 
UMI-supported on-target reads (UMI-supported reads contained five or 

https://clinicaltrials.gov/ct2/show/NCT01888601
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more supporting raw reads with a matched molecular index) was then 
evaluated. In samples for which initial sequencing depth resulted in an 
on-target de-duplication ratio of less than 10:1, additional sequencing 
was performed; this quality-control step was introduced to maximize 
the recovery of UMI families (which require at least five UMI-supported 
reads) from high-complexity samples to ensure recoverable infor-
mation from these samples, thereby reducing bias (given that only 
UMI families are considered in our analyses). This quality-control step 
resulted in the majority of cfDNA libraries (1,052 out of 1,069) having 
median de-duplication ratios of more than 5 (Extended Data Fig. 1f). 
PBMC and normal tissue libraries were sequenced on the NovaSeq 
6000 system (Illumina) or the NextSeq system (Illumina).

MRD calling algorithm
We generated an MRD caller (v.0.1) that investigated background 
sequencing noise on an intralibrary basis (Fig. 1a and Supplementary 
Note). The MRD caller used the Archer informatic pipeline to clean input 
reads and generate deduplicated UMI-supported reads. The cleaned, 
deduplicated and error-corrected UMI-supported reads were aligned 
to the hg19 genome and used to evaluate alternate observations at pre-
defined positions where tumour-specific variants were present in the 
patient’s tumour (tumour-informed positions). Only ‘deep’ consensus 
reads supported by five or more PCR duplicates (UMI corrected) were 
used to infer expected sequencing noise as well as calculate signal for 
the MRD calling algorithm.

Alternate bases at tumour-informed positions were subject to a strict 
set of quality filters consisting of an off target filter, a read strand bias 
filter, a sequencing strand bias filter, background error rate filter and 
variant AF outlier filter to remove artefactual signals. The variant AF 
outlier filter functioned by performing partitioning around medoids 
(PAM) clustering of the VAFs of the tumour-informed positions that 
passed previously described filters. K was set to 2 in the clustering 
algorithm, therefore yielding a high-VAF group and a low-VAF group. 
If one of the two clusters had significantly higher VAFs (as indicated 
by non-overlapping confidence intervals of the highest VAF of the low 
VAF cluster and the lowest VAF of the higher VAF cluster) and contained 
three or fewer tumour-specific variants, those variants were removed 
from consideration downstream in the algorithm.

Next, intralibrary background error rates (ERs) were calculated. ERs 
were used to establish the level of noise present in each library that had 
to be confidently exceeded to allow an MRD call to be made. To calcu-
late background library ERs, the number of UMI-supported alternate 
observations (deep alternate observations (DAOs)) were tallied across 
the assay’s region of interest for each trinucleotide context (TNC) and 
for each possible alternate position based on the plus strand of the 
reference sequence. The ER corresponding to each TNC alternate was 
calculated as DAO/DDP (where DDP is the deep UMI-corrected depth 
across a TNC alternate). To measure only PCR and sequencing error, a 
position in the region of interest was not included in the TNC ER calcu-
lation if the VAF at that position for a particular alternate was >1% (on 
the basis that this could represent a clonal haematopoiesis-associated 
mutation or a SNP).

A mapping of tumour-observed variants and their accompanied 
TNC ERs was generated. Any tumour-observed variant with a corre-
sponding TNC ER upper confidence interval that was above 0.01% 
was filtered from the MRD calling algorithm. PAM clustering was 
used to generate four ‘D-groups’ of TNC ERs from qualified TNCs. The 
population-weighted average TNC ER was calculated for each of the 
four D-groups based on the product of the TNC ERs included in each 
D-group cluster and the total DDP for each TNC. The generation of four 
D-groups ensured that there was sufficient intralibrary DDP coverage 
of each D-group to make precise estimations regarding ERs for variants 
within each group.

To determine whether ctDNA was present in the sample, the total 
observed DAOs summed across tumour specific positions remaining 

after filters were compared to the number of DAOs that were expected 
due to background ERs as dictated by the D-groups. A one-tailed exact 
Poisson test was applied where the total remaining observed DAOs 
served as the value being tested and the expected number of DAOs due 
to error served as the lambda of the Poisson distribution. If the resulting 
P value of the test was below a prespecified alpha threshold set to 0.01, 
then the sample was classified as MRD positive. The Supplementary 
Note contains details regarding how the prespecified alpha threshold 
of 0.01 used in these analyses was generated.

To investigate whether a single mutation targeted by a panel was 
present, we used the specific trinucleotide ER corresponding to the 
mutation of interest and a one-tail Poisson test to assess whether the 
number of DAOs across the mutation of interest was above expected 
background ER. If the number of DAOs was higher than expected 
background error using an alpha threshold of 0.01, then a variant was 
deemed to be confidently detected. Supplementary Tables 13 and 17 
contain sample- and variant-level outputs of the MRD caller pipeline.

Estimating the effect of panel size on MDAF
We estimated the minimally detectable allele fraction (MDAF) for total 
ctDNA to estimate our ctDNA sensitivity in each TRACERx plasma sam-
ple. We estimated the number of observed consensus mutant reads 
that would be required to produce a ctDNA-positive call at a thresh-
old of P < 0.01, given the total background noise estimated across all 
mutations considered. To assess the effect of the number of mutations 
tracked on our ctDNA sensitivity, we randomly subsampled 1, 2, 5, 10, 
20, 50, 75, 100 and 150 mutations for each of our 200 mutation panels 
and assessed the MDAF. The median MDAF for samples with 20 ng to 
30 ng using 50 mutations (0.008%) was very similar to the sensitivity 
estimated using our in vitro validation data (>90% sensitivity at 0.01% 
allele fraction).

Data inputs for ECLIPSE
For each mutation, ECLIPSE requires mutation identifiers (chromo-
some, position, reference allele, alternative allele), a sample identi-
fier, the number of supporting reads, sequencing depth, estimated 
background ER, clone identifier, a binary call for whether the mutation 
is clonal or subclonal, mutation multiplicity, total copy number at the 
mutated locus in tumour cells, total copy number at the mutated locus 
in non-tumour cells (default = 2). ECLIPSE also takes several optional 
inputs, including variants to be filtered for clone and tumour pres-
ence calls due to high background error, variants that should be fil-
tered from all analysis for a specific sample and a measurement for 
the maximally expected normalized standard deviation of CCF in high 
confidence clones used to identify clones with incoherent CCF distri-
butions that may represent mutation clusters that are not true clones. 
The background ER is the probability, for any given read, to observe 
the specified mutation due to sequencing error. For application of 
ECLIPSE to our TRACERx data, we estimate this using TNC-specific 
ERs at non-mutated loci in the deep targeted sequencing data (see 
the ‘MRD calling algorithm’ section). The clone identifier, clonal ver-
sus subclonal status, mutation multiplicity and total copy number in 
tumour cells can be calculated using standard copy-number extraction 
and clonal deconvolution methods (ASCAT39, Battenberg40, Pyclone41, 
DpCLust40) used for high-tumour-purity (>10%) samples—for example, 
from tissue samples—and these can then be used as estimates for these 
variables at the time of ctDNA sampling. Clonal status can be more 
accurately and comprehensively extracted from the sequencing of 
multiple high-purity samples from the same patient, as is performed 
in TRACERx, but is not essential. See the ‘Application of ECLIPSE to the 
TRACERx cfDNA data’ section for further details.

Stepwise description of ECLIPSE
VAF denoising. VAFs are denoised by subtracting the estimated back-
ground error, provided to ECLIPSE for each variant. For a description 



of estimating background error in this dataset see the ‘MRD calling 
algorithm’ section. Variants in each clone are grouped into clusters 
(via k-means clustering) with similar background error profiles, where 
the number of clustered groups is determined by the sum of the error 
estimated across all variants, so that if equally dividing the total error 
from all variants of a clone, each group would have a combined error 
of at least one mutant read. Therefore, if a clone has a total combined 
error of less than two mutant reads, only one group will be used. A 
maximum number of clusters is set to four as the default value (which 
was used for application to the TRACERx plasma sequencing data). 
The average background error of each group per variant is subtracted 
from the number of supporting reads for all variants in each group and 
divided by the sequencing depth to calculate denoised VAFs.

ctDNA tumour purity calculation. Denoised VAFs are used with 
mutation multiplicities, total copy number at the mutated locus and 
clonal versus subclonal mutation status for each mutation provided 
to ECLIPSE to calculate an estimate of ctDNA tumour purity using the 
equation shown in Extended Data Fig. 7b for each clonal mutation. The 
equation shown in Extended Data Fig. 7c is a rearrangement of that 
shown in Extended Data Fig. 7b for clonal mutations where CCF = 1. 
We take the mean of these values to provide a final estimate of ctDNA 
tumour purity per sample.

CCF calculation per mutation and subclone. For all mutations, the 
sample’s ctDNA tumour purity, denoised VAF, multiplicity and total 
copy number at the mutated locus are used in the equation shown in 
Extended Data Fig. 7c to calculate an estimate of CCF for each muta-
tion in a given plasma sample. The clone identities for each mutation 
are provided to ECLIPSE and should be calculated independently  
using standard methods, which leverage SNP coverage applicable to 
high purity samples39–41. The mean per-mutation CCF is used as a CCF  
estimate for each clone. Any CCF estimates > 1, presumed to represent 
noise, are limited to 1.

Poor-quality clone identification. Mutation clustering using standard 
methodologies is imperfect and will be fitted to the samples of higher 
purity used for cluster identification (usually matched tissue samples), 
excluding lower-purity samples that ECLIPSE is able to analyse using 
deep targeted sequencing. Erroneous clusters may not continue to track 
at similar CCFs in data from new samples. To identify such clusters, the 
distribution of ECLIPSE-calculated CCFs in each clone in a ctDNA sample 
are quantified using normalized s.d. values. The s.d. values can then be 
compared to the expected CCF distributions of high confidence clones, 
for example, clonal clusters in higher-purity plasma samples. In our data, 
we quantified the normalized s.d. of all clonal clusters in samples of 
greater than 5% purity and took the upper 95% confidence interval for this 
data calculated at 0.56. Subclonal clusters with normalized s.d. values for 
CCFs of >0.56 were considered to be of poor quality and were not con-
sidered for analysis. This identified 2.6% of clones in the TRACERx data 
as of poor quality. Expected CCF distributions will be highly dependent 
on the input data for ECLIPSE and should therefore be benchmarked on 
each dataset. A function in the ECLIPSE R package is provided to calculate 
an upper 95% CI of normalized s.d. values for CCFs in clonal clusters in 
high-purity samples, as was performed for this dataset.

Clone present calling. To determine whether each clone is present 
or absent from each sample (see the ‘High-specificity subclone detec-
tion’ section), the sum of expected background error is compared 
with the sum of the observed signal across all variants in the subclone 
with a one-sided Poisson test. Mutations with high error that should 
be excluded from these calculations can be specified.

Tumour present calling. To determine whether any tumour cells are 
present in each sample, the summed expected background error is 

compared with the summed observed signal across all variants tracked 
in the sample with a one-sided Poisson test. Mutations with high noise 
that should be excluded from these calculations can be specified.

Minimal detectable CCF estimation for each subclone. Determina-
tion of the CCF equivalent to the minimal number of supporting reads 
across all variants in a subclone that would be required for a significant 
call to be made (Poisson test, P < 0.01, see the ‘High-specificity subclone 
detection’ section).

Minimal detectable CCF estimation for an average subclone for 
each sample. Determination of the CCF equivalent to the minimal num-
ber of supporting reads across all variants in a representative subclone 
that would be required for a significant clone to be called as present 
(Poisson test, P < 0.01; see the ‘High-specificity subclone detection’ sec-
tion). The background is taken as an average of the background error in 
all subclonal mutations tracked in a given sample and is representative 
for a subclone tracked by four mutations as default, the average number 
tracked in this dataset. This value enables comparisons of minimally 
detectable CCF limits across samples.

Minimal detectable purity estimation for each sample. Determina-
tion of the purity equivalent to the minimal number of supporting reads 
across all tracked clonal variants that would be required for a significant 
tumour to be called as present (Poisson test, P < 0.01).

Testing for the absence of a complete clonal sweep for each sub-
clone. A subclone that is detected in high-purity samples used for 
mutation clustering may expand through a full clonal sweep later in the 
disease course. We would therefore expect to observe CCFs of 100%, 
indistinguishable from CCFs of clonal mutations after such an event. 
For each subclone in each sample, a Wilcoxon test is performed to 
compare the CCFs of each subclone to the CCFs of clonal mutations 
in the same sample. The resulting P value indicates whether there is 
significant evidence that the subclone is significantly below 100% CCF 
and is therefore present in only the minority of tumour cells, without 
a full clonal sweep.

Minimal detectable CCF estimates for each subclone
To quantify our limits of detection of CCF in each sample and subclone, 
ECLIPSE calculates the number of supporting reads for all mutations 
in each subclone that would be required for a positive clone detected 
call (P < 0.01 threshold) based on the number of expected background 
error reads using the qpois function in R (stats package, v.4.1.2). This 
value is then divided by the mean depth of all variants in a subclone to 
simulate a representative minimal detectable VAF for mutations in a 
given subclone and these values are input into the equation shown in 
Extended Data Fig. 7c to calculate the equivalent CCF, using an average 
of the mutation multiplicity and total copy number across all muta-
tions in the given subclone and the ctDNA purity of the sample (see the 
‘Determination of ‘tumour purity’ in plasma’ section, Supplementary 
Note). These minimally detectable CCF thresholds are highly depend-
ent on the number of variants tracked in each subclone; therefore, to 
provide a single representative and comparable value for each plasma 
sample, we also simulated the minimal detectable CCF for a subclone 
containing four mutations, which is the median number of mutations 
tracked in each subclone in this study but can be altered as an argument 
to ECLIPSE. The minimal detectable number of supporting reads in 
these four mutations was estimated using the average background 
error profile of all subclonal mutations in a given sample.

High-specificity subclone detection
A similar approach to that for high-specificity MRD detection in ctDNA 
was undertaken for detection of subclones in this study, by estimating 
the background sequencing error in a TNC-specific manner leveraging 
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non-mutated positions in the target regions of the sequencing library 
(see the ‘MRD calling’ section). These background error estimates were 
then provided to ECLIPSE. These background noise rates were multi-
plied by depth to calculate the expected number of background reads 
alternate at each mutated position. These expected background read 
counts were then summed for all variants in a clone and used as the back-
ground lambda for a Poisson test comparing the sum of the observed 
number of reads across the same mutations. A P-value threshold of 0.01 
was chosen to call a clone present to match the threshold determined 
for MRD calling with in vitro spike-in experiments and the pilot cohort 
of patients comparing post-surgery samples to relapse status.

Application of ECLIPSE to the TRACERx cfDNA data
Inputs to ECLIPSE were prepared from the TRACERx 421 cfDNA and 
exome sequencing data as follows for all analyses unless otherwise 
specified. For inputs extracted from matched tissue exome sequenc-
ing data, all available samples were used, including from relapse tissue 
where possible, although all mutations in PSP panels were derived 
from surgical excised tissue samples only. Clonal versus subclonal 
status, cluster identities and multiplicity status were extracted using 
presence and absence informed clustering as previously described31, 
which builds on the PyClone algorithm41. Total copy number in each 
tumour sample at each mutated locus was extracted as previously 
described31. Normal copy number was presumed to be two across the 
genome. For metrics calculated per sample, purity-adjusted averages 
(which were computed as the sum of the metric per sample, multiplied 
by the sample purity and divided by sum of all sample purities) were 
calculated across the whole tumour for input into ECLIPSE for multiplic-
ity and total tumour copy number. The number of variant-supporting 
reads and depth in each cfDNA sample were calculated considering 
only unique reads with at least five supporting duplicates to minimize 
background error. Trinucleotide-specific error estimates were used as 
input to the background error per variant. ‘Hard filtered’ variants (those 
excluded from all ECLIPSE analyses) were those with ‘failed filters’ of 
‘primer_abundance_filter’, ‘primer_strand_bias’, ‘sequence_strand_bias’, 
‘dro_cutoff’ and ‘dao_imbalance’. Moreover, ‘MRD filtered’ variants 
were those with ‘failed filters’ ‘tnc_error_rate’ where the background 
error was considered to be too high for inclusion in estimates of MRD 
(see the ‘MRD calling algorithm’ section) and were also excluded for 
estimates for clone presence or absence in ECLIPSE (see the ‘Steps of 
ECLIPSE’ section).

Validation of ECLIPSE CCFs versus tissue exome M-seq CCFs
To compare ECLIPSE-estimated CCFs to those estimated using validated 
methods applied to tissue sequencing data at a matched timepoint, we 
compared purity adjusted averages (see the ‘Application of ECLIPSE to 
the TRACERx cfDNA data’ section) of CCFs calculated using surgically 
excised tumour tissue for each subclonal cluster31, a benchmarked 
variant of PyClone41 to subclonal CCFs estimated in ECLIPSE (Extended 
Data Fig. 9a). The analysis was performed on high-subclone-sensitivity 
preoperative samples, which are defined as those with at least 0.1% 
clonal ctDNA levels. These were samples with an estimated minimally 
detectable CCF of at least 20% (see the power analysis in Extended Data 
Fig. 8a) comprising 61% of ctDNA positive preoperative samples from 67 
patients. Although a formal method for CCF estimation in deep targeted 
sequencing data has not been previously published for comparison, 
we compared ECLIPSE to a VAF-only method for CCF estimation. In this 
method, which is naive to copy-number status, the mean VAF of each 
subclonal cluster is divided by the mean VAF of the clonal cluster in each 
sample (Extended Data Fig. 9b). This caused a consistent underestima-
tion of CCF relative to estimates from tissue exome sequencing, driven 
by the higher average multiplicity of clonal mutations compared to 
subclonal mutations, which more commonly occur before large scale 
copy-number amplifications (for example, WGD), increasing mutation 
multiplicities of mutations that have already been accrued.

Validation of subclone detection rates using our data and 
ECLIPSE
To further investigate the sensitivity of subclone detection at different 
frequencies using ECLIPSE, we analysed data generated using in vitro 
spike-in experiments described in Extended Data Fig. 2. To gener-
ate these data, different mutation allele fractions were spiked into 
wild-type DNA and different total DNA amounts were inputted into our 
AMP PCR NGS assay, including 12 replicates for each spike-in mutation 
fraction and input amount combination. In total, this comprised 398 
spike-in samples, each with 50 spiked in mutations, that were then 
subject to our AMP PCR NGS pipeline, identical to that applied to our 
plasma-derived cell free DNA samples. We subsampled mutations from 
each of these spike-in experiments in silico to represent subclones with 
1, 2, 4, 10 and 20 mutations (a median of 4 mutations were tracked per 
subclone in our TRACERx ctDNA panels). Each of these subclones was 
combined in silico with data from spike-in mutations at higher mutant 
allele fractions to represent clonal mutations. This enabled us to con-
struct in silico subclones with various CCFs (determined by the ratio 
of spiked in mutant allele fraction of the subclonal mutations to the 
spiked in mutant allele fraction of the clonal mutations), across various 
clonal ctDNA levels (the spiked in mutant allele fraction of the clonal 
mutations) across a range of total DNA inputs to the assay. Although 
these data derive from mixing mutations together from different 
experiments in silico, the concentrations of DNA are known from 
ground truth; thus, these mixtures provide a deeper level of validation, 
controlling for various sources of noise in the assay and providing 
technical replicates. In total, we constructed 76,263 subclones from 
these data that varied in CCF, clonal ctDNA level, number of mutations 
per subclone and assay DNA input amount. We ran these data through 
ECLIPSE using background noise estimates from the same libraries 
to determine how the rate of subclone detection varies with these 
four parameters. We focused on the lower DNA inputs (≤10 ng) as 
the greatest variety of allele fractions were spiked in for these inputs, 
enabling construction of a wider range of CCFs, and these samples 
represented the most challenging scenarios for subclone detection. 
We calculated the fraction of subclones detected for each experimen-
tal replicate at each specified clonal ctDNA level and at each CCF. We 
then used the resulting distribution of detection rates across experi-
mental replicates, for each clonal ctDNA level and CCF, to calculate  
95% CIs.

Clonal illusion analyses
For analysis of clonal illusion, we reran ECLIPSE for each TRACERx 
patient considering only data from a single randomly selected tumour 
sample to simulate a clinical biopsy, including multiplicity and total 
copy-number estimates. The clonal status of each mutation was recal-
culated using a 90% CCF threshold in the selected region and only 
mutation-specific, rather than clone-specific, estimates of CCF were 
analysed, which removed the requirement for mutation clustering 
and clone identification. To analyse clonal illusion, all mutations that 
would be considered to be clonal in the randomly selected region were 
split by their clonal status when considering all TRACERx regions. 
Such mutations were therefore either truly clonal in all regions (labelled 
clonal) or were in fact subclonal when other tumour regions were 
considered and therefore harboured clonal illusion in the randomly 
selected region. ECLIPSE estimates (using only data from the randomly 
selected region as described) were then displayed for these two muta-
tion groups in Fig. 4a. To determine sensitivity and specificity using 
ROC analysis of clonal illusion detection, all apparently clonal muta-
tions (>90% CCF) in the randomly selected region were used with the 
ROCIT R package (v.2.1.1) with scores inputted as the mutation-specific 
single-region ECLIPSE CCF estimates and final classes considered as 
the clonal or clonal illusion status leveraging all tumour regions in  
TRACERx.



Longitudinal depictions of clonal evolution in cfDNA and tissue
Representations of clonal evolution over time were depicted using the 
ECLIPSE plasma CCFs per subclone, the subclonal CCFs in matched tis-
sue samples extracted either at surgery and the phylogenetic subclone 
relationships calculated from tissue multiregional exome sequencing 
as described previously31. ECLIPSE plasma subclone dynamics were 
plotted using modified code from the fishPlot R package (v.0.5)42 and 
clonal structure of tissue samples was plotted using an R package 
developed in-house called cloneMap (v.1.0)43 distributed on GitHub 
(https://github.com/amf71/cloneMap). Only clones with at least one 
cfDNA-tracked mutation that was not hard filtered (see the ‘Applica-
tion of ECLIPSE to the TRACERx cfDNA data’ section) in all samples 
were shown in the ctDNA and tissue clonality representations and the 
phylogenetic trees. Clonal dynamics in cfDNA were represented by 
ctDNA purity for each clone, which was calculated by multiplying the 
CCF of each clone by the ctDNA tumour purity of each cfDNA sample, 
therefore presenting the proportion of cfDNA-derived cells (includ-
ing normal haematopoietic cells) that belong to a specific subclone. 
In total, 44 patients who relapsed from their disease excised at initial 
surgery and for whom phylogenetic trees were available from tissue 
exome sequencing were depicted in Fig. 5 and Supplementary Fig. 1. 
The CCF of a parent clone was maximally limited to the sum of the CCFs 
of its daughter subclones. In Fig. 5c, CCFs, rather than ctDNA purities, 
are plotted for each clone, as the purity/ctDNA fraction in this patient 
varied over several orders of magnitude. Sample purities are depicted 
in this case as grey circles below the CCFs.

Definition and detection of clonal sweeps at relapse
Subclones undergoing a clonal sweep were those that expanded after 
surgery, when they were first detected in tissue WES, increasing to 100% 
CCF, that is, such previously subclonal mutations were now estimated 
to be present in every tumour cell and parallel subclonal lineages were 
estimated to have been extinguished. To call instances of a clonal sweep, 
ECLIPSE performs a Wilcoxon test comparing the CCF of all mutations 
in a given subclone to the clonal mutation in each sample. The result-
ing P value indicates the probability that the subclone has undergone 
a clonal sweep with a null hypothesis of a clonal sweep being present. 
We considered a clonal sweep present when this P value was greater 
than 0.05 and absolute mean subclone CCF was at least 90%. For each 
patient, the latest possible timepoint with high subclone sensitivity 
(that is, a clonal ctDNA level of at least 0.1%) was used to determine 
clonal sweeps at relapse. To estimate how these clonal sweeps at relapse 
modified the tumour trunk, we added all mutations and neoantigen in 
relapse clonal sweep subclones (including those clustered together in 
exome sequencing but not tracked in cfDNA) to the clonal mutations 
for re-estimation of clonal tumour mutational burden and clonal neo-
antigen burden at relapse. All subclones tracked by PSPs, including 
those that may have been specific to surgically excised lymph nodes or 
ipsilateral intrapulmonary metastases, were included in this analysis.

Determination of phylogenetic metastatic dissemination class 
at relapse
Phylogenetic metastatic dissemination classes at relapse were deter-
mined separately using either relapse tissue or post-operative cfDNA 
for each patient with relapse in this study, where relapse tissue and/or 
a high-subclone-sensitivity postoperative sample (>0.1% clonal ctDNA 
level) was available. Our companion article31 has focused on metastatic 
disseminations estimated from primary tumour tissue including dis-
seminations detected at surgery to local lymph nodes (also excised 
at initial surgery). Metastatic dissemination to excised local lymph 
nodes cannot be estimated in cfDNA alone, as preoperative ctDNA may 
derive from either metastatic lymph nodes or the primary tumour. For 
tissue-based metastatic dissemination calls at relapse, relapse seeding 
primary tumour subclones from Al Bakir et al.31 that were tracked by 

PSPs were considered. These clones were used to determine whether 
a single clone or multiple primary tumour clones seeded the tissue 
relapse (monoclonal and polyclonal dissemination, respectively). 
Using the phylogenetic tree in polyclonal cases, we also determined 
whether clones were directly descended from one-another in the 
same clade (polyclonal monophyletic) or whether there is branching 
between the disseminating clones into different clades (polyclonal 
polyphyletic). For metastatic dissemination calls at relapse based on 
post-operative cfDNA, the number of relapse seeding clones was deter-
mined de novo without reference to the relapse tissue samples. If all 
primary tumour subclones detected in postoperative ctDNA were direct 
descendants in the phylogenetic tree and were present at 100% CCF, 
the relapse was considered to be monoclonal. If any primary tumour 
subclone was present at significantly less than 100% (using a Wilcoxon 
test comparing clonal cluster CCFs with each CCFs in each subclonal 
cluster, P < 0.05, and also requiring a mean subclone CCF < 90%), then 
the metastatic dissemination at relapse was considered to be poly-
clonal. In polyclonal cases, if the subclones present at relapse were 
direct descendants of one-another, the metastatic dissemination at 
relapse was considered to be polyclonal monophyletic and, if they were 
branched into separate clades, they were considered to be polyclonal 
polyphyletic. Metastasis-unique subclones tracked by PSPs in surgi-
cally excised lymph nodes or intrapulmonary metastases that were 
also present at relapse were not considered when defining primary 
tumour to relapse metastatic dissemination patterns, as they represent 
metastasis-to-metastasis seeding rather than primary-to-metastasis 
seeding. For example, CRUK0620 is determined to have a monoclonal 
metastatic dissemination pattern at relapse, despite having multiple 
subclones and branches present in post-operative ctDNA, as only one 
of those subclones (subclone D on the phylogenetic tree) is present 
in the primary tumour and other ctDNA relapse clones were detected 
only within surgically excised metastases (an ipsilateral intrapulmonary 
metastasis and several lymph nodes). This definition of metastatic dis-
semination as primary to metastasis dissemination, rather than surgi-
cally excised tumour to recurrence dissemination, is consistent with 
our companion article and many analyses in the literature44. We did not 
find a significant difference between the number of tracked mutations 
in post-operative plasma subclones that were detected compared with 
those that were undetected (Wilcoxon test P = 0.13, median number of 
variants tracked = 4 in both cases) suggesting power of detection did 
not strongly influence which clones were detected in relapse cfDNA.

Quantifying chromosomal instability in CRUK0050
At the last plasma sample timepoint in CRUK0050, a multimodal  
distribution of clonal mutation VAFs was observed (Fig. 5d) where each 
mode represented a set of mutations with a similar average multiplic-
ity across the tumour. To assign each clonal mutation to a VAF cluster, 
the mclustBIC and then Mclust functions from the mclust package 
(v.5.4.7) were used. In this case, four VAF clusters were identified. The 
mutations in the lowest VAF cluster had an average VAF of 1.2% and 
mutations in the second lowest VAF cluster had an average VAF of 12.1%. 
If the lowest cluster represented mutations with a multiplicity of 1, the 
large majority of mutations in the remaining three clusters would there-
fore be presented at very high multiplicities (>10) given their >10-fold 
higher average VAF, which would represent a biologically implausible 
amount of allele duplication across the genome, equivalent to five 
compounded WGD events. A more plausible explanation of these data 
is that the lowest cluster represents mutations with a multiplicity of 0 
in a new subclonal population that has expanded at the final timepoint 
to a CCF > 80%. Consistent with this, the mutations in the lowest VAF 
cluster were present at very similar VAFs in the previous plasma sample 
timepoint, consistent with the notion that these mutations remained 
only in those same tumour cells at the final timepoint, but not in the 
expanded subpopulation. The second lowest VAF cluster also contained 
100% of the mutations that were associated with a multiplicity of 1 in 

https://github.com/amf71/cloneMap
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the tumour tissue WES data. We therefore assigned the second lowest 
VAF cluster a multiplicity of 1, the second highest cluster (average VAF 
of 25%) a multiplicity of 2 and the highest VAF mutation (KRAS G12 vari-
ant, VAF = 84%) a multiplicity > 2. These mutation multiplicities were 
compared to the integer multiplicity estimates in surgically excised 
tissue WES to determine which mutations had undergone a change in 
copy number, which was the case for 59 out of 130 clonal mutations.

Designing AMP–MRD enrichment panels
Tumour-informed personalized AMP–MRD enrichment panels were 
designed for 197 TRACERx patients. A median of 50 variants per panel 
(range 0 to 50) were chosen using the ArcherDx panel design algorithm 
(v.0.1) and a median of 150 variants (range, 34 to 153) were chosen using 
variants selected from TRACERx multiregion exome sequencing data 
derived from early-stage NSCLC resections (including primary tumour, 
lymph node metastases or ipsilateral intrapulmonary metastasis if 
applicable). Owing to alterations in our TRACERx exome sequencing 
pipeline between panel design (2019 to 2020) and final analysis, a small 
fraction of mutations (3%) targeted by PSPs was no longer called with 
high confidence in tissue exome sequencing data. These mutations 
were included in MRD analyses (to align with the originally intended 
analysis approach plus prevent any possible bias conferred by manu-
ally removing these variants from consideration by the MRD caller) but 
were excluded from analyses of clonal structure. For Archer variant 
selection, WES sequencing data from the highest purity tumour region 
and from the paired germline DNA were used.

The algorithm then determined which variants can be targeted 
using an ArcherDX AMP panel and, from this set of variants, the 50 
most informative mutations were targeted on the basis of the following 
criteria: the quality of the primers targeting the variant (to ensure high 
sequencing coverage of the target variant), predicted ER for the vari-
ant in error corrected bins and mappability. The predicted ER for each 
variant is based on an analysis of AMP cfDNA libraries sequenced on a 
NovaSeq instrument. This ER analysis was performed by running tar-
geted variant calling on every possible single-nucleotide variant (SNV) 
in a set of Archer LiquidPlex cfDNA libraries. The TRACERx variants 
were selected from variants called in surgically excised tumour samples 
using the TRACERx WES pipeline2. SNVs were ranked based on their (1) 
driver designation, (2) TNC as described above, (3) mean mutation allele 
count. All SNVs were categorized as neoantigen, clonal or subclonal. 
Up to 50 variants were picked from each category. Neoantigens were 
additionally ranked by binding affinity45. Subclonal mutations were 
picked to represent all phylogenetic mutation clusters, picking up an 
equal number of mutations from each cluster when possible, up to a 
total of 50 maximum. Finally, 50 clonal variants were picked. If the sum 
of subclonal and neoantigen mutations was less than 100, the difference 
was picked from the list of clonal mutations.

Each personalized enrichment panel also contained 90 primers tar-
geting 45 common SNPs. During analyses, the zygosity of these SNPs 
in a cfDNA library is compared to their zygosity in the whole-exome 
sequencing data for that patient to confirm that a sample swap did 
not occur. In addition, the coverage provided by these primers helps 
in establishing the background PCR and sequencing ER for a library. 
These 45 SNPs were chosen based on being present in each Gnomad 
subpopulation at a frequency of 25–75% to maximize use in detecting 
sample swaps.

ArcherDX variant choosing and panel design deviated from the stand-
ard workflow in two cases. In the case of the pilot sample CRUK0297, 
the tumour and non-tumour samples used in design were not properly 
matched and rare germline variants appeared to be tumour specific 
as a result. The ArcherDX variant choices in this panel included many 
germline variants. For this reason, the cfDNA libraries for CRUK0297 
underwent manual blanking of the germline targeted variants to facil-
itate the use of these samples in the pilot patient analyses. All sub-
sequent ArcherDX panel designs included a quality-control step to 

confirm that the common population polymorphisms in the tumour 
and non-tumour samples matched. The second case in which panel 
design deviated from the standard ArcherDX workflow occurred in the 
design of CRUK0296. The variant call data for a tumour–normal tissue 
pair could not be obtained in the standard format for this patient. In 
this case, the standard variant caller could not produce a result so the 
variant caller VarDict46 was used and data were not available for the 
non-tumour sample in the standard format. As a result, two germline 
variants (chr6:31118898:A:T and chr16:70928307:C:A) were targeted. 
These two variants were removed from consideration in making the 
MRD call automatically by the Outlier Filter in every library prepared 
with this panel (see the ‘Library-specific MRD calling’ section above) 
but were kept in all analyses and not manually blanked. Two patients 
lacked Archer-picked variants (CRUK0157 and CRUK0227)—CRUK0157 
as the exome data could not be processed by the Archer variant picking 
pipeline and CRUK0227 owing to an error during PSP primer ordering.

Neoantigen pipeline
HLAHD was used to determine the patient-specific HLA composition. 
9–11mer peptides containing non-synonymous mutations coupled 
with patient-specific HLA were used as input to NetMHCPan4.1. A 
Rnk_EL < 0.5 was used to determine strong binder peptides.

Analytical validation experiments
For experiment LOD1, 634 samples of fragmented DNA with a known 
SNP profile (Genome in a Bottle DNA, NA24385) were added to a back-
ground of four other fragmented Genome in a Bottle inputs (NA24149, 
NA24631, NA24694 and NA24695). Six AMP enrichment panels were 
generated targeting 50 SNPs that were heterozygous in NA24385 and 
absent from the other four cell lines. To generate contrived samples, 
NA24385 DNA was spiked into a background of the other four samples 
at ratios of 0.006% to 0.2% by mass to target VAFs ranging from 0.003% 
to 0.1% allele fraction (AF), as heterozygous variants are present at 
50% in the neat NA24538. As part of the same dilution series, admix-
tures with target allele frequencies of 1%, 5% and 10% were made. These  
mixtures were used as input for AMP library preparation to confirm 
that mixing based on mass achieved the desired target allele levels. 
The spike-in variant level was measured in these higher AF libraries by 
adding the number of deep alternate reads across the targeted SNPs and 
dividing by the total coverage of all deep reads across targeted SNPs. 
This analysis confirmed that the spike-ins achieved the targeted AFs. 
Fragmented DNA inputs from 2 ng to 80 ng were used in the experi-
ment to reflect the range of DNA inputs encountered in a clinical set-
ting. Overall, 559 out of 634 samples were deemed to be evaluable for 
LOD1 analysis (62 samples failed because of incorrect DNA input used, 
determined by on-target read per primer per ng input of <30 or >400; 
8 samples failed because they had less than 10 million reads; and 5 
samples failed due to potential duplicate libraries). Clinical samples 
were used in validation of AMP MRD (LOD2) and were prepared using 
a similar method to the Genome in a Bottle mixtures. Whole-exome 
sequencing data from four patients were used to design patient-specific 
panels with the ArcherDx panel design algorithm containing 50 SNVs. 
The panels were used to prepare libraries using cfDNA from each patient 
and the overall tumour variant AF for each sample was calculated by 
adding the total number of deep unique reads containing a targeted 
tumour-specific variant and dividing by the sum of the deep unique 
coverage across all targeted tumour variants. All four patient cfDNA 
libraries had a total AF of >1%. A single mixture was made using cfDNA 
from healthy donors and was used to dilute the patient cfDNA. These 
dilutions were performed as a serial dilution. First a dilution was made 
targeting a 1% total AF and libraries were prepared using this mixture. 
The total AF was measured for this sample and a dilution correction 
factor was calculated to account for differences in conversion efficiency 
between the background cfDNA. For example, if a 1% AF was targeted 
and an AF of 1.3% was observed then this would indicate that the patient 



cfDNA is more efficiently converted to library than the background 
and more background DNA would need to be used. Mixtures were 
then made to achieve AFs of 0.1%, 0.05%, 0.01%, 0.008% and 0.005%. 
A total of 100 libraries were prepared at 5 AFs and 3 input masses. In 
total, 48 blank samples (DNA donated from 24 healthy donors) were 
analysed to assess assay specificity. Panel-observed AF values were 
calculated by taking the number of deep alternate reads noted across 
the AMP panel, removing estimated background error and dividing 
by deep depth across the panel. For experiment LOD3, an AMP PSP 
was generated targeting 300 heterozygous SNPs in Genome in a Bot-
tle product HG002. HG002 was diluted into a background mixture of 
HG003, HG005, HG006 and HG007 at multiple dilution levels such that 
heterozygous variants located in HG002 were present at final AFs of 
0%, 0.003%, 0.005%, 0.006%, 0.01%, 0.03% and 0.05% and 0.1%. Using 
stocks of these contrived input materials, 10 ng was input into library 
preparation. Two libraries were prepared at AFs from 0% to 0.05% and 
a single library was prepared at 0.1% AF using the 300-variant AMP 
panel. In silico subsampling was performed on the 15 libraries. Nine in 
silico panels were generated for each library (3 targeting 200 variants, 
3 targeting 100 variants and 3 targeting 50 variants) and MRD caller 
results evaluated alongside the 300-variant PSP result (overall 150 
results were generated from the 15 libraries). For assay sensitivities 
at specific spike-in categories, Clopper–Pearson binomial two-sided 
95% CIs were calculated in Extended Data Fig. 2e,f using the R package 
DescTools (v.0.99.44)47 and the function BinomCI.

Simulation analysis to assess specificity
The trinucleotide context of tumour-specific SNVs within each TRACERx  
AMP-MRD pilot cohort panel was assessed. On the basis of these data, 
mock tumour signatures (genomic positions covered by the enrichment 
primers with positions of similar expected ERs of the targeted SNVs) 
were generated. A mock variant was added to a mock signature if the 
following criteria were met: it is bidirectionally covered by primers 
intended for MRD detection; it contained the same TNC-group ER as 
the true MRD variant that it is replacing; it was not a known popula-
tion SNP variant as dictated by Ensemble’s Variant Effect Predictor 
v.94.5; had a error-corrected coverage delta of no more than 2,000 
compared with the true MRD variant; and was not used within any 
other mock tumour signature, including itself. Thus, the resulting 
mock signatures targeted bases that are not mutated in the primary 
tumour and any positive MRD call from these mock signatures was by 
default a false positive. In total, 3,157 mock signatures across 91 pilot 
cfDNA libraries were examined for MRD-positive calls A simulated 
ctDNA level was estimated for each sample by taking the number of 
deep alternate reads noted across the mock signature, removing esti-
mated background error and dividing by deep depth across the mock 
signature. Data from this simulation are provided in Supplementary  
Table 18.

Digital droplet PCR orthogonal validation
Digital droplet polymerase chain reaction (ddPCR) orthogonal analyses 
were performed in 30 preoperative plasma samples from TRACERx  
patients who also had preoperative plasma analysed by the AMP 
personalized tumour informed approach and 8 negative controls 
(preoperative plasma from patients diagnosed postoperatively with 
non-malignant disease). TRACERx patients were selected as having 
clonal driver mutations that could be targeted by a single ddPCR assay. 
Clonal driver mutations targeted included KRAS G12R, G12D, G12V, G12S, 
G12A, G12C and EGFR L858R. The ddPCR assays used were SAGAsafe 
assays (SAGA diagnostics) and had been designed and developed on 
the BioRad QX200 Droplet Digital PCR system. ddPCR analyses were 
performed at SAGA, SAGA received plasma (median 4.8 mls; range, 
2.5–5.2 mls). cfDNA was extracted using the QiaAMP MinElute ccfDNA 
Midi Kit (Qiagen). cfDNA was eluted in 40 µl of buffer EB. The entirety 
of cfDNA material was input in each case and ddPCR analyses were run 

in four replicate reaction wells per sample. All eight negative controls 
(each assay tested once, KRAS G12A tested twice) exhibited no mutant 
droplets detectable in control cfDNA; Supplementary Table 4).

Transcriptional data analyses
Gene-level transcription analysis was performed using edgeR 
(v.3.36.0)48 and limma (v.3.50.3)49. The analysis included 101 tumour 
regions sampled from 34 patients positive for ctDNA and 62 tumour 
regions sampled from 28 patients with the biological ctDNA low-shedder 
classification. The analysis took into account 18,876 protein-coding 
genes based on the HGNC database, retrieved on 4 March 2022. Genes 
with insufficient expression levels (count < 30) were filtered out and 
effective library sizes were calculated using the trimmed mean of M 
values method. Count data were then transformed to log2[counts per 
million] (log[CPM]). Before linear modelling, a weight per observation 
was calculated on the basis of the association between mean and vari-
ance. To take into account the association between tumour regions 
within patients, a per-patient consensus correlation was computed. 
On the basis of the logCPM table, the within-patient correlations and 
the ctDNA detection status, a linear model was fitted. A contrast matrix 
comparing ctDNA positives and biological ctDNA low-shedders was 
constructed alongside with the associated coefficients and standard 
errors, and the empirical Bayes method (eBayes function from limma, 
v.3.50.3)49 was used to calculate the moderated t-statistics of differ-
ential expression. The resulting gene-level, two-tailed P values were 
adjusted for multiple testing using the Benjamini–Hochberg (FDR) 
method. Genes were noted as significantly differentially enriched if 
their adjusted P value was below 0.05.

The set of significantly overexpressed genes per detection category 
(n = 876 for ctDNA positives, n = 883 for biological ctDNA low-shedders) 
was used to calculate Reactome pathway enrichment (ReactomePA, 
v.1.38.0)50. The resulting P values were FDR-corrected and an adjusted 
P value cut-off of 0.05 was used.

Moreover, pathway enrichment with respect to the Hallmark gene 
sets from the msigDB database was investigated. Pathway enrich-
ment analysis was performed on log[CPM] data including 17,815 
protein-coding genes using Gene Set Variation Analysis (GSVA, 
v.1.42.0)19. The fold change of GSVA enrichment scores comparing 101 
tumour regions from 34 ctDNA positives and 62 tumour regions from 
28 biological ctDNA low-shedders was calculated using the estimated 
marginal means (rstatix, v.0.7.1)51 method, using a linear mixed-effects 
(lmerTest, v.3.1-3)52 model to take into account the patient–tumour 
region associations, treating detection status as a fixed effect and 
patient ID as a random effect. The resulting pathway-level P values 
were FDR-corrected for multiple testing.

Mutation analyses
Driver mutations in 181 genes from 70 patients positive for ctDNA or 
with the biological ctDNA low-shedder classification (39 ctDNA posi-
tive, 31 biological ctDNA low-shedder) were included in the analysis. 
Clonality was determined based on part of the TRACERx WES pipeline. 
If a patient carried multiple mutations in the same gene with differing 
clonality, the clonal state was kept. In the gene-level analysis, the top 
14 frequently mutated genes were considered. Genes were assigned to 
pathways as described previously53. A Fisher’s exact test was conducted 
in a two-tailed manner to compare the number of patients positive for 
ctDNA and patients with the ctDNA low-shedder classification carrying 
alterations in the frequently mutated genes. The resulting P values were 
corrected using the FDR method.

Chromosomal instability analyses
Copy-number data, including allele-specific copy numbers and purity 
estimates, were derived from the TRACERx WES pipeline and were 
available for 245 tumour and lymph node regions collected from 63 
patients positive for ctDNA or with the biological ctDNA low-shedder 
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classification (166 regions from 35 ctDNA positive and 79 regions 
from 28 ctDNA negative). Cytoband analysis was conducted using 
GISTIC (v.2.0)24, which takes one sample per patient as input. To inves-
tigate genomic regions of recurrent gains and losses, we constructed  
the single-sample copy-number profile for each tumour by selecting the 
maximum (for gains) or minimum (for losses) ploidy-corrected total 
copy number per segment across the genome. A GSD of 0.5 was used as a 
threshold for significance cut-off. Cytobands were overlapped with out-
put from GISTIC2.0 to get a mean GISTIC score for each cytoband. FLOH 
and wGII were analysed at the region level (548 tumour and lymph node 
regions from 137 patients, 166 regions from 35 ctDNA-positive adeno-
carcinomas, 79 regions from 28 biological low-shedder adenocarcino-
mas and 303 regions from 74 non-adenocarcinomas). Comparing the 
chromosomal instability metrics between ctDNA positive and biologi-
cal ctDNA low-shedder adenocarcinomas and non-adenocarcinomas 
was performed using a linear mixed model, taking into account the 
within-sample associations. Pairwise comparisons were made using 
the estimated marginal means method and P values were FDR-adjusted. 
Tumour regions were considered to be WGD if the fraction of the 
genome with major allele ≥ copy number 2 was greater than 50%, as 
described previously54. Tumours were considered to have WGD if any 
single region had a WGD event. WGD data were available for 63 patients 
with lung adenocarcinoma (28 biological ctDNA low-shedder, 35 ctDNA 
positive).

Purity analysis
Using 245 regions from 63 patients (166 regions from 35 ctDNA positive 
and 79 regions from 28 ctDNA negative), we performed an estimated 
marginal means analysis incorporating a linear mixed model approach 
to account for the within-sample associations. The analysis compared 
ctDNA positive with biological ctDNA low-shedder samples.

ORACLE analysis
ORACLE scores were calculated by using a previously described 
method21, including 196 tumour and lymph node regions from 77 patients 
positive for ctDNA or in the ctDNA low-shedder category (109 regions 
from 35 ctDNA positive, 87 regions from 42 ctDNA low-shedder). Pair-
wise comparisons between the ctDNA shedder and ctDNA low-shedder 
samples were made using the estimated marginal means method with 
a linear mixed-effects model to account for the within-patient associa-
tions between tumour regions.

Volume adjustment
Biological low-shedder samples were excluded from the volume- 
adjusted analysis if their size fell in the lowest quartile size range 
(<6,042.544 mm3). Transcriptomic and GISTIC analyses were repeated 
using the volume-adjusted dataset as described above. Taking into 
account the significantly overexpressed genes and significant 
cytobands in both datasets, Venn diagrams were constructed for  
comparison and the Jaccard Similarity Index was calculated to assess 
the statistical significance of the overlap. The similarity coefficient 
calculations were performed using the jaccard R package (v.0.1.0)55, and 
the corresponding P values were computed using the exact method. 
Venn diagram visualizations were created using eulerr (v.6.1.1)56 and 
ggplotify (v.0.1.0)57.

Clonal mutation ctDNA levels
Mutations that were defined as clonal, either by PyClone clustering 
as described in our companion manuscript28, or (in the absence of 
PyClone data) that were present in every primary tumour tissue region 
analysed (ITH state = 1), and that were unfiltered by the MRD caller, were 
used in clonal mutation ctDNA-level estimations. For each mutation, 
the MRD caller estimated the trinucleotide ER associated with that 
mutation and the coverage of that mutation was used to estimate the 
number of expected error-controlled reads we would observe due to 

error. Clonal mutation ctDNA level was then summarized as the total 
number of error-corrected reads across selected mutations, minus the 
expected error across these positions (rounded down to the nearest 
whole integer) divided by total clonal deep coverage. If the clonal ctDNA 
level was <0% (where background error was higher than observed vari-
ant DNA signal), it was assigned 0%. In two ctDNA-positive samples, 
clonal ctDNA levels were measured at 0% due to mutations driving 
ctDNA-positive status not being assigned a clonal status by the TRACERx  
pipeline (CRUK0296 sample 144717 and CRUK0039 sample 117025).

Identifying probable technical negative and low-shedding 
adenocarcinomas
We generated a linear regression model (using the stats R package, 
function lm) where log10-transformed tumour volume and histol-
ogy was used to predict log10-transformed clonal ctDNA level in 96 
ctDNA-positive non-pilot NSCLCs analysed in this cohort. We used this 
model to predict clonal ctDNA levels in 47 evaluable adenocarcinomas 
negative for ctDNA. We tested the ability of this model to predict clonal 
mutation levels in eight independent ctDNA positive adenocarcino-
mas with volume data available analysed in our previous work using 
a separate assay7. In this test set, 6 out of 8 (75%) adenocarcinomas 
evaluated had mean clonal mutation levels above the lower 95% CI of the 
model estimation. We calculated the minimal detectable clonal ctDNA 
level (MDCL) in the 47 ctDNA-negative adenocarcinomas by taking the 
minimum DAOs needed to make a call in patient cfDNA samples and 
subtracting the estimated deep alternate reads that would occur due 
to noise in the panel (rounded down to the nearest whole integer). 
The resulting number was the number of clonal deep alternate reads 
needed to make a ctDNA positive call (we conservatively assumed that 
all real deep alternate reads will be clonal). We divided this number by 
the clonal deep depth across the panel to calculate the minimum clonal 
ctDNA level that must be exceeded to make a call and called this value 
MDCL. Using the above linear model, we classified cases as probable 
technical negatives if the lower 95% CI for predicted clonal ctDNA level 
was below MDCL and as probable low-shedders if the lower 95% CI for 
predicted clonal ctDNA level was above MDCL.

Survival analyses
OS (events were death from any cause, outcome predefined in TRACERx  
protocol)2, FFR (events were lung cancer recurrence, patients disease- 
free or experiencing second-primary or death were right censored 
at last follow-up) and post-relapse survival (time from recurrence to 
death from any cause) analyses were performed. In total, 169 out of 187 
non-pilot cohort patients were evaluated for survival analyses shown 
in Fig. 1 and Extended Data Fig. 43 (5 patients were excluded as they 
died within 30 days of surgery—CRUK0115, 0196, 0312, 0487 and 0681; 
4 patients were excluded as they had confirmed unresected disease 
after surgery—CRUK0230, 0234, 0291 and 0387; and 9 patients with 
synchronous primaries were excluded given the emphasis on associa-
tions with tumour histology). For Extended Data Fig. 6d,e, patients with 
synchronous primaries were included in landmark survival analyses as 
tumour histology was not considered in survival analysis. R packages 
survival (v.3.2-13)58, survivalAnalysis (v.0.3.0)59 and survminer (v.0.4.9)60 
were used to generate HRs, forest plots, 2-year survival data and Cox 
regression models in the paper. Differences in OS between metastatic 
dissemination classes at relapse were analysed using Cox proportional 
hazard models from the date of study registration and from the date of 
MRD detection. A multivariable Cox proportional hazard model, includ-
ing maximum relapse ctDNA level, which is known to co-correlate with 
tumour burden and power for subclone detection, was used to account 
for this confounder relative to OS from the date of study registration.

Lead time analyses
Lead time was defined as the time from first postoperative ctDNA 
detection to radiologically confirmed clinical relapse. For lead time 



calculations, we analysed patients with NSCLC relapse and assigned 
patients without postoperative ctDNA detection or with initial detec-
tion after clinical relapse lead times of 0 days. We excluded incom-
pletely resected patients (n = 4), patients with no ctDNA sampling 
before clinical recurrence (n = 3, CRUK0516, 0557 and 0640) and 
pilot-patients (n = 5) from these analyses.

Statistical data analysis
No statistical methods were used to predetermine sample size. Analysis 
was performed in the R statistical environment (v.4.1.2)61. For input/
output operations and general data manipulations, the R packages 
tidyverse (v.1.3.2)62, data.table (v.1.14.6)63, readxl (v.1.4.1)64, fst (v.0.9.8)65 
and qusage (v.2.28.0)66–68 were used. All statistical tests were two-sided 
unless otherwise stated. For chi-squared analyses the R function chisq.
test was used and for Wilcoxon rank sum tests the R function wilcox.test 
was used. For assay performance analyses, positive predictive value was 
calculated as all true positive results divided by the sum of true-positive 
and false-positive results; negative predictive value was calculated 
as all true-negative results divided by the sum of false-negative plus 
true-negative results; sensitivity was calculated as true-positive results 
divided by the sum of true-positive and false-negative results; speci-
ficity as true negatives divided by the sum of true negatives and false 
positives. For generation of heat maps, the R package ComplexHeatmap 
(v.2.11.1)69 was used. For general visualization purposes, R packages 
ggplot2 (v.3.3.5)70, ggpubr (v.0.4)71, ggrepel (v.0.9.2)72, ggbeeswarm 
(v.0.6.0)73, scales (v.1.2.1.)74, ggforce (v.0.4.1)75 and cowplot (v.1.1.1)76 
were used. For plotting paired data, ggpubr (v.0.4)71 was used.

Reporting summary
Further information on research design is available in the Nature Port-
folio Reporting Summary linked to this article.

Data availability
The cfDNA sequencing files, RNA-seq data and multiregion tumour 
exome sequencing data (in each case from the TRACERx study) used 
or analysed during this study have been deposited at the European 
Genome–phenome Archive (EGA), hosted by The European Bioinfor-
matics Institute (EBI) and the Centre for Genomic Regulation (CRG) 
under accession codes EGAS00001006494, EGAS00001006517 and 
EGAS00001006494 and is under controlled access owing to the nature 
of the data and commercial partnership arrangements. Details on how 
to apply for access are available on the linked page.

Code availability
ECLIPSE is available as an R package to install from github (https://
github.com/amf71/ECLIPSE) which is only available for academic non-
commercial research purposes. Code used to produce the figures in 
this paper is available on request. 
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Extended Data Fig. 1 | See next page for caption.



Article
Extended Data Fig. 1 | TRACERx ctDNA cohort sequencing parameters.  
A. Stacked bar plot of patient specific panels (PSPs) designed from primary 
tumour sequencing data showing the number of clonal (dark red) and 
subclonal (light red) variants per panel. Variants lacking clonality information 
are displayed in grey (median of 3 variants per patient [1-20], these mutations 
are either no longer called by TRACERx or called by ArcherDx but not TRACERx, 
see methods). A median of 126 clonal variants (range 21 to 195) and 64 subclonal 
variants (range 0 to 174) were tracked by the PSPs. Clonality was determined by 
PyClone analyses of multi-region exome data derived from primary resections 
of NSCLC (methods), in the absence of PyClone data, variants present in all 
multi-region sequenced tumour samples were called clonal. B. Violin plot 
demonstrating the % of subclonal clusters derived from multi-region tumour 
exome data tracked by PSPs on a per patient basis. A median of 88% of the 
subclonal mutation clusters present in each patient’s multi-region exome 
derived phylogenetic tree were tracked [range 0-100]. 184 tumours with 
phylogenetic trees were included. C. Distribution of cfDNA input values for the 
cohort, median input of 23 ng, n = 1069 samples. Capping at 60 ng input was 
performed for some of the cohort explaining the peak at this value; for the 
remainder of the cohort, all cfDNA extracted was input into the assay (colours 
represent different cfDNA input categories as indicated). D. Histogram 
demonstrating the distribution of per-variant unique sequencing depth values 
across the cohort; unique depth refers to error-controlled depth achieved 
across a position targeted by a PSP (at least 5 unique molecular identifier (UMI) 

matched reads required to create a consensus error-controlled read, see 
methods). The median unique depth per-variant tracked by a PSP was 2226x 
(range 0 to 53789x, n = 201910). E. Correlation between cfDNA input (ng, Y axis) 
into the assay and the median UMI-corrected depth achieved across a PSP 
across 1069 plasma timepoints (X axis). Spearman’s R value = 0.63 and two-
sided P value < 2.2e-16. F. Association between median deduplication ratio 
achieved in a sample (Y-axis) and cfDNA input into the assay (ng, X-axis); 
duplication ratio refers to the median number of duplicate UMI-supported 
reads within a read family. Resequencing of samples where the median 
duplication ratio was less than 10 was performed where possible to maximize 
recoverable information from cfDNA samples, given that 5 UMI-supported 
reads are required to make a UMI family. 17 of 1069 evaluated cfDNA samples 
exhibited a final median deduplication ratio less than 5 (corresponds to the 
horizontal line on the plot). Colours correspond to different cfDNA input 
categories and match panel c. G-H. Boxplots demonstrating the error rates  
(%, Y axis) per each of 96 mutation trinucleotide contexts (X axis, 192 mutation 
trinucleotide contexts [TNCs] simplified to 96 reverse-complement identical 
mutation types), plots divided by transition event (G) and transversion event (H). 
Background position data from n = 1069 cell-free DNA libraries utilized to 
generate plots, variants predicted to exhibit low background error rates from 
pilot data analyses were prioritized for PSP design. Hinges correspond to first 
and third quartiles, whiskers extend to the largest/smallest value no further 
than 1.5x the interquartile range. Centre lines represent medians.
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Extended Data Fig. 2 | See next page for caption.
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Extended Data Fig. 2 | MRD calling thresholds and analytical validation. 
 A-D. Pre- and postoperative MRD caller P values (Y axis MRD caller P value, one-
sided Poisson test, see Methods) observed in pilot-phase of the project. X axis 
displays clonal ctDNA levels. A. Postoperative samples from n = 5 patients who 
did not have recurrence of their NSCLC; all n = 55 patient samples had caller  
P values in excess of P > 0.1 threshold meaning that they were deemed negative 
for ctDNA. B. Postoperative caller P values observed in n = 5 patients who had 
relapse of their NSCLC. 1 of 13 calls was made between caller P values of 0.1 and 
0.01, the remaining 12 calls were made at a caller P value less than 0.01.  
C. Preoperative ctDNA calls from pilot cohort; 7 patients had positive ctDNA in 
plasma prior to surgery, all calls were made at caller P values < 0.01. D. In-silico 
simulation analysis to assess MRD caller specificity. 3157 mock MRD panels 
were generated within the evaluable pilot patient libraries and MRD caller  
P values were assessed. At a caller P value < 0.1 threshold, 121/3157 simulated 
mock panels were ctDNA positive (in-silico specificity of 96.2%); at a caller  
P value threshold < 0.01, 22/3157 simulated mock panels were ctDNA positive  
(in-silico specificity of 99.3%). E-F. Analytical validation of 50 variant MRD 
detection panels. E. Fragmented DNA with a known single nucleotide 
polymorphism (SNP) profile was spiked into a second background of 
fragmented DNA with a different SNP profile and a patient-specific panel 
targeted 50 alternate positions present in spiked-in DNA. 559 data points were 
generated across different DNA input quantities indicated, to establish the 
limit of detection plots. The Y axis and centre of the error bars demonstrate 
sensitivity (defined as the proportion of all repeats that resulted in MRD 
detection using a caller P value of 0.01). The confidence intervals on the plot are 
Clopper-Pearson confidence intervals (95% CIs). The X axis shows the quantity 
of variant germline DNA that was spiked into each repeat expressed as a 
percentage of total DNA in that sample. F. Circulating tumour DNA samples 
with high variant allele fractions were spiked into a different cell-free DNA 
background. Variant positions in ctDNA were targeted with a 50 variant panel; 
100 data points were generated across the DNA input quantities indicated. 
Axes and error bars are the same as (E). G. Data from analyses of 48 blank 

samples donated by 24 healthy participants, caller P values are displayed.  
H. Barplots demonstrating the intended allele frequencies and the measured 
allele frequencies in the different spike-ins presented in part (E) and part (F) 
only data from variant DNA positive samples are presented. The colours of the 
barplot represent different DNA input masses as shown by the legend. The 
error bars on the plot represent the mean value of all positive spike-in samples 
+/− standard deviation of the values. Where the error bar is absent, this is 
because at this spike-in level and DNA input mass, only one positive sample was 
observed. Where the error bar led to an observed mean AF less than 0, the error 
bar was stopped at 0 for visualization purposes (the 0.05% spike-in, 2 ng input 
mass case). The horizontal dashed lines correspond to 0.1%, 0.05%, and 0.01% 
spike-in categories. Each data point is represented on the plots by a circle. 
n = 369 variant DNA positive samples displayed in LOD1 barchart, n = 93 variant 
DNA positive samples displayed in LOD2 barchart. I. Comparison between the 
content of cell-free DNA input into ddPCR reactions (yellow) and AMP PCR 
reactions (blue). Hinges correspond to first and third quartiles, whiskers 
extend to the largest/smallest value no further than 1.5x the interquartile 
range. Centre lines represent medians. Each dot on the plot represents a data 
point, lines connect paired samples from the same patient. Significantly more 
cell-free DNA was input into ddPCR reactions (paired two-sided Wilcoxon-test 
P = 0.01366). J. Orthogonal comparison between ctDNA detection based on 
AMP panels used in TRACERx and ddPCR against a single clonal variant. ddPCR 
ctDNA positive call threshold was two mutant droplets (bottom table) and one 
mutant droplet (top table). Percentage positive agreement (PPA) and 
percentage negative agreement (NPA) using ddPCR as the comparator is 
displayed in the table. Two-sided Fisher’s test P values are demonstrated under 
the cross tables. K. A 300 mutation patient-specific panel was designed and 
applied to 10 ng DNA samples containing spike-in variant levels from 0% to 
0.1%. In silico sub-sampling of the 300 mutations was performed (3 x 200 
mutation in silico panels, 3x 100 mutation in silico panels and 3x 50 mutation  
in silico panels, see methods) and sensitivities are categorized by the number 
of mutations targeted by the panel.
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Extended Data Fig. 3 | Preoperative ctDNA detection. A Flow diagram 
demonstrating different cohorts analysed in this manuscript; the top part of 
the flow diagram shows the total number of plasma samples that were intended 
to be analysed (n = 1095 from 197 patients) which reduced to 1069 samples due 
to single nucleotide polymorphism mismatches between cfDNA and tissue 
exome data in 26 cases, suggesting sample swap. These samples were analysed 
in 3 main cohorts, the pilot cohort (left), the preoperative cohort (middle), and 
the postoperative cohort (right). The postoperative cohort was divided into 
different categories based on landmark evaluability (relating to samples 
donated within 120 days of surgery to enable a landmark ctDNA analysis).  
B. Heatmap demonstrating individual tumour-specific clonal ctDNA fractions 
in patients with synchronous primaries diagnosed at baseline. The annotation 
rows of the heatmap show the ctDNA call present in that sample across all 
variants interrogated by the MRD caller, the highest pathological TNM  
stage, the individual histology, and individual tumour volumes of the two 
synchronous tumours present at baseline (for this category, grey represents 
absent data or volume unevaluable). C. Boxplot demonstrating the difference 
in pack-year history across 187 preoperative ctDNA positive NSCLC patients 
and preoperative ctDNA negative NSCLC patients. Hinges correspond to first 
and third quartiles, whiskers extend to the largest/smallest value no further 
than 1.5x the interquartile range. Centre lines represent medians. P value 
represents a Wilcoxon rank sum test. D. Kaplan-Meier curves demonstrating 
freedom from recurrence outcomes in ctDNA high (dark red), ctDNA low (blue), 
and ctDNA negative (grey) single primary adenocarcinoma patients (left) and 
single primary non-adenocarcinoma patients (right). ctDNA high and low were 
categorized based on median clonal ctDNA levels across ctDNA positive cases 
and relate to above and below 0.16%. Log-rank P values are displayed on each 

plot. E. Multivariable Cox regression analyses of Overall Survival (OS) and 
Freedom From Recurrence (FFR, defined as recurrence only) in patients with 
single (non-synchronous) NSCLC; evaluating ctDNA detection status, pTNM 
stage (Tumour Node Metastasis pathological stage version 7, categories I,  
II or III), whether adjuvant therapy was administered, age, and log10- 
transformed unique sequencing depth as predictors in adenocarcinomas and 
non-adenocarcinomas separately. Unique sequencing depth was included to 
adjust for under sequenced samples, representing potential false negatives. 
n = 88 adenocarcinoma patients and n = 81 non-adenocarcinoma patients  
were analysed for FFR and OS. On the forest plots, the diamond represents  
the multivariable Hazard Ratio (HR) with error-bars corresponding to 95% 
confidence intervals (CI). Multivariable P values (p) are displayed on the plot 
alongside the number of patients in each category (N). Reference categories 
were ctDNA positive patients, pTNM stage I patients and patients given 
adjuvant therapy. The exact Cox regression P value for the Outcome: ctDNA  
-ve category in the FFR adenocarcinoma plot = 0.00022. F. Heatmap showing 
the site of relapse in recurrent adenocarcinoma cases divided by whether 
preoperative ctDNA was detected (dark red, right) or undetected (grey, left). 
Intrathoracic (mediastinum, locoregional, ipsilateral lung, distant lung – green 
colours) or extrathoracic (bone, brain, liver, adrenal, extrathoracic lymph 
nodes or other extrathoracic site – red colours) sites of relapse are shown  
(sites shown are metastatic sites diagnosed within 180 days of clinical relapse). 
Heatmap is annotated by Tumour Node Metastasis pathological version  
7 stage. G. Kaplan-Meier curve demonstrating post-relapse survival in recurrent 
adenocarcinoma patients (n = 38) stratified by preoperative ctDNA positive 
(red) or preoperative ctDNA negative (grey). Log-rank P value is displayed on 
the plot.
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Extended Data Fig. 4 | Volume and phenotypic analysis of ctDNA positive 
and ctDNA negative adenocarcinomas. A. Flow chart demonstrating patients 
available for volumetric analyses and reasons for exclusion. B. Histogram 
showing the number of NSCLC cases by volume, with ctDNA positive samples 
shown as red bars, and ctDNA negative samples shown as grey bars. n = 150 
volume evaluable cases. C. Volume versus log10-transformed clonal ctDNA 
level correlation plot with each individual TRACERx case that was ctDNA positive 
as a point and coloured by adenocarcinoma status (dark red) and squamous or 
other histology (dark blue). Fitted line represents a linear model line categorized 
by tumour histology. Below the correlation plot is a table describing a linear 
multivariable model based on these data to predict log10-transformed clonal 
ctDNA levels based on tumour volume and histology (adenocarcinoma and 
squamous and other categories). P values represent linear model adjusted P 
values, n = 96 ctDNA positive, volume evaluable NSCLCs analysed. D. Based on 
a multivariable linear regression model fitted to the data in (C), we categorized 
ctDNA negative adenocarcinomas as biological low-shedders or technical non-
shedders (see methods). If a particular tumour volume resulted in an estimated 
clonal mutation ctDNA level above the clonal ctDNA level a library could detect 
(95% lower confidence interval for estimated clonal ctDNA level based on 
tumour volume is above detectable clonal ctDNA level in the preoperative 
cfDNA library from that patient), then the case was classed as a probable 
biological low-shedder (red on histogram); otherwise, the case was classed as  
a probable technical non-shedder (turquoise on histogram). Y axis represents 
the lower 95% confidence estimate for clonal mutation ctDNA level divided by 
the minimally detectable clonal mutation ctDNA level (MDCL) for that patient’s 
panel. The X axis is each individual patient analysed. Data from n = 47 ctDNA 
negative adenocarcinomas presented. E. Violin box-plots comparing tumour 
purity in ctDNA low-shedder adenocarcinomas (blue, n = 79 tumour regions 
from 28 patients) and ctDNA positive adenocarcinomas (red, n = 166 tumour 
and lymph node regions from 35 patients). Pairwise comparisons are performed 
using linear mixed-effects models, P values are two-sided. Boxplot hinges 
correspond to first and third quartiles, whiskers extend to the largest/smallest 
value no further than 1.5x the interquartile range and centre lines represent 

medians. Violins represent the distribution of the underlying data. F. Barplots 
showing gene-level driver alterations between ctDNA positive adenocarcinomas 
(n = 39 patients) and ctDNA negative low-shedder adenocarcinomas (n = 31 
patients). Colours denote ctDNA detection status. Y axis shows the top 14 most 
frequently altered genes, X axis shows the percentage of patients carrying an 
alteration in the gene per detection category. NS: Not significant (two-sided 
Fisher’s exact test with FDR P value adjustment). G. Pathway-level driver 
mutations between ctDNA positive adenocarcinomas (n = 39 patients) and 
ctDNA negative low-shedder adenocarcinomas (n = 31 patients). X axis shows 
patient IDs, Y axis shows pathways following the Sanchez-Vega definition. Top 
bar denotes ctDNA detection status (dark red represents ctDNA positives, blue 
represents biological low-shedders). Heatmap colours display mutations; blue 
denote clonal mutations and red denote subclonal mutations. No pathway 
showed significant enrichment in either ctDNA shedder or non-shedder 
adenocarcinomas (NS: Not significant, using two-sided Fisher’s exact test with 
FDR P value adjustment). H. Whole genome doubling status per tumour 
comparing ctDNA positive adenocarcinomas to ctDNA negative low-shedder 
adenocarcinomas, using two-tailed Fisher’s exact test. Yellow represents the 
number of tumours subjected to whole genome doubling in at least one region, 
turquoise represents tumours without any whole genome doublings. I. Volume 
by ctDNA shedding status. Biological non-shedders in red represent the smallest 
quartile samples. After removal of these from the analysis, no significant 
difference in tumour volume was found between ctDNA positives and ctDNA 
low-shedders. Pairwise comparisons are made with two–sided Wilcoxon rank 
sum tests. J. Venn diagram showing the overlap between significantly 
differentially expressed genes between ctDNA positive and ctDNA low shedder 
adenocarcinomas obtained from the full dataset, relative to the volume-adjusted 
dataset. Comparisons are made by computing the Jaccard similarity index and 
the corresponding two-sided P value using the exact method. K. Venn diagram 
showing the overlap between significantly altered cytobands as called by 
GISTIC, comparing ctDNA positive to ctDNA low shedder adenocarcinomas 
obtained from the full dataset, relative to the volume-adjusted dataset. 
Statistical testing follows (J).
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Extended Data Fig. 5 | Exploration of unexpected MRD positive results in 
non-relapse patients. A. Table demonstrating details of unexpected ctDNA 
positive results in patients who did not have disease recurrence. B. CRUK0498 
false positive analysis: Dot-plots represent confidently detected variants at 
illustrated cfDNA sampling timepoints (left panel), variants confidently 
detected in normal tissue, control DNA, and peripheral-blood mononuclear 
cell (PBMC, buffy-coat) DNA based on application of CRUK0498’s patient 
specific panel to these respective samples (middle panel) and the mutant allele 
frequencies of selected variants in tumour tissue exome data (right panel). The 
four variants in the legend (variants in genes ATP2C1, DDIT4L, EYS, and TUSC3) 
represent variants confidently called at 50% or more of the timepoints across 
the cfDNA samples (note that confidently called means an individual variant 
Poisson one-sided P value of <0.01 [generated by MRD caller, see methods]).  
C. A haematoxylin and eosin image from patient CRUK0498’s tumour where 
exome analysis detected the variants in genes ATP2C1, DDIT4L, EYS and TUSC3 
at high variant allele-frequencies. This image shows a dense lymphocyte 
aggregate in this tumour region. Scale bar below image. A single image was 

analysed. D. A further 19 preoperative PBMC samples were analysed from 
TRACERx patients; no confident panel-wide variant DNA calls were made in 
these patients’ PBMC samples using the MRD calling algorithm. E. Variant-level 
analyses of the preoperative PBMC samples analysed in panel (D) highlighted 
that 12 of 3621 variants interrogated by the panels were detected (variant level 
one-sided Poisson P value < 0.01). 8 of 12 detected variants were removed from 
the MRD caller algorithm in cell-free DNA analyses (cfDNA) due to triggering 
filters highlighted in the heatmap annotation. Only 2 of the 4 remaining 
variants carried deep alternate reads in the respective patients’ preoperative 
cfDNA sample (red arrows). The heatmap shows the cfDNA variant allele 
frequency and the WBC variant allele frequency of the detected variants (grey 
colour represents no detection of the variant). Two mistargeted germline 
variants are highlighted by black arrows for patient CRUK0296, variants were 
targeted in error by the industry panel design pipeline but not by the TRACERx 
exome pipeline (methods), and were filtered from the MRD calling algorithm 
due to triggering the outlier filter (dao imbalance filter, dark red).
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Extended Data Fig. 6 | Expanded postoperative ctDNA and imaging 
surveillance analysis. A. Analysis of 13 patients who experienced intracranial 
relapse who were positive for ctDNA in a postoperative blood sample. The X 
axis shows the clonal ctDNA level at the point of postoperative ctDNA detection 
and the Y axis shows the day of postoperative ctDNA detection. Points are 
coloured based on whether the intracranial relapse was solitary (green), 
accompanied by another extracranial site (red), or unconfirmed solitary (blue, 
no extracranial imaging performed) and are shaped by landmark ctDNA status. 
B. Heatmap of clonal mutation ctDNA level data at first postoperative ctDNA 
detection. The annotation rows show the landmark ctDNA status of the patient 
(landmark positive, ctDNA detected within 120 days postoperatively; landmark 
negative, ctDNA negative within 120 days postoperatively; unevaluable, 
landmark status cannot be established), the day ctDNA was detected 
postoperatively, the histology of the primary tumour, and lead time (days  
from ctDNA detection to clinical relapse). Where lead time was not applicable 
(for example incompletely resected disease, ctDNA detected post-relapse, 
see methods) lead time is coloured grey. The next two rows (bar charts) 
demonstrate the number of clonal or subclonal mutations tracked by an AMP 
patient-specific panel (PSP); if the bar is blue, it represents confident detection 
of an individual variant (based on an individual variant P value of <0.01 [one 
sided Poisson test based on MRD caller output, see methods]), if the bar is 
black, it represents absence of confident calling of a variant, if the bar is red, it 
represents that a variant was filtered by the MRD calling algorithm. The final 
row represents the mean clonal ctDNA level at the first ctDNA detection time 
point for a patient. This is on a log-10 scale as displayed in the heatmap legend. 
For patient CRUK0296, ctDNA detection occurred but clonal ctDNA levels were 
0% (grey bar) as the mutation driving ctDNA detection postoperatively did not 
have a clonal status. C Longitudinal per-patient plots in 12 patients who were 
ctDNA positive prior to adjuvant therapy. Plots are annotated with lead time  
(L-t), scans performed, and treatment administered (see legend). The Y axis 
represents clonal ctDNA levels and each circle on the plot represents a blood 
sampling time point. If the circle is red, it indicates that the blood sample was 
positive for ctDNA using the MRD caller. The X axis displays days post-surgery. 
D-E. Kaplan-Meier curves in the landmark evaluable population (patients who 

donated blood within 120 days post-surgery before treatment or clinical 
recurrence, n = 102/108 landmark evaluable patients were evaluable for 
survival analysis, see methods for exclusions) showing overall survival (OS,D) 
or freedom from recurrence (FFR,E) outcomes for landmark positive (dark red) 
versus landmark negative (grey) patients. Log-rank P values displayed on 
curves. F. Boxplots showing the distribution of lead times (times from ctDNA 
detection to clinical recurrence) categorized by patient landmark ctDNA 
status. Hinges correspond to first and third quartiles, whiskers extend to the 
largest/smallest value no further than 1.5x the interquartile range. Centre lines 
represent medians. Kruskal-Wallis test P = 0.0057, unadjusted pairwise 
Wilcoxon-tests compare individual categories, n = 63 patients analysed. G. Pie 
charts demonstrate the number of occurrences of specified ctDNA detection 
statuses (red – ctDNA negative, green – ctDNA positive, blue – no ctDNA status 
established), preceding a scan showing no new changes (left) or new equivocal 
extracranial changes (middle). The ctDNA positive and negative categories are 
then broken down further into a patient-level analysis showing the outcomes of 
patients who experienced the occurrence of the specified imaging and ctDNA 
status event(s). H. Barchart showing the count of specific equivocal anatomical 
sites noted on scans showing new equivocal changes; equivocal lung lesions 
and lymph nodes were the most common abnormal equivocal findings on 
NSCLC surveillance imaging. Multiple equivocal sites can be observed on one 
scan. I. Barplot of eventual site of relapse and ctDNA status in 33 patients with 
ctDNA status established prior to surveillance imaging, showing new equivocal 
lymph node enlargement. The X axis shows the patient ctDNA detection status 
preceding surveillance scans. The Y axis shows the patient count. Patient 
CRUK0090 exhibited occurrences of both negative and positive ctDNA 
statuses prior to separate equivocal lymphadenopathy scans, so is present in 
both ctDNA positive and negative categories. Other patients are only included 
once. Patient CRUK0234 was diagnosed with an unresected lymph node, was 
ctDNA negative postoperatively and included in the analysis. The barcharts are 
filled with recurrence status of patients in these categories. Recurred with LN 
refers to lymph node involvement at relapse (dark red colour). Recurred with 
no LN refers to recurrence with no lymph node involvement (green colour).



Extended Data Fig. 7 | See next page for caption.
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Extended Data Fig. 7 | ECLIPSE methodology. A. A conceptual overview of  
the ECLIPSE method and data input types. CCF; cancer cell fraction and VAF; 
variant allele fraction. The schematic was created using BioRender. B. Equation 
to calculate tumour purity (the % of cells from which the DNA was derived which 
are tumour cells, see supplementary note 1, also termed ‘cellularity’ or ‘aberrant 
cell fraction’) using clonal mutations. C. Equation to calculate cancer cell 
fraction (CCF). Multiplicity = the number of mutated DNA copies in each 
mutated cell, CNt = total copy number in the tumour, CNn = total copy number 
in normal (non-tumour) cells, VAF = variant allele fraction, P = tumour purity 
(the % of cells from which the DNA was derived which are tumour cells, see 

Supplementary Note 1). D. Percentage change in mean multiplicity of clonal 
mutations comparing measurements in surgical excised tissue samples to 
tissue samples taken at relapse (46 patients with paired primary and recurrence 
tissue samples plotted). E. A comparison between mean clonal VAF of mutations 
and ctDNA tumour purity as calculated by ECLIPSE where data points (plasma 
samples) are coloured by the average copy number of tracked clonal mutations 
(measured using tissue sequencing). Multi-tumour patients and samples with 
evidence of copy number of instability at relapse are excluded. A total of 322 
samples from 134 patients are plotted.



Extended Data Fig. 8 | Subclone detection sensitivity of ECLIPSE.  
A. Minimally detectable CCF for each ctDNA positive sample compared to clonal 
ctDNA levels for each sample. All ctDNA positive samples included (N = 354). 
Minimally detectable CCF was calculated using the minimum number of required 
reads for a positive (P < 0.01) clone detection call (methods). B. Minimally 
detectable CCF over time for each patient with a horizontal line indicating the 
threshold for high subclone sensitivity samples (20% CCF). All ctDNA positive 
samples included (N = 354). 61% of preoperative MRD positive samples were 
considered high subclone sensitivity and 66% of postoperative samples were 
considered of high subclone sensitivity (overall 64% of samples). C. A histogram 
of clonal ctDNA levels for all ctDNA positive samples (N = 354) with vertical 
lines indicating thresholds for ECLIPSE evaluability and for traditional clonal 
deconvolution evaluability used for TRACERx tissue samples28 and previous 

clonal deconvolution approaches in ctDNA14,77. D. A histogram of maximum 
clonal ctDNA levels observed in post-operative samples for each patient with 
vertical lines indicating thresholds for ECLIPSE evaluability and for traditional 
clonal deconvolution evaluability (see C). This is shown for 66 patients who 
relapsed with ctDNA positive postoperative plasma . E. Validation of ECLIPSE 
detection rates across varying subclonal mutation number, clonal ctDNA level, 
subclone cancer cell fraction and DNA input amount into the assay. Subclones 
were constructed using ground truth in vitro spike-in experiments with  
10-12 technical replicates for each input mass-allele fraction combination. 
These ground truth mutant allele fractions were then mixed in silico to 
construct 76,263 subclones varying across these parameters. Data from these 
experimentally derived subclones were then run through ECLIPSE and 
subclone detection rates across each of these parameters depicted.
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Extended Data Fig. 9 | See next page for caption.



Extended Data Fig. 9 | Time-matched comparisons between subclonal 
structure measured in plasma and in tissue at surgery. A. Correlation 
between cancer cell fractions (CCFs) as measured in preoperative plasma 
samples with phylogenetic data, >0.1% clonal ctDNA level & >=10 ng DNA input 
(high subclone sensitivity samples) with ECLIPSE and those measured with 
multi-region tissue sequencing (M-seq) at surgery (N = 71 patients and 684 
subclones included). B. Copy number unaware CCFs calculated only using  
VAFs (methods) compared to tissue CCF from M-seq. All preoperative samples 
with phylogenetic data, >0.1% clonal ctDNA level & >=10 ng DNA input (high 
subclone sensitivity samples) were included (N = 71 patients and 684 subclones 
included). C. A scatter plot demonstrating the relationship between clonal 
ctDNA level and the proportion of multi-region tumour exome (M-seq)  
defined subclones detected by ECLIPSE based on varying subclonal cancer cell 
fractions as indicated, loess lines are fitted to the plots, n = 117 ctDNA positive 
preoperative samples. D. A comparison of preoperative plasma CCFs and the 
average CCFs across all tissue regions sampled at surgery for clones that were 
unique to one tumour tissue region and for clones that were distributed across 
more than two tumour tissue regions. N = 71 patients and 684 subclones 

included. A Wilcoxon-test was used to compare groups. E. A comparison of 
preoperative plasma CCFs and the average CCFs across all tissue regions 
sampled at surgery for clones that were unique to one tumour tissue region 
separated between small (<20 cm3), medium (>20 cm3 & <100 cm3), and large 
(>100 cm3) tumours as measured on preoperative PET/CT scans. N = 71 patients 
and 684 subclones included. A Wilcoxon-test was used to compare groups.  
F. A comparison of detection rates in preoperative plasma for 20% CCF subclones 
across a range of clonal ctDNA levels split by whether the subclones were 
spread across multiple primary tumour tissue regions or were limited to only  
a single primary tumour tissue region. 1924 subclones were assessed in 197 
preoperative plasma samples. G. A map of tumour clones with areas of multi-
regional tissue sampling indicated and clones which are over- and undersampled 
highlighted. Most of the undersampled clones are in fact not in the sampled 
areas creating a bias towards oversampling in clones which we are able to 
detect, an effect also called the ‘winner’s curse’. H. A ROC curve describing the 
sensitivity and specificity of detecting clonal illusion mutations using plasma-
based CCFs with 95% confidence intervals generated using bootstrapping 
across 500-fold cross-validation (N = 71 tumours).
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Extended Data Fig. 10 | Clonal composition measurements in ctDNA after 
surgery. A. An overview of clonal structure evaluability at relapse for TRACERx 
patients in our cohort (N = 75 tumours) using either cell-free DNA and ECLIPSE 
or relapse tissue and WES/PyClone. B. ctDNA detection status post-operatively 
of subclones split by detection status in metastatic tissue. Untracked subclones 
(those without any mutations included in the PSP panels) were excluded  
(N = 26 tumours). P value indicates the result from Fisher’s exact test. C. Clonal 
(estimated as present in 100% of tumour cells) vs subclonal (estimated as present 
in <100% of cells) status at relapse of primary tumour subclones by whether 
they were detected in cfDNA and metastatic tissue or cfDNA alone (N = 26 
tumours). P value indicates the result from a Fisher’s exact test. D. Metastatic 
dissemination class determined by tissue and by cfDNA in 22 cases with a 
metastatic biopsy, a postoperative high subclone sensitivity plasma sample, 
and a phylogenetic tree constructed. E. Overall survival Kaplan-Meier plot 
demonstrating time from the first MRD positive timepoint to death stratified 
by ECLIPSE metastatic dissemination class at relapse (monoclonal: light blue, 
polyclonal polyphyletic: purple, and polyclonal monophyletic: green). HR: 
Hazard ratio, CI: confidence interval. 44 patients were included in this analysis. 

The P value indicates the result of a log-rank test. F. A multivariable Cox 
proportional hazards model to predict overall survival from the time of first 
MRD detection including the clonality of metastatic dissemination at relapse, 
stage, maximum postoperative clonal ctDNA level, average DNA assay input, 
histology, and whether the first plasma sample after surgery was ctDNA 
positive, including only relapse patients. 44 patients were included in this 
analysis. Error bars indicate 95% confidence intervals. G. The frequency of high 
confidence subclonal to clonal bottlenecks (methods) at the latest possible 
plasma sample time point with sufficient clonal ctDNA level (high sensitivity 
subclone samples, N = 44 tumours) and which of these subclones harbour 
subclonal neoantigens (NAGs) which therefore become clonal at relapse.  
H. In cases of clonal bottlenecking at relapse, the percentage increase in the 
number of clonal mutations is shown as a box and whisker plot with the 
absolute number of new clonal mutations (N = 18 tumours). I. In cases of clonal 
bottlenecking at relapse, the percentage increase in the number of clonal NAGs 
is shown as a box and whisker plot with the absolute number of new clonal NAGs 
(N = 18 tumours). NAG = Neoantigen.
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INTRODUCTION

Colorectal cancer (CRC) is one of the leading causes of cancer-related mortality,

accounting for >900,000 deaths each year worldwide 1. Generally, CRC develops

through a gradual accumulation of mutations, transforming the healthy bowel

epithelium to cancer 2,3. These growths are benign until they penetrate the

muscularis mucosa, after which they are classified according to the Union for

International Cancer Control (UICC) staging system (stage I-IV). The patient’s

prognosis is highly correlated to the UICC stages, with decreasing survival with

increasing stage 4. Additionally, CRC prognoses vary by tumor location and

histological type. A large proportion of CRC tumors are characterized by

chromosomal instability (CIN), while a smaller proportion (~15%) are

characterized by microsatellite instability (MSI) 5. Due to the heterogeneity of the

disease, research has been done to devise a clinically relevant method for

patient stratification. Gene expression-based subtypes have been widely

explored, leading to the development of Consensus Molecular Subtypes (CMS),

accelerating disease classification in a biologically interpretable manner 6.

In addition to clinically relevant patient stratification, early cancer detection and

detection of minimal residual disease (MRD) has the potential to improve patient

outcomes. Circulating tumor DNA (ctDNA) has garnered interest as an efficient

and minimally invasive tool for these purposes 7–9. Most studies to date have

focused on the clinical application of ctDNA. However, little is currently known

about the biology behind ctDNA release and varying levels of ctDNA shedding

across cancer types and subtypes.

It is hypothesized that ctDNA is released into the bloodstream through

apoptosis, necrosis, and active secretion 7. Yet, differences in shedding behavior

https://paperpile.com/c/kzCqFO/MdZ05
https://paperpile.com/c/kzCqFO/5plzf+vih1F
https://paperpile.com/c/kzCqFO/h44nB
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https://paperpile.com/c/kzCqFO/hBy8m+ppOTe+aCK4H
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across cancer types as well as across histology within cancer types have been

identified in previous publications 10–12. Particularly in non-small cell lung cancer,

work has recently demonstrated how in a subset of lung

adenocarcinomas dominated by a low proliferative phenotype, ctDNA shedding

was dramatically reduced relative to other histological subtypes{REF new paper}.

Besides cancer specific biology, ctDNA release has previously been associated

with tumor size, proliferative capacity, rate of cell death, proximity to blood

vessels, rate of immune clearance, physiological clearance, and CIN 13,14.

However, the exact contributors on a granular, cancer type- and

histology-specific level have not been fully explored.

Technological sensitivity limits pose a challenge to the widespread application of

ctDNA in an early detection setting. This raises the question of whether tumors

shedding ctDNA in small quantities can be robustly detected.

Here, we investigate the presence of a ctDNA shedding phenotype in a CRC

cohort, by analyzing transcriptomic, genomic, and clinical data collected from

Stage I-IV CRC patients at Aarhus University Hospital. Additionally, in order to

further investigate ctDNA shedding phenotypes across multiple cancer types, we

compared transcriptomic profiles of CRC tumors to those of lung

adenocarcinoma (LUAD) and lung squamous cell carcinoma (LUSC) tumors from

the TRACERx cohort 15, and to the transcriptomic profiles of 6900 tumors

representing 24 cancer types available from the Cancer Genome Atlas (TCGA).

RESULTS

Patient and sample characteristics

To investigate the molecular and clinical features associated with ctDNA release,

we assembled a cohort of 701 stage I-IV colorectal cancer patients treated locally

https://paperpile.com/c/kzCqFO/LAiVw+2cYVU+4f1lu
https://paperpile.com/c/kzCqFO/uwh0t+W70sj
https://paperpile.com/c/kzCqFO/rmeid


at Aarhus University Hospital (AUH) with standard-of-care protocols. For these

patients, ctDNA measurements were performed prior to treatment (444 ctDNA

positive, 257 ctDNA negative). Primary tumor whole exome sequencing (WES)

and extended clinical data were available for all patients (Figure 1A, whole

cohort). Additionally, primary tumor transcriptomic data were available for a

subset of patients (n=101, 86 ctDNA positive, 15 ctDNA negative), (Figure 1A,

subcohort). The ctDNA detection status and clinical characteristics of the

subcohort are summarized in Figure 1B, the whole cohort is described in Figure

1C.



Figure 1: Overview of patient cohorts. Clinical characteristics and ctDNA status of the

subcohort. Figure 1a was created with BioRender.com.



In order to gain a deeper insight into the contribution of individual clinical

characteristics to ctDNA shedding, we performed pairwise statistical analyses

comparing ctDNA positive and ctDNA negative patients in the subcohort (Table

1), and repeated the analyses in the whole cohort (Supplementary Table 1).

Markedly, we found that the size of the ctDNA positive tumors was significantly

larger than that of their ctDNA negative counterparts. The association remained

statistically significant within Stage I, Stage II and Stage III patients (Figure 2A-D).

In addition to tumor size, we also observed an association between ctDNA

shedding status and molecular subtype, as defined by the consensus molecular

subtyping and cancer cell subtyping classifications6,16. Specifically, we observed

that the Secretory and CMS3 subtypes appear to shed a lower amount of ctDNA

compared to other subtypes (Figure 2E-F). Additionally, we noted a significant

association between ctDNA detection status and recurrence, showing that

ctDNA was detected in a larger fraction of recurrence than non-recurrence

patients (Figure 2G). We also observed a significant association between tumor

location and ctDNA detection status. However, we found no difference in ctDNA

concentration when comparing tumor location in a pairwise manner (Figure 2g,

Supplementary Figure 2a). Furthermore, we noted that mismatch repair (MMR)

deficient tumors shed a significantly higher amount of ctDNA into the

bloodstream compared to their MMR proficient counterparts (Figure 2H).

We found no association between preoperative ctDNA shedding MSI status,

histological type, age, gender, and death (Supplementary Figure 2b-f).

https://paperpile.com/c/kzCqFO/JkKbX+InMR8


Figure 2: Comparison of tumor size between ctDNA shedders/non-shedders. Comparison of

ctDNA shedding between tumor subtypes,recurrence category, tumor location and MMR

status.

Supplementary Figure 2. Comparison of tumor location, MSI/MSS status, and histological

type against ctDNA concentration. Comparison of ctDNA shedding status against age, sex,

and survival status.



Enhanced proliferative signal can be observed in the ctDNA positive

subgroup

Next, we aimed to investigate whether mutations in specific cancer driver genes

contribute to ctDNA shedding. Utilizing the WES data collected from the whole

cohort, we defined driver mutations by identifying pathogenic mutations in

cancer-related genes as described in 17,18.

No cancer gene showed an association between mutational status and ctDNA

shedding (Figure 3A, top 20 most frequently mutated genes shown). Next we

explored if mutations at pathway-level affected ctDNA shedding. Gene

mutations were assigned to pathways according to classification previously

defined by Sanchez-Vega and colleagues 19. No significant associations were

observed (Figure 3B). Taken together, no evidence was found for a link between

mutations in specific genes or pathways and ctDNA shedding in colorectal

cancer.

Differential expression analysis of the 86 ctDNA positive and 15 ctDNA negative

patients with available transcriptomic profiles did not identify any genes with

expression patterns associated with ctDNA status (Figure 3C). However, when we

summarized gene expression levels using the Hallmark gene sets from MsigDB

to group genes into pathways 20, we observed that a number of proliferative

pathways (E2F targets, G2M checkpoint, and MYC targets V1 and V2) were

significantly enriched in the ctDNA positive subgroup (Figure 3D). When

visualizing the per-patient enrichment scores of the significant pathways, we

noted that two distinct shedder subgroups exist in terms of proliferative

activation (Figure 3E). We observed that the plasma ctDNA level was significantly

higher in high-proliferation relative to low-proliferation ctDNA shedders (Figure

3F). Moreover, high proliferation shedders were significantly larger than

https://paperpile.com/c/kzCqFO/Wdu8J+W029k
https://paperpile.com/c/kzCqFO/MsDzm
https://paperpile.com/c/kzCqFO/1PSXI


non-shedders, but not low proliferation shedders (Figure 3G). Additionally, we

noted a significantly different cancer cell and CMS subtype profile among the

groups, with the high-proliferation shedders showing an enrichment in

Adsorptive and CMS2 subtypes, whereas the low-proliferation shedders,

similarly to the nonshedders, displayed the Secretory, CMS3, and CMS4 subtypes

with higher frequency (Figure 3H-I).

Figure 3: Mutational and transcriptomic analysis comparing ctDNA shedders with

non-shedders.

Taken together, our findings suggest that the main drivers of ctDNA release in

colorectal cancer are tumor size and tumor proliferative capacity. As these

findings are similar to previous work in non-small cell lung cancer (NSCLC)

(Abbosh et al. 2023), we endeavored to compare colon cancer biology to that of

the ctDNA low-shedder and ubiquitous shedder NSCLC histologies.

Proliferation pathway enrichment shows resemblance in CRC and

LUSC biology



We compared transcriptomic profiles of 228 colon adenocarcinoma (COAD), 458

LUAD, and 475 LUSC tumors using the TCGA dataset. These were additionally

compared to transcriptomic profiles obtained from 339 healthy colon and 313

healthy lung tissues from The Genotype-Tissue Expression (GTEx) project 21,22.

When evaluating proliferation (quantified by the median GSVA enrichment

scores of E2F targets, G2M checkpoint, MYC targets V1 and V2 pathways), we

found that COAD tumors display a high-proliferative phenotype similar to LUSC

tumors (FIgure 4A). Interestingly, we observed that the LUAD tumors display a

bimodal distribution of high and low proliferation, supporting the existence of a

distinct subset of low-proliferative LUAD tumors (Supplementary figure 2).

Furthermore, the high-proliferation LUAD tumors showed proliferation levels

comparable to LUSC and COAD, whereas proliferation levels in the

low-proliferation subgroup were comparable to healthy colon and lung tissue

(Figure 4A). Performing principal component analysis (PCA) based on the

proliferation pathways revealed a clustering pattern where COAD and LUSC

tumors distinctly separated from healthy colon and lung tissue, whereas LUAD

tumors were dispersed between the two clusters (Figure 4B).

Next, we explored whether these patterns were present in our colorectal cancer

and previously published NSCLC datasets. This dataset is from 15 and contains 58

LUAD and 31 LUSC patients with NSCLC. In line with the TCGA analysis, we

observed that colorectal and LUSC tumors showed high levels of proliferation

relative to LUAD tumors (Figure 4C). Furthermore, PCA based on the

proliferation pathways aligned with the results obtained using the TCGA dataset,

as a similar partition of a CRC-LUSC cluster and a distinct LUAD cluster were

found (Figure 4D).

https://paperpile.com/c/kzCqFO/bYkKp+QF3Ck
https://paperpile.com/c/kzCqFO/rmeid


These findings support that COAD and LUSC tumors are ubiquitous ctDNA

shedder tumors with a high-proliferative phenotype, whereas among LUAD

tumors, there exists a distinct non-shedder, low-proliferation phenotype.

Proliferation associates with ctDNA detection sensitivity across

multiple cancer types

These findings led us to explore the association between proliferation and

ctDNA release in the context of multiple cancer types. We obtained a ctDNA

sensitivity measure from the Circulating Cell-free Genome Atlas (CCGA) study 23

of multi-cancer ctDNA detection and compared it to the proliferation profiles of

8095 tumors of 24 different cancer types from TCGA. The TCGA tumors were

grouped to match the cancer types of CCGA according to Supplementary table 2.

We observed a significant positive correlation between ctDNA sensitivity and

proliferation (Figure 4E, Supplementary Table 3), with Liver/bile-duct and

pancreas appearing as strong outliers. Notably, there is a distinct

high-proliferation, high-sensitivity group of cancer types in contrast with a

low-proliferation, low-sensitivity group. When performing stage stratification, the

association loses statistical significance for Stage I and Stage II patients,

however, this is likely driven by smaller tumor sizes and the two outlier cancer

types noted above (Figure 4F-G). The association remains significant for Stage III

patients (Figure 4H).

These results suggest that proliferation may perform as a significant biological

contributor to ctDNA shedding on a pan-cancer level.

https://paperpile.com/c/kzCqFO/TYwfb


Figure 4: Comparison proliferation of NSCLC tumors with CRC and healthy tissue. Expanded

to pan-cancer level comparing ctDNA sensitivity (CCGA) to proliferation.



Supplementary Figure 2: Comparing proliferation between NSCLC, CRC and healthy tissue.

DISCUSSION

It is generally accepted that ctDNA release originates from cancer cell deaths,

and varying levels of ctDNA shedding is commonly attributed to tumor size.

While this hypothesis has been confirmed in some cancer types 13,15, other

cancer types and subtypes tend to show no ctDNA shedding despite remarkable

tumor sizes. Therefore, in this study, we investigated clinical and biological

https://paperpile.com/c/kzCqFO/uwh0t+rmeid


factors contributing to ctDNA shedding in colorectal cancer and further

extended our exploration to NSCLC and to the pan-cancer level.

In our locally treated CRC cohort, we observed that ctDNA release is primarily

associated with tumor size and might be supported by enrichment in

proliferative pathways. We note, however, that tumor’s largest diameter, for

non-spherical tumors can be an inaccurate proxy of tumor size. Nevertheless,

we see a significant association between ctDNA shedding behavior and tumor

size as defined in our dataset.

In addition to the association with tumor size and proliferation, we observed

that the CMS3 and Secretory subtypes, ones that are associated with less

aggressive disease, tend to shed lower amounts of ctDNA. These subtypes are

characterized by an enrichment of KRAS mutations and a lower proliferative

capacity, suggesting increased metabolic adaptation which might aid prompt

clearing of ctDNA from the bloodstream 6 16.

Through our comparative analysis of ctDNA negative and ctDNA positive tumors,

we found no other association to clinical factors nor genetic alterations in

specific cancer driver genes or pathways. Therefore, based on our analysis, we

hypothesize that the main contributor to ctDNA shedding in colorectal cancer is

tumor size and proliferative capacity. Furthermore, we postulate that the ctDNA

negative tumors in our cohort might release ctDNA in quantities that fall below

the limit of detection of the technologies used in our experiments, due to small

tumor size and sub-par proliferative capacity that cannot adequately assist the

tumor in reaching a sufficiently high shedding rate. Consequently, CRC tumors

appear to be ubiquitous shedders, mirroring the findings of Abbosh and

colleagues in the context of LUSC tumors.

https://paperpile.com/c/kzCqFO/JkKbX
https://paperpile.com/c/kzCqFO/InMR8


In addition to analyzing our in-house CRC dataset, we explored a broader view of

the proliferative capacity of colon and lung tumors utilizing the TCGA dataset.

Our results support previous findings by Abbosh and colleagues 15, indicating

that two LUAD subtypes exist, defined by high and low proliferation,

respectively. This phenotypic separation is in contrast with the biology of COAD

and LUSC, where all tumors appear to be highly proliferative. Comparing

proliferation measures between our CRC dataset and the NSCLC dataset from

the TRACERx study, we found a similar pattern suggesting that ctDNA shedding

is strongly associated with proliferation in LUAD tumors, whereas in LUSC and

COAD, all tumors appear highly proliferative and ctDNA shedding is mainly

determined by tumor size.

The exploration conducted using the TCGA and GTEx datasets supports the

hypothesis of two, high- and low-proliferation subtypes, however, since these

datasets do not have any ctDNA information, these analyses are limited to

speculative hypotheses about ctDNA shedding. However, the results support

that the findings pertaining to the high and low proliferation subtypes in our CRC

and NSCLC cohorts are not due to small sample sizes and potential batch effects

between the datasets.

Comparing the proliferation levels of the different cancer types included in the

TCGA dataset to the ctDNA sensitivity metrics of these cancer types in the CCGA
23 study revealed that the hypothesized association between proliferation and

ctDNA shedding potentially expands to multiple cancer types. The correlation,

however, is most prominent in Stage III patients, most likely due to the small

tumor sizes harbored by Stage I patients and the effect of the two strong outlier

cancer types, pancreas and liver/bile-duct. Additionally, the cancer type grouping

https://paperpile.com/c/kzCqFO/rmeid
https://paperpile.com/c/kzCqFO/TYwfb


implemented in the CCGA study might also introduce a bias, as, for instance,

LUAD and LUSC, two histologies that are vastly different in terms of biology and

ctDNA shedding, are grouped into one lung category in CCGA. Based on our

results, these should be separated when analyzing ctDNA shedding and,

consequently, we hypothesize that in the absence of this separation, the ctDNA

sensitivity estimate of this cancer type might be biased depending on the

LUAD/LUSC ratio in CCGA. Analogously, other cancer types with potentially

similar patterns would benefit from histology-specific measurements. Therefore,

this analysis can be used as an indicator rather than a conclusion that

proliferation might be a determining factor between ctDNA shedding and

non-shedding phenotypes across cancer types.

In conclusion, our results demonstrate that enhanced proliferative capacity in

connection with tumor size may contribute to a higher ctDNA release rate. We

anticipate our study to be a starting point for further investigation of ctDNA

shedding dynamics in colorectal cancer.

METHODS

Cohort description |

Colorectal Cancer cohort: The CRC patients included in this study is the cohort

described in Kabel et al. 14. Inclusion criteria were UICC stage I-III disease,

preoperative ctDNA measurements, and WES of matched primary tumor and

buffycoat DNA. For a detailed description of the cohort, sample collection

procedure and DNA extraction see Kabel et al. 14.

TRACERx: The NSCLC patients included in this study are from the TRACERx cohort

of abbosh et al. 15. The data was filtered to include only patients with LUAD and

LUSC.

https://paperpile.com/c/kzCqFO/W70sj
https://paperpile.com/c/kzCqFO/W70sj
https://paperpile.com/c/kzCqFO/rmeid


The Cancer Genome Atlas (TCGA): Clinical and gene expression data were obtained

from TCGA. These were filtered to include primary tumors only and tumors of

clinical stage I-III. Clinical stage was grouped as follows; Stage I, Stage IA and

Stage IB tumors were grouped into Stage I. Stage II, Stage IIA, Stage IIB and Stage

IIC were grouped into Stage II. Stage III, Stage IIIA, Stage IIIB and Stage IIIC were

grouped into Stage III. Additionally, cancer types were grouped to match the

cancer types of CCGA. Groupings can be found in Supplementary table 3.

The Genotype-Tissue Expression (GTEx): Gene expression data from healthy Colon

and healthy Lung tissue were obtained from GTEx 21,22.

The Circulating Cell-free Genome Atlas (CCGA): Sensitivity measures for all included

cancer types were obtained from Supplementary table 5 of 23. Cancer types were

filtered to include stage I-III patients only.

RNA sequencing | Total RNA libraries were constructed using KAPA mRNA

HyperPreb Kit (Roche) according to the manufacturer's protocol, with either

KAPA Dual-Indexed Adapter Kit (Roche) or IDT xGEN dual index UMI adapters

(Integrated DNA Technologies (IDT), Inc.). The libraries were sequenced by

paired-end sequencing (2x151 base pairs (bp)) on the NovaSeq 6000 platform

(Illumina).

In the preprocessing step, adapters were trimmed using cutadapt 24 and

subsequently aligned to hg38 with STAR25. Arriba 26 and STAR-fusion 27 were used

to call gene fusions. The aligned reads were processed with Kallisto 28 and HTseq
29 in order to generate read count and TPM expression values.

https://paperpile.com/c/kzCqFO/bYkKp+QF3Ck
https://paperpile.com/c/kzCqFO/TYwfb
https://paperpile.com/c/kzCqFO/tGCXo
https://paperpile.com/c/kzCqFO/P2gL6
https://paperpile.com/c/kzCqFO/Q23u6
https://paperpile.com/c/kzCqFO/30gjG
https://paperpile.com/c/kzCqFO/eSlJQ
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Whole Exome Sequencing | DNA libraries were prepared from Peripheral

Blood Mononuclear Cells (PBMC), FFPE embedded tissue, or Fresh Frozen (FF)

tissue using Twist Library Preparation kit with xGen UDI-UMI adapters (IDT).

Prior to preparation, DNA was processed with enzymatic fragmentation for

either 10 min (PBMC and FF) or 6 min (FFPE). Libraries were amplified with 7 or 8

cycles of PCR and subsequently captured with the NGS Human Core Exome

panel (TWIST Bioscience, ~33 MB). Libraries were sequenced with paired-end

sequencing (2x151 bp) on the NovaSeq 6000 platform to a targeted sequencing

depth of either 60x (PBMC), 130x (FF tissue) or 150x (FFPE tissue). Reads were

demultiplexed using Illumina bcl2fastq to generate fastQ files.

In the preprocessing step, adapters were trimmed using cutadapt 24 (version 3.0)

and subsequently aligned to hg38 using BWA-MEM 30 (version 0.7.17). PCR

duplicates were removed using Picard 31 (version 2.23.3) MarkDuplicates. Base

recalibration and indel realignment was performed using BaseRecalibrator and

IndelRealinger from GATK4 32 (version 4.1.9.0). Somatic SNVs and

insertions/deletions were called using GATK4 32 (version 4.1.9.0) MuTect2

according to GATK best practices. Furthermore, variants were called with Stelka2
33 (version 2.9.10) and variants discarded by the builtin filters of Mutect2 were

retained if they passed the filters of Strelka2.

ctDNA detection |

The ctDNA detection methodology and data included in this paper have been

published elsewhere in their own right. Detailed methodology is described in the

individual papers. Overall, ctDNA analysis was conducted using either droplet

digital PCR (ddPCR), deep targeted sequencing of 12 genes frequently mutated in

CRC14, or Signatera ultradeep multiplex PCR sequencing 34,35. ddPCR was

performed targeting a single patient-specific clonal mutation 14, a single somatic

https://paperpile.com/c/kzCqFO/tGCXo
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structural variation 8 or three CRC-specific methylation markers (the TriMeth

assay)36. For detailed description of cfDNA sequencing and bioinformatic

preprocessing see Kabel et al14.

Transcriptomic analysis | Differential gene expression and differential

pathway enrichment analyses between ctDNA positive and ctDNA negative

patients were conducted by performing limma eBayes. The resulting p-values

were adjusted according to the Benjamini-Hochberg method. The genes in the

transcriptomic analyses were assigned to pathways with regard to the MSigDB

Hallmark gene sets and pathway enrichment was assessed using Gene Set

Variation Analysis (GSVA)20.

GSVA were performed using the gsva function of the GSVA R package 37 min.sz

set to 10 and max.sz set to 500. The analysis takes into account 18843 protein

coding genes. The list of protein coding genes was retrieved from the HGNC

database on April 3rd, 2022.

Genomic analysis | All somatic mutations were annotated to genes using

ANNOVAR and the hg38 reference genome. Genes were assigned to pathways

using the Sanchez-Vega definition19. Comparison of pathway involvement of

ctDNA positive and ctDNA negative patients was conducted using Fisher’s exact

test.

Statistical analysis | All analysis was performed in R version 4.1.2.

Visualizations were created using ggplot2 v3.4.2, ComplexHeatmap v2.11.1, and

ggAU v1.0.0. Statistical tests were performed using the ggpubr v0.6.0 38 R

package. Differences in clinical and biological associates between ctDNA positive

and ctDNA negative patients were tested using Wilcoxon rank sum test.

Associations between categorical variables were tested using Fisher’s exact test

https://paperpile.com/c/kzCqFO/ppOTe
https://paperpile.com/c/kzCqFO/9TKd8
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using the stats package (v4.1.2). Correlations between numerical variables were

tested using the Pearson correlation coefficient. PCA was performed with the

prcomp R function with scale set to TRUE. A P-value below 0.05 was considered

significant throughout the analysis.
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Abstract

Immunotherapy has revolutionized treatment of patients diagnosed with

metastatic melanoma, where nearly half of patients receive clinical benefit.

However, immunotherapy is also associated with immune-related adverse

events, which may be severe and persistent. It is therefore important to

identify patients that do not benefit from therapy early. Currently, regularly

scheduled CT-scans are used to investigate size changes in target lesions to

evaluate progression and therapy response. This study aims to explore if

panel-based analysis of circulating tumor DNA (ctDNA) taken at three-week

intervals may provide a window into the growing cancer, be used to identify

non-responding patients early, and to determine genomic alterations

associated with acquired resistance to checkpoint immunotherapy without

analysis of tumor tissue biopsies. We designed a gene panel for ctDNA

analysis, and sequenced 4-6 serial plasma samples from 24 patients with

unresectable stage III or IV melanoma and treated with first-line checkpoint

inhibitors enrolled at the Department of Oncology at Aarhus University

Hospital, Denmark. TERT was the most mutated gene found in ctDNA and

associated with a poor prognosis. We detected more ctDNA in patients with

high metastatic load, which indicates that more aggressive tumors release

more ctDNA into the bloodstream. While we did not find evidence of

specific mutations associated with acquired resistance, we do demonstrate

in this limited cohort of 24 patients that untargeted, panel-based ctDNA

analysis has potential to be used as a minimally-invasive tool in clinical

practice to identify patients where the benefits of immunotherapy outweigh

the drawbacks.



The study (#1-10-72-230-19) received ethical approval on 21th of January
2021.

Keywords: Circulating tumor DNA, melanoma, immunotherapy

Introduction

Advanced melanoma is an aggressive cancer type with an overall poor

survival rate and limited response to traditional cancer therapy regimes

such as chemotherapy. Over the past decade, immunotherapy has entered

the clinic and has now become a cornerstone of the treatment of

melanoma with remarkably improved overall survival rates1. Nevertheless,

while almost half of the patients will benefit from the treatment and a

considerable subset may even become long-term survivors, the remaining

patients will experience little to no benefit from the therapy. Considering

that immunotherapy is associated with potentially persisting adverse events

for the patients, there remains an unmet need for understanding why

some patients will benefit from immunotherapy while other patients will

not. Currently, this remains unclear. Several studies have explored

biomarkers that may predict response to immunotherapy. Potential

biomarkers include high PDL1 expression for anti-PD1/PDL1 therapies, and

high tumor mutational burden (TMB), both now approved by the United

States Food and Drug Administration (FDA) as an indication for using

immunotherapy unrelated to diagnosis2. Other biomarkers have been

reported as associated with immunotherapy response, including clonal

TMB3, an inflammation gene expression signature4, and a signature based

on soluble PD-15. Additionally, somatic mutations of specific genes in the

cancer cells have been found to influence the tumor microenvironment and

the ability of tumor cells to evade the immune system, and hereby confer
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immunotherapy resistance6. These include inactivating mutations in PTEN,

the third most frequently mutated gene in melanoma, which has been

reported to be associated with resistance to checkpoint inhibition (CPI) in

patients suffering from this disease7.

Circulating tumor DNA (ctDNA) is defined as the fraction of cell-free DNA

found in the blood, and is derived from the tumor. In recent years ctDNA

has been extensively studied as a non-invasive biomarker in multiple cancer

types8. Analysis of ctDNA can identify tumor-specific mutations, which

reflect the genetic composition of the entire tumor, and ctDNA levels have

been shown to correlate with both tumor burden and clinical outcomes

during treatment9. Targeted deep sequencing of ctDNA at different time

points during immunotherapy for genes involved in cancer cells' immune

evasion may help resolve clonal diversity and identify the resistant clone. By

timing molecular alterations with onset of resistance, it may be possible to

decipher one possible contributing factor of resistance to immunotherapy.

Several studies have found that patients with detectable ctDNA prior to

treatment had worse progression-free survival (PFS) and worse overall

survival (OS) than patients with undetectable ctDNA. Moreover, changes in

ctDNA levels have been found to correlate with radiologic response, and a

decrease in ctDNA level during therapy was shown to be associated with

response and longer PFS and OS10–18. Taking ctDNA assays into the clinic has

also faced challenges due to sensitivity limitations, particularly in patients

with metastases at sites protected by the organ blood barrier19.

Nevertheless, the overall utility of ctDNA as a non-invasive biomarker with

insights into tumor biology makes it a valuable tool for real-time monitoring

of response during treatment.
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In this prospective study we aim to improve the understanding of the tumor

biology that drives immunotherapy resistance in metastatic melanoma. We

designed a clinical trial, where we hypothesized that patients diagnosed

with melanoma and treated with immunotherapy would fall into three

groups: (1) those that respond initially and continue to respond

(responders), 2. those that fail to ever respond (innate resistance), and 3.

those that initially respond, but over time develop resistance (acquired

resistance). By using a custom tumor-agnostic ctDNA panel to identify

genomic alterations before, during and after immunotherapy, we show how

ctDNA levels remain low or undetectable in patients with therapy response,

while it is present or increases in patients resistant to therapy. Additionally,

by including known melanoma driver genes in the ctDNA panels, we

demonstrate how it is possible to acquire novel insights into the biology

behind response and resistance to immunotherapy.

MATERIALS ANDMETHODS

Patients

Clinical characteristics are summarized in Supplementary Table 1 and a full

clinical table is found in Supplementary Table 2. Patients with unresectable,

previously untreated stage III or IV melanoma who received systemic

treatment with immune checkpoint inhibitors were eligible for the study.

Key inclusion criterias were absence of uveal melanoma, absence of

another primary cancer, and no previous diagnosis with cancer. In total we

enrolled 24 patients with metastatic melanoma treated with first-line

checkpoint inhibitors at Aarhus University Hospital in 2017. Ten patients

received pembrolizumab at a dose 2 mg/kg every 3 weeks and the



remaining 14 patients received nivolumab 1 mg/kg plus ipilimumab 3 mg/kg

every 3 weeks, followed by maintenance nivolumab 1 mg/kg. Median

follow-up time was 794 days, range (63 - 2008).

Disease characteristics and response assessment

Patient demographics and clinicopathologic features included: age, gender,

performance status, metastatic sites at baseline, and lactate dehydrogenase

(LDH). Elevated LDH level was defined as levels above 205 units/liter (U/L)

for patients below the age of 70 and above 255 U/L for patients above the

age of 70. Diagnostic tumor biopsies were routinely screened for BRAFV600

status and PD-L1 expression level (</> 1%). Treatment responses were

evaluated by Positron emission tomography/computed tomography

(PET/CT) scans of the chest, abdomen, and pelvis, and magnetic resonance

imaging (MRI) in case of known brain metastases. We defined

immunotherapy response groups as either Responders (11/23 patients with

long-lasting response to the treatment), Resistance (9/23 patients with no

response), and Acquired resistance (4/23 patients with acquired

resistance). The definition of acquired resistance encompassed patients

that initially showed response on first-line therapy based upon at least one

CT evaluation scan, but later progressed or died within 12 months of

follow-up. Median time to progression or death for responder patients was

639 days (range 487 - 1362, 5/11 patients progressed or died during

follow-up), 121 days for resistant patients (range 30 - 273, 9/9 patients

progressed and died during follow-up), and 200 days for acquired

resistance patients (range 152 - 334, 4/4 patients progressed or died during

follow-up). Median follow-up time was 1893 days for responders (range 778

- 2008), 293 days for resistant patients (range 63 - 1166), and 453 days for



acquired resistance patients (range 248 - 809). Additionally, we defined

metastatic load groups as high (equal to or more than 3 metastatic sites,

12/24) and low (less than 3 metastatic sites, 12/24). The number of

metastatic sites was determined through CT-scans at follow-up times.

Survival status was evaluated at the end of the follow-up period (14/24

deceased, 10/24 alive).

Sample collection and preparation

Peripheral blood samples (3 X 10mL Ethylenediamine tetraacetic acid (EDTA)

tubes, BDVacutainer, Plymouth, United Kingdom) were obtained at baseline

(immediately before treatment initiation) and every 3–4 weeks during

treatment for up to one year after treatment initiation. Plasma was isolated

from peripheral blood samples within 2–3 hours after blood collection by

1800 X g for 10 min at room temperature (RT). Plasma was cryopreserved at

-80ºC.

Circulating-free DNA (cfDNA) extraction

cfDNA was extracted from 4 mL plasma using the QIAamp Circulating

Nucleic Acid Kit (Qiagen, Hilden, Germany) according to the manufacturer’s

protocol. The isolated DNA was eluted in a 100 µL elution buffer and stored

at -80ºC until analysis.

Circulating tumor DNA analysis and sequencing

A custom gene panel for next-generation sequencing (NGS) for ctDNA

analysis was designed using Qiagen’s design services covering a total of 40

genes. The 40 genes chosen for the panel are known to be associated with

cancer cells susceptibility to immune attack (Supplementary Table 3). The



panel covers a total of 150,000 base pairs of genomic content. Sequencing

of the ctDNA panel was performed at 15,000x using an Illumina NovaSeq

platform. In addition to the whole genes in the panel, the TERT promoter

region was sequenced.

ctDNA variant calling and filtering

Variants were called using the Shearwater algorithm from the deepSNV R

package 20,21. Variants were called on a per-sample basis and the set of

samples independent of the currently analyzed sample was used as

background. Mutant allele frequency (MAF) and p-values per position and

alteration were calculated and the most significant alteration as well as the

reference allele per position were identified. Only driver alterations that

were significant (p <= 0.05) at any time point per patient were retained, the

remaining alterations were excluded from further analysis. The retained

variants were annotated using Annovar based on the hg38 reference

genome. Variants were excluded as potential single nucleotide

polymorphisms (SNPs) if their mutant allele frequency exceeded 0.4, if ExAC

or gnomAD values exceeded 0.01, or if they were marked as likely SNPs

based on high (>0.1) and constant MAF over time. Driver mutations were

defined as previously described 22, essentially based on detrimental

mutations or frameshifts to known cancer genes as defined by the

Catalogue of Somatic Mutations In Cancer (COSMIC)23 cancer gene census24.

In particular, the annotation was performed in the following manner:

1. A driver gene list was compiled from genes present in the COSMIC

cancer gene census, as well as genes found in large pan-cancer

studies.25
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2. If a gene was listed in the COSMIC cancer gene census as tumor

suppressor and 2 out of the 3 computational methods (Sift26,

Polyphen27, and MutationTaster28) identified the variant as stop-gain

or predicted deleterious, then it was annotated as a driver mutation

3. If a gene was listed in the COSMIC cancer gene census as an

oncogene and an exact match of the variant was found in COSMIC at

least 3 times, the variant was again annotated as driver variant.

To further reduce noise from SNPs and low-frequency subclonal mutations,

only variants considered likely driver mutations were used in the analysis. A

filtered variant table including all driver variants found significant in a given

patient at least once is found in Supplementary Table 4.

Sensitivity analysis

We performed in-silico benchmarking by running the Shearwater algorithm

on a synthetic dataset. The test data was generated in the following

manner:

1. A patient’s baseline sample was chosen randomly, and the count

matrix was filtered for the BRAF V600E position. From the count

matrix containing this position in 93 samples (the random patient’s

baseline sample and all other samples from the remaining patients),

the ranges of counts for A and T nucleotides were obtained for the

forward and backward strands.

2. A test matrix was generated where the 93 rows corresponded to

samples and the 10 columns corresponded to nucleotides (A, T, G, C,

and X corresponding to deletion, forward and backward strands).

3. Nucleotide A (columns 1 and 6) was chosen as reference, and

nucleotide T (columns 2 and 7) was chosen as variant.
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4. Using the count ranges obtained in Step 1, the counts are increased

for the variant nucleotide T in each iteration, starting from 0 to the

maximum observed variant count. The A nucleotide counts are set to

the maximum observed reference count.

5. Each resulting count matrix is analyzed by Shearwater, yielding a

p-value for the variant. The MAFs are calculated by dividing the

variant count by the corresponding row sum.

After summarizing over each iteration, we report a median MAF limit of

detection of 0.062 (IQR: 0.039 - 0.084, Supplementary Figure 1).

Statistical analysis

Per-patient MAF was calculated by taking the mean MAF of variants

annotated as likely driver mutations, per time point. OS was defined as time

from treatment initiation to the date of reported death due to any cause.

Patients without disease progression or who were still alive at last follow-up

were censored at the last follow-up date (15th of August 2021). All analysis

was performed in R version 3.6.2, using Tidyverse 29 and ggpubr30, scales31,

ggrepel32 for visualizations. For significance testing, Wilcoxon test was used

unless otherwise mentioned. P-values less than 0.05 were considered

significant. All p-values are two-sided.

Ethics approval and consent to participate

The committees on Biomedical Research Ethics in the Central Region of

Denmark approved the study (#1-10-72-230-19). The study was performed

in accordance with the Declaration of Helsinki and all patients provided

written informed consent.
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Data availability statement

The data generated in this study are available within the supplementary

data files. Due to privacy laws, access to raw sequencing data is restricted.

Raw data can therefore only be made available following approval from the

Danish National Committee on Health Research Ethics and the Danish Data

Protection Agency. Access requests should be directed to the corresponding

author.

RESULTS

Cohort overview

We endeavored to investigate the utility of tracking response to

immunotherapy and development of treatment resistance using a custom

tumor-agnostic ctDNA panel. For this purpose, we collected plasma samples

from a cohort of 24 patients with metastatic melanoma, starting 1st line

checkpoint immunotherapy with either pembrolizumab or with a

combination of nivolumab and ipilimumab. From all patients, a baseline

blood sample was analyzed, followed by additional blood samples drawn

during treatment. From these, we purified and analyzed ctDNA using a

custom panel and an in-house bioinformatics pipeline (Figure 1). Patients

were grouped into Response (lasting response to immunotherapy, 11

patients), Acquired resistance (initial response, then acquired resistance to

immunotherapy, 4 patients), and Resistance (no response to

immunotherapy, 9 patients).



Figure 1. Study overview. 24 patients with metastatic melanoma were enrolled in the

study at Aarhus University Hospital in 2017. Prior to receiving systemic treatment

with first-line checkpoint inhibitors, a baseline blood sample was taken.

Subsequently, 10 patients were selected to receive treatment with Pembrolizumab

and the remaining 14 patients received a combination of Nivolumab and

Ipilimumab. Over the course of treatment, three additional blood samples were

extracted. After cell-free DNA extraction from plasma, circulating tumor DNA was

sequenced at 15000x depth using a custom gene panel consisting of 40 genes

known to be associated with immunotherapy response. Mutations were called in

the resulting ctDNA data by running the Shearwater algorithm on a per-sample

basis, using the samples from independent patients as background. Following

statistical analyses were performed in R.

ctDNA frequency shows no difference between response groups

Relative to a tumor-informed ctDNA approach, our tumor-agnostic

approach had the benefit of not requiring prior tumor DNA sequencing in

order to call cancer mutations in plasma. However, this benefit comes with



an increased risk of calling germline variants as potential tumor mutations.

To minimize this, only variants considered likely cancer driver mutations

were included in the downstream analysis (see methods). For all patients,

we calculated the mean mutant allele frequency (MAF) for all

driver-annotated variants found significant at baseline on a per-patient

basis. For 9/24 patients where ctDNA detection was not possible at baseline,

we set the mean MAF to 0. In our limited cohort of 24 patients, we observed

no differences in baseline ctDNA MAF between patients with a response to

treatment versus patients with no response to treatment (Figure 2A);

however, when comparing ctDNA detection status at baseline, we observed

a significant difference between the three response categories, showing

that resistant and acquired resistant patients released ctDNA at baseline

with higher likelihood. (p = 0.0464, Figure 2B). Additionally, when

performing a survival analysis comparing patients with ctDNA detected at

baseline to patients with no ctDNA detected, no significant difference was

found, although a trend towards poor outcome for patients with ctDNA can

be observed (P = 0.15, Supplementary Figure 2). Considering the limited size

of the present cohort, it is likely that in a larger cohort, an association with

outcome would be found.

We explored the association between ctDNA MAF and survival. We have

found no significant difference in baseline MAF (p = 0.24) or ctDNA

detection status at baseline (p = 0.403) when comparing patients who died

during the study with those who remained alive (Supplementary Figure 3

A-B). We then investigated whether ctDNA MAF might be associated with

metastatic burden. Here, we observed that patients with a high metastatic

load harbored significantly higher ctDNA MAF levels at baseline (p = 0.041,



Supplementary Figure 4A), supporting an association between cancer

burden and ctDNA levels. However, we did not observe a significant

difference in the percentage of patients showing ctDNA detection at

baseline between high and low metastatic load (p = 0.4, Supplementary

Figure 4B).





Figure 2. Mutation analysis. A) Violinplots showing the mutant allele frequency at

baseline. Values shown on the Y axis are calculated by taking the mean MAF over

all filtered variants per patient. X axis and color show response category. B)

Stacked bar plots showing the percentage of patients per response category where

ctDNA was detected at baseline. X axis shows response category, Y axis displays

patient percentage, color corresponds to the detection status at baseline. C)

Heatmap showing the percentage of patients carrying mutations in panel genes.

The percentages are calculated within categories. Color intensity corresponds to

the percentage values. D) Heatmap showing the percentage of patients carrying

mutations in panel genes, split according to metastatic load categories.

Visualization follows panel C). E) Heatmap-barplots showing the driver mutation

profile of the cohort. Blue tiles indicate that a mutation was detected at baseline,

red tiles indicate mutations that were not found at baseline but were detected at a

later time point. Top annotations show patient characteristics: response category

(pink: response, green: resistance, blue: acquired resistance), survival status (gray:

alive, black: dead) and metastatic load (blue: low, <3 metastatic sites, red: high, >=3

metastatic sites). Barplots on the side show the percentage of patients carrying a

driver mutation per response category (pink: response, green: resistance, blue:

acquired resistance).

Patients resistant to treatment harbor TERT alterations in ctDNA

Next, we determined the percentage of patients with detectable mutations

annotated as drivers in ctDNA in any of the 40 panel genes (methods). Of 40

genes investigated, we found at least one driver mutation in 20 genes in at

least one patient. We observed that the telomerase gene TERT was the most

commonly altered gene found mutated in ctDNA in patients that developed

therapy resistance (affecting 5/13 resistant and acquired resistant patients).

In comparison, only 1/11 patients with response to therapy harbored a

mutation in TERT (Figure 2C and Supplementary Figure 4C). This is



consistent with findings from previous studies associating TERT with poor

outcome33, and implicates TERT with immunotherapy resistance. This gene

was found as most commonly altered in the high metastatic load subgroup

as well, compared to their low metastatic load counterparts (Figure 2D and

Supplementary Figure 4D). We identified a similar trend when comparing

deceased and alive patients, with TERT being the most frequently mutated

gene in the deceased subgroup (affecting 4/14 deceased and 2/10 alive

patients, Supplementary Figure 3C). BRAF was the second most mutated

gene overall, affecting 3/9 resistant patients and 2/11 responders. No

significant difference in the frequency of BRAF mutations was observed

between responders and resistant patients. When we compared patients

with resistance to patients with acquired resistance, we observed no

pattern in the overall mutations found in ctDNA arising after initiation of

immunotherapy (Figure 2E, red squares indicate mutations only found in

later liquid biopsies). Thus in this limited cohort, no mutation to specific

genes could be associated with acquired resistance to immunotherapy.

Patients with response to therapy tend to harbor fewer detectable

driver mutations in ctDNA

When we compared ctDNA between the patient response groups, ctDNA

was detected at baseline in 4/11 (36%) of the responder patients. This

compares to 7/9 (78%) and 4/4 (100%) of the resistant patients and patients

showing acquired resistance, potentially reflecting a lower initial disease

burden among patients responding well to therapy (Figure 3). As expected,

all responding patients showed a decline in ctDNA during their treatment,

with no patients having detectable ctDNA in their last blood sample. In

comparison, ctDNA was found in the last blood sample of 7/9 resistant
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patients. Patients 50 and 64 were both resistant to therapy, but showed no

ctDNA in their last blood sample. No ctDNA was found at any time point for

patient 50, which may indicate that the cancer harbored no driver

mutations within the panel, making it essentially undetectable by our

tumor-agnostic panel. Conversely, a single driver mutation, the

chr12:45852805:T alteration affecting ARID2, was found in patient 64 at

baseline. This mutation was not found during follow-up, and may represent

a minor subclone eliminated by the treatment. Among the patients with

acquired resistance, 4/4 showed at least one ctDNA positive blood sample

during follow-up. Patient 37 showed detectable ctDNA only at baseline,

despite recurrence detected by CT-scan prior to the last blood sample being

obtained. This may reflect an overall low disease burden or subclonal

selection resulting in outgrowth of a subclone harboring no driver

mutations in the ctDNA gene panel. Considering resistant and acquired

resistance patients together, we observe that overall 12/13 patients had at

least one ctDNA positive sample, indicating that the current tumor-agnostic

gene panel, selected to enrich in known cancer genes commonly mutated in

melanoma, can detect cancer in 92.3% of patients. In this analysis, patients

showing a response to therapy are not included, as we here cannot discern

between cancers that are negative due to no driver mutations found within

the ctDNA gene panel and cancers that are negative due to therapeutic

response to therapy.



Figure 3. Driver mutation detection per response category. Dotplots showing driver

mutation detection status over the course of the study. Y-axis shows patient ID,

X-axis shows the days passed since the baseline blood sample was extracted. Dots

correspond to blood tests taken, empty dots indicate no driver mutation detected,

red dots indicate that driver mutations were detected in the sample.

It has previously been suggested that ctDNA detection likely mostly

depends on the total number of cancer cells34, which is consistent with the

finding that patients with a higher metastatic load showed a higher MAF on

average (Supplementary Figure 4A). However, in this cohort of limited size,

metastatic load showed no association with outcome (Supplementary

Figure 5).

Evaluating ctDNA dynamics during therapy

Lastly, we investigated the utility of the ctDNA panel as a biomarker for

treatment response in a longitudinal setting. For this purpose, we analyzed

the ctDNA MAF in serial samples in all patients, and compared it to

treatment response (Figure 4-6). In patients with response to treatment,
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ctDNA was not detected at any time point in 5/11 patients. In two patients,

we detected ctDNA at baseline only. In one patient, patient 43, ctDNA was

detected at baseline, and decreased in MAF while on treatment, falling

below detection limit as treatment was discontinued (Figure 4).

In patients showing treatment resistance, ctDNA was detected in 7/9

patients at baseline. One additional patient became ctDNA positive as their

disease progressed. We observed an increase in ctDNA MAF between

baseline and clinical relapse for 4/9 patients (Figure 5).

For patients who acquired resistance to treatment, ctDNA levels were low,

but were detected at baseline for all 4 patients (Figure 6). Overall, these

observations indicate that in this cohort, ctDNA dynamics alone cannot be

used as a reliable biomarker of therapeutic response.



Figure 4. Longitudinal analysis of ctDNA in patients with response. Per-patient plots

showing the driver mutations detected over the course of treatment and clinical

history. Y axis shows the mutant allele frequency, X axis shows the days since the

baseline blood sample. Colored dots indicate detected mutations, empty dots

signify that a blood sample was taken at the time point but no mutation was

detected. Black line connecting the time points corresponds to the mean MAF over



time. Colored boxes show the type and time frame of treatment. Red vertical lines

show the date of clinical progression, black vertical lines show the date of death.

Figure 5. Longitudinal analysis of ctDNA in patients with resistance. Per-patient plots

showing the driver mutations detected over the course of treatment and clinical

history in patients resistant to treatment. Annotation follows figure 4.



Figure 6. Longitudinal analysis of ctDNA in patients who acquired resistance.

Per-patient plots showing the driver mutations detected over the course of

treatment and clinical history in patients developing acquired resistance to

treatment. Annotation follows figure 4.

Discussion

In this study we report differences in genomic alterations between patients

that have a complete response to immunotherapy compared to patients

that have either no response or have developed acquired resistance. By

using a unique panel of well-established genes known to be involved with

the development of melanoma and checkpoint inhibition response, we have

demonstrated how genomic data can be used to analyze and identify

certain differences in responses to immunotherapy in patients with

metastatic melanoma. Consistent with current literature, we have found

that a higher percentage of resistant and acquired resistance patients

harbor a mutation in TERT compared to their responder counterparts.

While we cannot exclude that TERT mutations may also be found in



subclones in tumors not shedding ctDNA, our data indicate that genomic

alterations in the TERT gene found in ctDNA can be used as a predictor for

poor prognosis and poor response to immunotherapy. Currently, there is a

strong focus on investigating ctDNA and exploring and validating the use of

ctDNA in clinical practice. One of the strengths of our study is the

continuous blood samples obtained during treatment, which has enabled

analysis of the dynamics of ctDNA over time. Potentially, continuous blood

samples can be used to detect recurrence even before the cancer is

detectable on follow-up scans. We observed no differences in overall ctDNA

levels between responders, resistant, and acquired resistant patients in this

cohort, either at baseline or at any time point during treatment and

follow-up. This indicates that ctDNA levels alone may not be sufficient to

identify metastatic melanoma patients likely to respond to immunotherapy.

However, other studies have demonstrated a correlation between low levels

of ctDNA and disease burden, also in metastatic melanoma patients35. Thus,

our results may indicate a sensitivity issue with tumor-agnostic approaches

such as the one applied here. Particularly, the panel gene set was limited to

40 genes, representing a relatively small panel size, which limited sensitivity.

Since our study commenced, further experience and technical

improvements in ctDNA purification methods have demonstrated improved

yields. Particularly, it is today standard to double-spin samples prior to

plasma collection as this reduces contaminating nuclear DNA36. However,

our study was initiated before this was established as a superior

methodology, and to ensure uniformity in sample collection, all samples

were only subjected to a single round of centrifugation. This may have

reduced the total ctDNA yield per sample, and thus negatively affected our

ability to detect somatic mutations, particularly in samples with low ctDNA
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burden. Despite these limitations, we did observe using our tumor agnostic

panel that resistant and acquired resistant patients tended to be ctDNA

positives at baseline more often than responders..

In our work, we found significant differences in ctDNA MAF when we

compared patients with high and low metastatic load. This indicates that, in

line with current literature, patients harboring higher metastatic load will

shed more ctDNA into circulation due to a higher cancer cell burden34.

Additionally, we observed an enhanced signal of TERT mutations in the high

load group, which is consistent with already published work33 associating

TERT with poor prognosis. Potentially, TERT can act as a biomarker for

identifying patients likely resistant to immunotherapy, however, this needs

to be further validated in a larger cohort.

A major limitation to our study is the small cohort size as well as a lack of

tumor biopsies or germline control samples which is a challenge for ctDNA

mutation calling and makes it difficult to evaluate the performance of our

variant filtering and noise reduction. While we use independent samples as

background for variant calling and known SNP databases to filter out

normal alterations, we expect that some melanoma-specific variants remain

undetected or are excluded during filtering. Nevertheless, after meticulous

analysis of the data, we here show how a tumor agnostic panel ctDNA can

be used to inform about tumor biology and cancer progression, and we

believe our study may serve as a starting point for deeper investigations

into the utility of ctDNA in metastatic melanoma and the biology of

treatment response.

https://paperpile.com/c/HHd1A2/DTyfR
https://paperpile.com/c/HHd1A2/SxlAf


Supplementary Figure 1. Violin-boxplot showing the results of the in silico sensitivity

benchmarking results of our in-house bioinformatics pipeline.



Supplementary Figure 2. Kaplan-Meier curve showing overall survival comparing

patients with ctDNA detected at baseline to patients without detected ctDNA at

baseline.



Supplementary Figure 3. Mutation analysis comparing patients who deceased over the

course of treatment with patients who were alive at the last follow-up. A) Violinplots

showing the mutant allele frequency at baseline. Values shown on the Y axis are

calculated by taking the mean MAF over all filtered variants per patient. X axis and

color show survival status. B) Stacked bar plots showing the percentage of patients

per survival category where ctDNA was detected at baseline. X axis shows survival

status, Y axis displays patient percentage, color corresponds to the detection

status at baseline. C) Heatmap showing the number of patients carrying mutations

in panel genes. Color intensity corresponds to the values.





Supplementary Figure 4. Mutation analysis. A) Violinplots showing the mutant allele

frequency at baseline. Values shown on the Y axis are calculated by taking the

mean MAF over all filtered variants per patient. X axis and color show metastatic

load category. B) Stacked bar plots showing the percentage of patients per

metastatic load category where ctDNA was detected at baseline. X axis shows

metastatic load category, Y axis displays patient percentage, color corresponds to

the detection status at baseline. C) Heatmap showing the number of patients

carrying mutations in panel genes, split according to response categories. Color

intensity corresponds to the values. D) Heatmap showing the number of patients

carrying mutations in panel genes, split according to metastatic load categories.

Visualization follows panel C). E) Heatmap-barplots showing the driver mutation

profile of the cohort. Blue tiles indicate that a mutation was detected at baseline,

red tiles indicate mutations that were not found at baseline but were detected at a

later time point. Top annotations show patient characteristics: response category

(pink: response, green: resistance, blue: acquired resistance), survival status (gray:

alive, black: dead), and metastatic load (blue: low, <3 metastatic sites, red: high,

>=3 metastatic sites). Barplots on the side show the percentage of patients carrying

a driver mutation per metastatic load category (red: high, blue: low).



Supplementary Figure 5. Kaplan-Meier curve showing overall survival comparing

patients with high metastatic load to patients with low metastatic load.
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