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Chapter 1

Introduction

The Whole is Greater than the Sum of its Parts

Attributed to Aristotle

Brief history of the gene

T
he hereditary instructions for the development, direction and maintenance of
a cellular organism are encoded within the deoxyribonucleic acid (DNA) of

the species. This genetic blueprint is encased within its double helical molecular
structure, as revealed and made famous by Watson & Crick (as inspired by the work
of Rosalind E. Franklin) in 1953.1 The DNA resides within the nucleus of the cell as
compact structures termed chromosomes.

The chemical makeup of DNA, and thus the hereditary and biochemical prop-
erties of terrestrial life, is derived from only four basic constituents known as nu-
cleotide bases. These nucleotides can be recognized as adenine, thymine, cytosine
and guanine, shortened and canonically denoted by their characteristic acronym as
A, T, C, G respectively (Figure 1.1).

The order of these nucleotides (A, T, C and G) determines the genetic messages
which are to be followed and carried out by the complex molecular machinery of
the cell. The DNA consists of two intertwined strands, each strand recognizable
by the orientation of the nucleotides in regard to the phosphate backbone of the
DNA; going up-/ or downstream the rigid backbone (5’ -> 3’). Nucleotide bases on
opposite strands are paired in complementary fashion, an adenosine (A) is always
paired with a thymine (T) and each cytosine (C) is similarly paired with a guanine
(G) through hydrogen bond interactions.

1



1
2 Chapter 1

Figure 1.1: The major building blocks of life and members of the nucleotide family: adenine (A), thymine
(T), cytosine (C) and guanine (G).

Prior to the characterization of the physical structure of DNA, the scientific com-
munity already possessed extensive hypotheses and models of the hereditary nature
of phenotypical traits observed in life, within both animal and plant kingdoms. Un-
recognized for many years after its initial publication in 1865 and rediscovered only
∼40 years later, the experiments into the proposed patterns of inheritance within
the common garden pea (Pisum sativum) by Johann Gregor Mendel captured much
of the abstract foundations of modern genetics, including the description of ex-
changeable ”Zellelemente” as minute and abstract units of inheritance; later these
elements would be redefined into our current understanding of genes.2 However,
the first usage of the term ”gene” would only be seen much later in the work of
Hugo de Vries in 1901, proposing that mutations in pangenes were the drivers of
genetic diversity and the possible origin of species.3 In 1909, Wilhelm Ludvig Jo-
hannsen extended upon this reasoning and proposed the term gene to describe
a more exact definition of these units of inheritance in regards to phenotypical
changes relating to underlying genotypical changes within species.4 The whole of
these genetic messages within the species is termed the genome, containing all
DNA with its underlying genes and genetic information.

Following the notion of Mendel’s observation on his Second Law (inherited traits
are able to segregate independently), Walter S. Sutton (in 1903) discovered that
the inheritance of genes was in close relation to the outcome of chromosomal seg-
mentation during cell division, leading to the first observations that certain genes
are harbored on specific chromosomes.5 Several years later in 1910, utilizing the
genetic model of the fruit fly (Drosophila melanogaster), Thomas Hunt Morgan and
colleagues discovered that genes indeed lie upon fixed positions within chromo-
somes (in this case sex-linked) and following this discovery, further employed the
fruit fly to publish the first-ever genetic map detailing the chromosomal location of
several genes within its genome.6,7
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With these observations, it also became evident that the number of genes is
vastly greater than the number of corresponding chromosomes. Early cytogenetics
revealed the distinctive karyogram of the diploid human chromosomal landscape,
22 autosomal chromosomes, denoted based upon decreasing chromosomal length,
and two allosomes (XX for females and XY for males). Deviations from this canon-
ical chromosomal pattern within the parental germ-cells (giving rise to the zygote)
or aberrations during embryogenesis are linked to a wide range of genetic and phe-
notypic abnormalities within individuals. A small overview of such common genetic
disorders due to chromosomal aberrations is given in Table 1.1.

Since then, advancements in molecular techniques and technological innova-
tions have elucidated much of the complex molecular mechanics and interplay of
cellular machinery driving genetic inheritance and messaging.20,21 Several major
advances which aided in revealing the genetic code of life include several Nobel-
prize winning works within the field of chemistry, physics and physiology or medicine.
In 1957, using Escherichia coli models, Arthur Kornberg and colleagues discovered
the family of enzymes (DNA polymerase) involved in DNA replication22 and uti-
lized these DNA polymerases to invent various supporting molecular techniques to
ultimately decipher the ribonucleic acid (RNA) codon table. Har Gobind Khorana
and colleagues synthesized the first oligonucleotides, and in 1976, the first syn-
thetic gene.23 Discoveries of more accurate and thermally-stable DNA polymerases
within other species, such as Thermus aquaticus (Taq), and modifications to im-
prove the replicative potential of these enzymes allowed for the invention of several
key sequencing principles. In 1977, Frederick Sanger and colleagues revealed their
work on a DNA sequencing technique revolving around the selective incorporation
of chain-terminating dideoxynucleotides to sequentially determine the nucleotide
sequence of a given DNA molecule, known as Sanger sequencing.24 Subsequently,
they used this technique to fully characterize the first DNA-based genome, that of
the bacteriophage ϕX174 (PhiX).25 However, these techniques required the input
of large quantities of DNA molecules for accurate detection which warranted exten-
sive time and effort to quantify and isolate. This issue was alleviated in 1983 by
Kary Mullis and colleagues with the invention of polymerase chain reaction (PCR);
a rapid and accurate DNA template replication process which is still the de facto
method for producing the large concentrations of pure DNA necessary for sequenc-
ing. During these major discoveries which led to more accessible and automated
sequencing approaches, the first complete protein-coding gene sequence to be re-
vealed (through nuclease digestion of the respective RNA molecule and subsequent
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separation by electrophoresis) was that of the small bacteriophage MS2 in 1972,
which was shortly expanded upon with the first fully sequenced genome (consti-
tuting 3569 bases and present as single-stranded RNA molecule) in 1976, both by
the laboratory of Walter Fiers within the university of Gent.26,27 These prior efforts
were pivotal to the future of modern genetics in revealing the essence of genetic
mapping but showed that much manual labor was required to genotype only few
genes and/or small genomes.

Advancements within the molecular and technical instruments required to si-
multaneously sequence large batches of DNA, allowed for the promise of fully se-
quencing and investigating larger genomes; including the full genetic sequence of
man. The Human Genome Project (HGP), the largest international scientific re-
search project to date, sought to fully determine every single nucleotide of the
human genome. The HGP, initiated in 1990, revealed the first draft version of the
human genome on June 26, 2000 and provided a more finalized human genome on
April 14, 2003. The total cost of this enormous project is estimated to be around 2.7
billion U.S. dollars. This huge collaborative effort has sparked much technological
and biological innovation and is to-this-day paramount to many current landmark
studies and routine diagnostics.28,29 Continued research by the HGP and many
laboratories around the world has yielded a complete human genome (currently
version GRCh38.p13) which is used as a healthy reference genome to detect ge-
nomic abnormalities within patients suffering from a wide scale of genetic diseases.
This genome consensus has been assembled from the DNA derived from the white
blood cells of four randomized healthy individuals (two male and two females). The
current draft of the human reference genome is ∼3.1 billion nucleotides in length
and contains 19,982 protein-coding genes (with experimental evidence), according
to the GENCODE consortium (v33)30. Only several challenging repeat-like genomic
regions and correct placement of several contigs are left in revealing the complete
genetic code of man. However, the current genomic sequence is more than suffi-
cient in serving as a critical and high-quality reference in distinguishing functions
and clinically-relevant mutations within genetic disease and malignancies. A small
overview of common germline single-gene disorders, in which genes only slightly
deviate from this reference genome due to small single base-substitution or inser-
tion/deletion mutations, is given in Table 1.2.

To further underscore the scientific and societal importance of unobstructed
access to this resource, the United States Supreme Court (2013; Association for



1
6 Chapter 1

Table
1.2:

O
verview

of
com

m
on

genetic
diseases

associated
w
ith

base-substitution
or
insertion/deletion

m
utations

w
ithin

single
genes.

M
ean

prevalence
per

10.000
new

borns
w
as
retrieved

from
O
rphanet 31

on
M
ay
31
st
2020.

D
isease

P
revalence

Sym
ptom

(s)
A
ffected

gene
Inheritance

Cystic
Fibrosis

0.1
-
0.9

Chloride
im
perm

eability
leading

to
(hyper)production

of
viscid

m
ucus

leading
to

progressive
respiratory

and
digestive

dam
age

Cystic
fibrosis

conduc-
tance

transm
em
brane

regulator
(CFTR;

7q31)

Autosom
alrecessive

Sickle-cellanem
ia

1-5
Anem

ia,
bacterial

infections
and

vaso-occlusive
crisis

Beta
hem

oglobin
(H
BB;

11p15)
Autosom

alrecessive

H
untington’s

disease
0.1

-
0.9

N
eurodegenerative

disorder
of
the

central
nervous

system
character-

ized
by

unw
anted

choreatic
m
ove-

m
ents,

behavioral
and

psychiatric
disturbances

and
dem

entia.

H
untingtin

(H
TT;

4p16)
Autosom

aldom
inant

Autosom
aldom

inant
polycystic

kidney
disease

1-5
D
evelopm

ent
of

m
ultiple

cysts
w
ithin

the
kidney

leading
to
a
range

of
renalcom

plications

Polycystic
kidney

disease
1
(PKD

1;
16p13)

and
polycystic

kidney
disease

2
(PKD

2;
4q22)

Autosom
aldom

inant

Phenylketonuria
1-5

Intellectual
disability,

developm
en-

tal
delays

and
m
otor-related

disor-
ders

Phenylalanine
hydroxy-

lase
(PAH

;
12q22)

Autosom
alrecessive

Fabry
disease

1-5
M
ultisystem

ic
lysosom

alstorage
dis-

ease
leading

to
accum

ulation
ofsph-

ingolipids

Alpha-galactosidase
A

(G
LA;

Xq21)
X-linked

recessive

Tay-Sachs
disease

<
1

Accum
ulation

of
G
2
gangliosides

due
to
hexosam

inidase
A
defiency,

leading
to
progressive

neurodegra-
dation.

H
exosam

inidase
A

(H
EXA;

15q23)
Autosom

alrecessive

D
uchenne

m
uscular

dystrophy
0.1

-
0.9

Rapidly
progressive

m
uscular

w
eak-

ness
due

to
degeneration

of
skele-

tal,sm
ooth

and
cardiac

m
uscle.

D
ystrophin

( D
M
D
;
Xq21)

X-linked
recessive



1
Introduction 7

Molecular Pathology v. Myriad Genetics, Inc.) ruled that naturally occurring human
genes are not an invention and therefore cannot be patented; ensuring that no
single individual, company, nation or country can make claim to this resource.

In similar fashion, large collaborative genome-related efforts such as The Ency-
clopedia of DNA Elements (ENCODE) project have mapped many genetic regulators,
such as proximal and distal regulatory elements which bind to the DNA based on
sequence-contexts (e.g., POL2RA, EZH2 and SETDB1), promoter activities (e.g.,
H3K27ac), and chromosomal interactions.32 All this research and data have been
made available to other researchers to further our understanding of the fundamen-
tals of the human genome and their relationship to genetic diseases.

The central dogma of molecular biology

The eukaryotic DNA is comprised out of a myriad of genetic elements including cis/-
trans-acting elements, genes, introns, exons, enhancers, motif-sites, centromeres,
telomeres and many others; each with their own characteristic function and es-
sential purpose. Genes are transcribed into RNA molecules through the elaborate
process of transcription, and subsequently, messenger RNA (mRNA) molecules are
followed by translation into amino-acid structures termed proteins. All cells within
the species harbor near-identical DNA, yet based on their localization, environment
and function, differently regulate and transcribe distinct genes through molecu-
lar mechanisms affecting their transcriptome. The general and basic structure of
a gene, as exists in the human genome, consists out of several of these genetic
elements. Such genes consist out of one or multiple exons containing the protein-
coding sequence(s) and are interspersed by non-coding sequences (introns). In
addition, the starting and terminal exon(s) contain non-coding sequences known
as untranslated region (UTR). These non-coding sequences will not be incorporated
into the final protein sequence and serve other purposes, such as regulatory roles
and to allow alternate conjugation of exonic sequences (rather than only the linear
follow-through; alternative splicing), which greatly expands the number of protein
configurations (isoforms) derived from a single gene.

Within eukaryotes, the transcription of DNA into mature messenger RNA capable
of subsequent translation is facilitated through an intricate and efficient multi-step
process.33 Briefly, the canonical mRNA transcription process is facilitated by RNA
polymerase II, as promoted by one or more transcription factors, which generates
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a complementary RNA molecule based upon the DNA template. Post-transcriptional
modifications further ready these pre-messenger RNA molecules for export out of
the nucleus and subsequent translation, most commonly through capping, polyadeny-
lation and splicing. At the 5’-side of the pre-mRNA molecule, a 7-methylguanylate
cap (m7G) is attached serving multiple functions: 1) nuclear exportation and further
processing through interactions with the nuclear cap-binding complex, 2) recruit-
ment of the 43S pre-initiation complex through interactions with the 40S ribosomal
subunit, 3) prevents endonucleolytic cleavage, and 4) assisting in the excision of the
5’ proximal intron through splicing.33–36 At the 3’-side of the pre-mRNA molecule,
additional adenine nucleotides are attached to generate the polyadenylate (poly(A))
tail. This poly(A)-tail serves to stabilize and protect the RNA molecule from degrada-
tion.33 After these post-transcriptional modifications, the mature messenger RNA is
capable of being translated into proteins by the ribosomal machinery and facilitating
factors.

These processes allow the human genome to produce a great arsenal of RNA
molecules and proteins which maintain and propagate cellular life; an arsenal even
greater than the significant number of genes present on the genome.

Cancer: malignancy of the tissue

Repair and maintenance of the proper state of genes and cellular function(s) is
essential to all cellular life to enable the correct transfer of genetic instructions
throughout life and evolution. Spontaneous (or driven) mutational processes within
the somatic cells of an individual may give rise to an malignancy of the tissue; known
as cancer. The disease manifests itself as an uncontrolled spread and malignant
transformation of cells, both within and beyond its primary site of origin; as made
migratory through the blood and lymphoid systems. These uncontrolled clusters of
malignant cells hijack the vital resources necessary for proper organ functionality,
leading to disruptions within the careful equilibrium of the healthy cellular systems
and ultimately progressing to organ failure or otherwise fatal conditions.

Cancer is the second leading cause of death (world-wide), responsible for an
estimated 9.6 million deaths in 2018 and surpassed only in incidence by heart dis-
eases.37–39 With an estimated 18.1 million new cases each year (and rising), both
clinical and fundamental research into the underlying molecular biology, diagnostics
and treatment of this malignancy is worthwhile.
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As summarized in tables 1.1 and 1.2, genetic disorders rarely deviate from the
canonical genomic status but, instead, stretch the extent of healthy genetic makeup
due to strict cellular regulation upon the embryonic and fetal gestation process. Ma-
lignant cells however, have acquired several key principles which evade and manip-
ulate these protective cellular processes. These hallmarks include sustained prolif-
eration, evasion of growth suppressors, replicative immortality, induced angiogene-
sis, resistance to apoptotic processes, promotion of supportive micro-environments,
metabolic rewiring, immune modulation and acquirement of invasive and metastatic
potential.40,41 In addition, certain tumors (e.g., prostate cancer) exhibit extensive
genomic aberrations which are only rarely seen in germline diseases, such as catas-
trophic chromosomal re-arrangements leading to chromoanagenesis (chromothip-
sis, chromoplexis and chromoanasynthesis).42–44

Many of these hallmarks benefiting the evolutionary progression towards ma-
lignancy have been acquired by somatic alterations accrued within the human
genome; twisting and (re-)activating the genetic harbingers of cellular instruction.
Genomic alterations can arise from various internal and external origins and can ac-
crue over time if left uncorrected and without penalty. These alterations can arise
from spontaneous events due to cellular aging and common errors during rou-
tine processes such as DNA replication or mis-repair, by enzymatic induction (e.g.,
APOBEC activity), or by environmental/chemical induction through stimuli such as
carcinogens and radiation (e.g., from ultraviolet light (UV)).45,46 The minimal num-
ber of genomic mutations within coding regions required for the malignant forma-
tion of tumors within primary lesions is observed to be dependent on the tissue
and site of origin.47 The median tumor mutational burden (TMB) of bone marrow
myelodysplastic syndrome is observed to be as little as 0.8 (0.8 somatic mutation(s)
per coding megabase) whilst the median TMB of skin melanoma is observed to be
as high as 14.4.47

The genetic (mis-)instructions contributing to the malignant progression of cells
ranges per primary site and tissue of origin, with specific alterations seen mostly
only within certain tissues; e.g., the TMPRSS2-ERG gene-fusion event within ma-
lignant prostate tissue and observed within 50% of prostate adenocarcinoma.48,49

The identification and experimental validation of key recurrent somatic mutations
within genes benefiting the evolutionary trajectory of malignant cells have yielded
large sets of cancer-associated genes.50–53 These driver genes can be categorized
into two categories; (proto-)oncogenes and tumor suppressors.54 In this distinc-
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tion, (proto-)oncogenes are those genes that stimulate cell-growth, division and
survival and which accrue somatic mutations which alter their proper operation(s).
Adversely, tumor suppressor genes serving the prevention of malignant progres-
sion are often inactivated entirely. In addition to DNA-mediated (mis-)instructions,
epigenetic changes affecting the chromatin state can also disrupt the careful equi-
librium which modulates the underlying transcription of genes and can thereby
promote malignant progression and/or differentiation.55,56

Depending on the primary site of origin, time of clinical diagnosis, existing treat-
ment options and overall health of a patient, the 5-year survival outcomes differs
greatly between malignancies. Improvements in the diagnosis, treatment and pre-
vention of localized disease is steadily increasing the 5-year survival rate of cancer
patients.37–39 As the diseases progresses, the leading cause of cancer-related death
is attributed to the undisturbed spread of malignant cells beyond their primary site
to distant nodes; known as metastasis.57 Death following metastatic progression
accounts for roughly 66 percent (and possibly upwards to 90%) of all cases.58

Exceptions of fatal primary disease are often restricted to malignancies which are
particularly difficult to detect early and are often only noticeable at later and ad-
vanced stages, such as pancreatic or central nervous system malignancies.59

The constitution of malignant cells within a tumor is heterogeneous as these
have not all propagated from the same parental lineage, leading to several distinct
clonal populations within the tumor; each with their own diverging and malignant
path of tumor evolution.60 This tumor heterogeneity can be evidenced by distinct
somatic aberrations observed only within clonal fractions of the malignant popu-
lation. Conversely, clinical treatment of tumors can give rise to certain subclones
which have evolved (by random mutagenesis) and have the evolutionary advan-
tage of becoming (more) resistant to the treatment given. This field of research
is slowly being advanced by the introduction of single-cell sequencing techniques
which captures more fully this heterogeneity, yet the interpretation and possible
effects on clinical decision-making are still undergoing.61

The underlying biology of these malignancies is slowly being unraveled and
taken advantage of in novel therapies, yet much remains to be explored. Re-
cent discoveries and diagnosis are closely tied with the advancement of new or
improved molecular methodologies and sequencing techniques, together with the
experience of interpreting these results, and it stands to reason that even more bi-
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ological processes will be elucidated in coming years. This advancement will be, in
part, made possible by the availability of large sequencing data-sets which increase
our statistical power to detect rare aberrations and biological mechanisms.

Next generation sequencing in oncology

Detection of somatic mutations within a tumor genome through Next-Generation
Sequencing (NGS) of DNA reveals the evolutionary history detailing the malignant
progression and cellular origin.62 Conversely, whole-transcriptome and epigenetic
analyses allow for supplemental examination of the cellular origin and present state
of the cell. These NGS techniques allow for personalized diagnosis and putative
treatment options. The shift from the ’one size fits all’ treatment paradigm to more
personalized approaches, utilizing prognostic and predictive biomarkers, can pre-
vent unnecessary costs due to inappropriate therapy and help reduce treatment-
related toxicity. In addition, this could extend the range of putative therapies for
late-stage metastatic disease on a per-patient basis.63,64

Applications of NGS can reveal the tumor heterogeneity, characterize microsatel-
lite instability (MSI), homologous recombination deficiency (HRD), regional hyper-
mutation (kataegis) and key cancer-related somatic aberrations, including structural
rearrangements and copy-number alteration(s) (CNA), nucleotide substitutions and
small insertions and deletions within specific genes or regulatory elements. Anal-
ysis of RNA sequencing furthermore reveals abnormal expression or modifications
within the transcriptome, including biomarkers distinguishing healthy from malig-
nant tissues.

With increasing reports of genetic components associated with genetic disease,
it has become routine to perform targeted genome profiling on sets of a priori
clinically-relevant genes within patients, such as common drivers in cancer (e.g.,
TP53, ERBB2, MET, BRCA2, KRAS, SF3B1, PTEN, MSH2) or those associated with
epilepsy (e.g., SOX6, PICK1 and SLC1A3).52,65,66 Recent advances in isolating cir-
culating tumor DNA (ctDNA), circulating free DNA (cfDNA) and exosomes secreted
from cancer cells within peripheral blood even allow for the non-invasive detection,
classification and monitoring of (early-stage) malignancies and prenatal genetic dis-
eases.67–70

With the arrival of more cost-friendly, parallel, and sensitive second- and even
third-generation sequencing techniques and facilitating platforms, the cost for se-
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quencing an individual’s entire exome or genome is steadily decreasing.20,21 How-
ever, additional costs such as the storage, computational processing and trained
personnel makes whole-exome sequencing (WES) and whole-genome sequencing
(WGS) still primarily worthwhile for cancer research purposes and remains out of
reach for routine diagnostics.71 Recent and current studies, such as Drug Rediscov-
ery Protocol (DRUP), WGS Implementation in the standard Diagnostics for Every
cancer patient (WIDE) and CPCT-02 studies, are testing the feasibility of perform-
ing and interpreting WGS to broaden therapeutic options and clinical outcome for
cancer patients within the Netherlands.53,64

Landmark initiatives such as the HGP and ENCODE have inspired similar col-
laborative efforts within the field of oncology to pool together their resources and
available tumor (and matched normal) tissues to generate large and uniform NGS
data-sets which span both localized and more recently, metastatic malignancies.
An overview of several of these major publicly-available cancer cohorts is given in
table 1.3.

Table 1.3: Overview of major publicly-available next-generation sequenced cancer cohorts, with an
estimated number of unique samples as of Mar. 2020.

Cohort Disease Stage Sequencing Focus # Samples
TCGA Localized disease Exome, Transcriptome and

Methylome
10.511 51

PCAWG Localized disease Genome 2778 72

CPCT-02 Metastatic disease Genome, Transcriptome 3953 53

These large data-sets already harbor the key to uncovering novel genes, aber-
rations, and biological mechanisms relating to cancer biology, including several
regulated by events within the non-coding regions of the genome.51,53,72 Likewise,
the molecular complexity of the disease is ever increasing with observations that
also non-coding RNA (ncRNA) play critical roles through recurrent somatic mutation,
relocation and deregulation.73,74

The availability of large uniform NGS data-sets enabled the discovery of dis-
tinct genome-wide mutational signatures which could be associated with genomic
stress, somatic variation, enzymatic activities, given treatments and cellular ag-
ing.75,76 Computational procedures to deconvolute and annotate these mutational
signatures quickly became available and allowed for detection of these biologically
and clinically-relevant characteristics within single tumor genomes.
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These large cohorts and the broad applications of existing and upcoming NGS
are yet to be fully explored and will undoubtedly grant new insights into the biolog-
ical intricacies of these malignancies and will allow for novel approaches of battling
this dreadful malady which afflicts an ever-growing number of people.

The rise of computational biology

The umbrella term of ”computational biology” or ”bioinformatics” signifies a rather
broad field of closely-related scientific focuses and interdisciplinary skills. These
terms could be applicable within the evolutionary sciences, -omics sciences or any
such scientific discipline focusing on the computational analysis of large-scale data-
sets or when a systematic approach (i.e., automated or scripted) is warranted. This
role has historically been attempted by researchers taken up the additional man-
tle of data-scientist next to their other multitude of responsibilities. However, the
sheer data-deluge of current-day enormous sequencing efforts and likewise am-
bitions53,72,77–79 require sophisticated, structured and documented computational
workflows coupled with sufficient fingerspitzengefühl for accurate interpretations
and reproducible results. As the complexity and need for such workflows and tech-
nical requirements are increasing, the need for dedicated staff and centers to fa-
cilitate the storage, computational power and analysis of large-scale and in-depth
research is expanding. In turn, this led to distinct and full-time roles for bioinfor-
maticians to bridge the fields of (molecular) biology and computer science.

The importance of bioinformatics within current-day science is noteworthy, with
Wren et al. (2016)80 highlighting that over one third (34%) of the most-cited
scientific papers relate to bioinformatics. These fundamental works delve in such
topics as sequencing alignment81,82, germline and somatic variant callers83,84, pre-
diction of 2D/3D molecular structures85, local sequence similarities86–88, phyloge-
netic reconstruction and the conceptualization of accompanying statistical methods
such as bootstrapping techniques89 and large-scale collaborations and subsequent
databasing30,32,90. A recent major interest (and hype) has been placed onto the
implementation of machine-learning based methods to aid the automated image-
based classification of tissue-slides or medical scans and for the recognition of com-
plex patterns underlying gene-expressions by utilizing artificial neural networks and
feature extraction methods.85,91,92

As such, modern medicine is intertwined with the use of NGS and the accom-
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panying bioinformatics for the daily operations of molecular diagnostics and clinical
decision-making.93 The current-day costs of NGS coupled with optimized work-
flows allows for the discovery of the genetic layout and drivers underlying patient-
specific disease(s) and can thereby provide additional options such as personalized
medicine64,94,95, monitoring of the mechanisms of treatment-resistance96, detec-
tion of viral integration and components97 and can provide extensive molecular
classification which is even capable of revealing the likely tissue-of-origin for can-
cers of unknown primary (CUP)98.

Recent technical innovations such as single-cell sequencing and the increased
utility of non-invasive collection and sequencing of ctDNA have opened new promis-
ing avenues for the (longitudinal) monitoring and interrogation of the complex and
dynamic clonal interactions of malignancies, coupled with extensive interrogation
of the tumor microenvironment (TME). Due to the even-greater data-deluge and
intricacies of such biological investigation, these new avenues are again paved with
the intrinsic dependency on computational biology and will likely spark the next era
of sequencing in the field of oncology.
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Scope of this thesis

Cancer is a malignant state of the tissue which has become errant and unrespon-
sive to the internal and external checkpoints maintaining the otherwise intrinsic
and tightly-regulated processes of DNA replication, repair, and division. This malig-
nant state is greatly orchestrated and maintained through deregulated harbingers
of genetic information known as oncogenes whilst silencing the tumor suppres-
sors and its guardian roles.40 Therefore, a potential remedy or inhibition of this
malignant state lies in uncovering the complex interplay between the genetic tem-
plate (genotype) and its malignant representation (phenotype) whilst also taking
mind of the dynamic interaction with the surrounding TME and (treatment-driven)
clonal evolution. Using a variety of molecular techniques, we can already exploit
these malignant hallmarks of cancer by utilizing a wide range of genetic elements
or features which are unique, absent or over-represented within malignant tissue.
Discovering these distinct features allows us to perform molecular diagnosis and
classification of current and retrospective disease-burdens and to deduce potential
patient-specific treatment options in order to improve overall survival and quality of
life for patients.

Within this thesis, we set out to design open-source software and algorithms to
unburden the processing and interpretation of the large quantities of biological data
derived from molecular diagnosis and experimental setups. This biological data can
range from limited targeted panels of a priori-selected known oncogenes and tumor
suppressor genes to the massive data-deluge of modern-day whole genome and
transcriptome sequencing approaches. With the improved accuracy and volume of
clinically-relevant somatic markers, we set out to increase the ease of interpreting
such genomic markers for daily molecular diagnostics purposes. In addition, due to
the increased volume of detectable somatic aberrations, we set out to provide an
accurate and robust approach to translate genomic aberrations into it’s respective
protein sequence variant(s) to improve the detection and quantification of (poten-
tially immunogenic) protein-variants unique to certain malignancies and genotypes.

To better understand the scores of genomic aberrations underlying the con-
tinuation or progression of malignancies and the divergent paths to treatment-
resistance(s), we sought to interrogate the somatic inventories of two large-scale
cohorts of whole-genome sequenced metastatic castration-resistant prostate cancer
(mCRPC) and locally advanced or metastatic (advanced) neuroendocrine neoplasm
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(aNEN) for new potential avenues of patient-specific treatment; as make possible
through the combined and massive effort of the CPCT-02 study and Hartwig Medical
Foundation (HMF). As WGS allows for the interrogation of the non-coding genome,
we also sought to investigate the presence of recurrent non-coding aberrations
driving castration-resistance in mCRPC.

To further investigate potential treatment strategies for (localized) prostate ade-
nocarcinoma (PRAD), we sought to investigate the as-of-yet unknown roles of the
transcription factor ERG regarding immune-related mechanisms such as immune
evasion or suppression or altered dynamics of the TME; in comparison to normal-
adjacent prostate (NAP) tissues. Whilst the genomic fusion between TMPRSS2 and
ERG is a prevalent somatic event in PRAD (~50% of cases), any major significance
regarding overall survival or treatment-strategies remains lacking. As the tran-
scriptomic and epigenetic landscape of TMPRSS2-ERG+ PRAD differs significantly
from it’s TMPRSS2-ERG- PRAD counterpart99, differences in regards to immune-
regulatory systems could provide evidence for clinical impact and immune-based
therapies in PRAD.

As evidenced by the introduction and scope of this thesis, the sheer utility of
NGS allows us to delve into many scientific inquiries still left unanswered in our
battle against this dreadful malady known under the common moniker of cancer.
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Abstract

Exploration and visualization of next-generation sequencing data are crucial for clin-
ical diagnostics. Software allowing simultaneous visualization of multiple regions of
interest coupled with dynamic heuristic filtering of genetic aberrations is, however,
lacking. Therefore, the authors developed the web application SNPitty that allows
interactive visualization and interrogation of variant call format files by using B-allele
frequencies of single-nucleotide polymorphisms and single-nucleotide variants, cov-
erage metrics, and copy numbers analysis results.

SNPitty displays variant alleles and allelic imbalances with a focus on loss of het-
erozygosity and copy number variation using genome-wide heterozygous markers
and somatic mutations. In addition, SNPitty is capable of generating predefined
reports that summarize and highlight disease-specific targets of interest.

SNPitty was validated for diagnostic interpretation of somatic events by showcasing
a serial dilution series of glioma tissue. Additionally, SNPitty is demonstrated in four
cancer-related scenarios encountered in daily clinical practice and on whole-exome
sequencing data of peripheral blood from a Down syndrome patient. SNPitty allows
detection of loss of heterozygosity, chromosomal and gene amplifications, homozy-
gous or heterozygous deletions, somatic mutations, or any combination thereof in
regions or genes of interest. Furthermore, SNPitty can be used to distinguish molec-
ular relationships between multiple tumors from a single patient.

On the basis of these data, the authors demonstrate that SNPitty is robust and user
friendly in a wide range of diagnostic scenarios.
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Introduction

G
enetic instabilities such as somatic copy number alterations, loss of heterozy-
gosity (LOH), copy-neutral LOH/uniparental disomy, or mutational changes in

proto-oncogenes, tumor suppressor genes, and genetic regulatory elements are of
putative relevance in tumor development and progression.1,2 Somatic events can
give rise to allelic imbalances (AI) by the gain or loss of alleles due to errors in mi-
totic segregation, through single-nucleotide mutations, or through insertions and
deletions of chromosomal segments, possibly as causal factors in cancers.3–5

Striking examples are tumor suppressors such as TP53 and RB1, which are inac-
tivated in many cancers by a deletion of one allele coupled with a mutational change
in the other allele.6–8 Copy-neutral LOH/uniparental disomy, which occurs due to
loss of one parental allele and gain of the other allele, cannot be detected by calcu-
lating copy number state alone. It is therefore of paramount importance to extend
the investigation of AI to establish correct molecular diagnosis and prognosis.

The authors have previously investigated and validated the diagnostic poten-
tial of Next-Generation Sequencing (NGS) to detect allelic losses and imbalances
using heterozygous markers.9 Using heterozygous single-nucleotide polymorphism
(SNP)s, LOH and AI could be reliably detected with higher sensitivity and with
a lower amount of input deoxyribonucleic acid (DNA) (1 to 10 ng) than other
molecular techniques such as microsatellite marker analysis and multiplex ligation-
dependent probe amplification. In addition, the combination of SNPs analysis and
gene analysis by NGS was found to be a very powerful strategy for detection of
large chromosomal aberrations and mutations relevant for molecular classification
of tumors, clinical diagnosis, treatment, and prognosis.9

By utilizing informative heterozygous markers, NGS provides cost-effective and
reliable diagnostic insights into somatic AI on a per-sample basis. Reliable results
from targeted sequencing can even be achieved without the absolute necessity of
matched normal samples, albeit slightly less accurately.10 Owing to the admixture
of both normal and malignant cells in a tissue-slice section, a single tissue biopsy
sample can be used for diagnostic investigation by utilizing heterozygous mark-
ers while taking the tumor cell percentage into account. This added benefit can
be especially helpful in scenarios where the acquisition of matched normal tissue
is challenging, for example in revisiting historical samples from biobanks or brain
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tumor preparations.

Polymorphisms detected by NGS are routinely stored in generalized and stan-
dardized variant call format (VCF) files.11 Predefined standard fields for storing the
number of sequenced reads or number of observations per reference and alterna-
tive allele(s) are available in this format. VCF files are part of the output of most
industry-standard variant calling and annotation suites. B-Allele Frequency (BAF)
for each variant are computed based on standard VCF fields. The BAF formula is
a simple division of the observations per alternative allele over the sum of obser-
vations for both reference and alternative alleles. BAF thus represents the ratio
of each alternative allele per variant present in a sequenced sample and has been
applied for copy number analysis of SNP arrays.12

Besides using heterozygous variants, copy number analysis can be performed
based on the covered genome of the sequenced sample. Results of copy number
analysis, derived from segmentation-based algorithms such as the ONCOCNV soft-
ware package version 6.6 (ONCOCNV, Paris, France; http://oncocnv.curie.
fr),13 are generally stored in segment files. These copy number alteration seg-
ment files contain the absolute and/or log2 ratio of copy numbers per loci or region
as estimated by platform- or genome-wide analysis.

In the context of NGS-based targeted multigene panels using heterozygous
markers, BAF and copy number analysis can be used to estimate tumor cell percent-
ages, somatic aberrations and imbalances, quality of amplicons, and heterogeneity
of tumors as described below.

Currently, there are several publicly available tools to display variants from VCF
files alongside additional genetic information and annotation. For example, the In-
tegrated Genome Viewer, JBrowse, and the UCSC Genome Browser are commonly
used genome browsers.14–16 However, these tools visualize variants on their re-
spective reference genome based on their exact genomic positions. For targeted
sequencing of distant sites throughout the human genome, these tools are not
always suited for apparent genome-wide diagnostic interpretation using their de-
fault settings. For instance, viewing distant or interchromosomal regions of interest
spread throughout the genome requires separate examinations. Clinical interpreta-
tion often requires a holistic view of the relationships between observed aberrations,
e.g., determining whether a glioma sample with an observed IDH1 mutation has
additional aberrations such as a somatic mutation in the TP53 gene or a 1p/19q

http://oncocnv.curie.fr
http://oncocnv.curie.fr
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co-deletion and/or loss of the CDKN2A gene.17

To simplify and accelerate the genome-wide diagnostic interpretation of AI, a
visualization approach based on the relative positioning of variants on chromosomes
has been proposed. Using this approach, variants will be displayed based on relative
positioning to neighboring variants. For example, variants on chromosome 10 will
be displayed next to each other without any fixed distance between them, ordered
on ascending genomic position and chromosome. To this end, an easy-to-install and
user-friendly web application that uses relative positioning to display variants and
their respective BAF from user-submitted VCF files, called SNPitty, was developed.

Material and Methods

Sample Preparation and Processing

Tissues were microdissected manually, and all samples contain at least 70% to
80% tumor cells as indicated by our local pathologists. Dependent on the tissue,
between 1 and 10 ng of DNA was isolated and subsequently sequenced on the Ion
Torrent PGM platform with supplier’s materials and protocols (Life Technologies,
Carlsbad, CA) as described previously.9 Generally, library and template preparations
were performed consecutively with the AmpliSeq Library Kit 2.0 to 384 LV and the
Ion PGM Template OT2 200 kit. Templates were sequenced using the Ion PGM
Sequencing 200 Kit v2 on an Ion 318v2 chip. Custom in-house primer designs
utilizing heterozygous markers on the autosomal chromosomes from NCBI dbSNP
database build 138 (https://www.ncbi.nlm.nih.gov/projects/SNP) with
at least 45% global minor allele frequency were used to create panel-specific assays
targeting known genetic aberrations associated with tumor formation, progression,
and classification.18

NGS reads were subsequently aligned against the human reference genome
(hg19; UCSC Genome Browser, last accessed February 2009) using the Torrent
Mapping Alignment Program (TMAP) software version 5.2 (Life Technologies) with
default settings. Torrent Variant Caller software version 5.2 (Life Technologies) was
used to determine and measure both novel and predefined heterozygous (hotspot)
variants using the Generic - PGM - Somatic - Low Stringency settings. Additional
heuristic filtering discarded variants with a total read depth <100. AI was assigned
using the criterion of at least two consecutive informative SNPs.9

https://www.ncbi.nlm.nih.gov/projects/SNP
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Copy numbers were estimated using ONCOCNV software version 6.6 with de-
fault settings using the amplicon coordinates of the respective panels.13 The malig-
nant tissues were compared against panel-specific copy number baselines of seven
normal tissues. Briefly, read coverages per targeted regions were generated from
BAM files and normalized against the respective baseline as well as GC content of
the reference genome (hg19). Segments were aggregated per region and a single
region-level copy number estimate was generated.

A glioma tissue sample with near-100% neoplastic cells hosting 1p/19q co-
deletions was diluted as a proof of concept. A serial dilution with adjacent nor-
mal tissue was performed to establish glioma samples with varying tumor cell per-
centage mixtures (near 100%, 60%, 40%, 20%, and 10%), accompanied by a
single matched normal sample. DNA was extracted from peripheral blood of a
girl with Down syndrome (SE14-0562) using standard protocols (Qiagen, Venlo,
the Netherlands). The target (exome) was captured with the HaloPlex exome tar-
get enrichment kit (Agilent Technologies, Santa Clara, CA) and sequenced on a
HiSeq2000 system (Illumina, San Diego, CA) using the TruSeq software version
3 paired-end 100 bp sequencing protocol. The reads were trimmed for the Il-
lumina adapter, and 245M reads were subsequently aligned against the human
reference genome build 19 (hg19) using BWA19 software version 0.6.2 (Source-
Forge; http://bio-bwa.sourceforge.net/bwa.shtml) and the NARWHAL
pipeline software version 1.0 (Netherlands Bioinformatics Center, Nijmegen, the
Netherlands; https://trac.nbic.nl/narwhal)20 resulting in an average tar-
get base coverage of 280× (and 94% of the target bases were covered at least
20×). Variants were called using GATK software version 2.4 (Broad Institute, Cam-
bridge, MA; https://software.broadinstitute.org/gatk/).21 Only infor-
mative heterozygous markers present in the dbSNP database with at least 175×
read coverage were kept for analysis. Chromosomal AI was assigned using the
criterion of at least 500 informative markers representative for the entire chromo-
some.

The Complete Genomics whole-genome sequence of the prostate cancer cell
line VCaP was processed and visualized as previously described.22

All samples were assessed anonymously according to the code for adequate
secondary use of tissue code of conduct established by the Dutch Federation of
Medical Scientific Societies (https://www.federa.org/codes-conduct, last

http://bio-bwa.sourceforge.net/bwa.shtml
https://trac.nbic.nl/narwhal
https://software.broadinstitute.org/gatk/
https://www.federa.org/codes-conduct
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accessed February 10, 2017).

VCF files have been submitted to the European Variation Archive (EVA; https:
//www.ebi.ac.uk/eva) under accession number PRJEB21914.

Immunohistochemistry and FISH for p53 Overexpression and EGFR Am-
plification

Fluorescence in situ hybridization (FISH) was performed to validate EGFR amplifi-
cation using the Poseidon Repeat Free EGFR, Her-1 (7p11) & SE 7 Control probe
(Kreatech Diagnostics, Amsterdam, the Netherlands). Slides were examined under
a Zeiss Axio-Images M2 microscope with the Piezo scanning stage, slide images
were captured with a Zeiss AxioCam MRm rev.3 camera (Zeiss, Jena, Germany).

According to standard protocols, overexpression of p53 was assessed by im-
munohistochemistry (IHC) using mouse monoclonal antibody (clone BP53-11; Ven-
tana Medical Systems, Mountain View, CA) on the automated Ventana BenchMark
ULTRA platform.

Technical Design of SNPitty

SNPitty was implemented in the statistical platform R software version 3.4.2 (R
Project for Statistical Computing; http://www.r-project.org)23 using the
Shiny framework and several BioConductor packages: VariantAnnotation version
1.22.0 and Biobase version 2.36.0 (BioConductor; https://bioconductor.org).24,25

A Docker image was generated to facilitate the entire installation of SNPitty and re-
quired dependencies.26 Multiple single (or multi-) sample VCF or VCF.gz files were
merged on the union of sets using BCFtools version 1.4 (https://samtools.
github.io/bcftools).11 Nonintersecting variants after merging were set to NA
in the respective samples lacking these variants.

BAF per variant was calculated based on a combination of available genotype
fields in the uploaded VCF files. The BAF for a specific alternative allele per sample
is calculated as follows:

𝐵𝐴𝐹 = Observations for alternative allele
Observations for all alleles

(2.1)

https://www.ebi.ac.uk/eva
https://www.ebi.ac.uk/eva
http://www.r-project.org
https://bioconductor.org
https://samtools.github.io/bcftools
https://samtools.github.io/bcftools
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The BAF value displayed in SNPitty is a summation of the BAF for all alternative
alleles to represent the total difference to their respective reference allele. Each
independent variant (row) in the VCF file is plotted as an individual data point.

Additional regional information was added by uploading a gene transfer format
v2 (GTF) file containing the genomic ranges of each region.

Results

SNPitty Web Application

The user-friendly web application SNPitty (CCBC, Rotterdam, the Netherlands; https:
//bitbucket.org/ccbc/snpitty, last accessed January 10, 2017) was devel-
oped to support and improve diagnostic interpretation of AI. SNPitty visualizes BAF
of somatic variants and heterozygous markers detected by NGS-based targeted
multigene panels, whole-exome sequencing (WES), or whole-genome sequencing
(WGS) efforts. The web application is accessible by all modern web browsers; fig-
ure 2.1 shows an impression of the web interface. Note that all session information
and data are automatically deleted after closing a session (e.g., closing the web
interface) to ensure privacy.

A relative-positioning approach was used to provide insight into multiple distant
or interchromosomal regions of interest spread throughout the human genome in
an interactive and comprehensive manner.

SNPitty processes single VCF files and is also capable of merging multiple VCF
files, which are obtained from most of the industry-standard variant calling suites
for NGS. Submitted VCF files should contain the variants of scientific or diagnostic
interest with optional information, such as the amount of forward and reverse reads
to calculate strand bias. Genotype fields that are used for BAF calculations can
be selected manually or be inferred automatically based on available fields in the
submitted VCF files. The option of using Ion Torrent–specific flow evaluator reads
is also implemented in SNPitty.

SNPitty also allows visualization of ratios, means, or absolute counts of copy
number segments derived from segmentation-based copy number variation detec-
tion algorithms. These copy number results can be visualized simultaneously with
BAF to increase insight into germline or somatic aberrations.

https://bitbucket.org/ccbc/snpitty
https://bitbucket.org/ccbc/snpitty
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Optionally, predefined regional information for visualizing regions of diagnostic
interest can be supplied in a file using GTF format. Variants and segments are
assigned to these regions based on their genomic overlap, e.g., a predefined PTEN
region on the human chromosome 10 starting at base position 87863113 and ending
at base position 87971930 will cover all the variants and segments that overlap this
region. Therefore, disease-specific variants of diagnostic interest can be easily
categorized and quickly selected for visualization. Moreover, multiple GTF files can
be uploaded that are disease- or sample-context specific.

All submitted variants can be simultaneously displayed with BAF, read coverage,
and copy number information using interactive charts. The charts are scalable
and can be saved to various high-resolution output formats, such as PDF, SVG,
PNG, and JPEG. Variants and regions can be dynamically filtered based on various
user criteria to quickly answer diverse diagnostic questions. Heuristic filtering is
easily performed using, among others, minimal and/or maximal BAF, read depth,
strand bias, or annotation status, or via manual selection of variants, regions, and
chromosomes.

Specific variants can be highlighted using regular expressions, e.g., all vari-
ants containing a specific tag such as “rs” can be highlighted to indicate all dbSNP
database variants having an rsID. Read coverage information per sample is shown
per variant, both via overlay and/or mouse hovering. A distinct plotting window
to display the amount of forward and reverse reads (if applicable) and total read
depth is also implemented. With this window, the user can easily focus on ampli-
fications and deletions of interest, or display strand bias and quality of amplicons.
All variants present in the (combined) VCF file can be viewed simultaneously or via
an intuitive system of sliding windows using intervals, e.g., consecutively show 50,
100, or 1000 variants. Users can also choose to only display specific variants of
interest based on their respective identifiers.

PDF reports can be generated for user-specified samples based on LATEX/knitr
templates. These reports highlight the targets of interest of the respective diag-
nostic panel with full support of the statistical platform R and the BioConductor
suite.25,27 The reports are fully customizable but require some experience with R
and LATEX for advanced functionality. Several global templates are provided with
SNPitty that host a number of useful features such as sample summaries, chromo-
somal or regional overviews of variants showing BAF and coverage, and ideograms
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of the human chromosomes (hg19) showing the location of variants on the human
genome.

SNPitty is open source software under the GNU GPLv3 license and freely available
(https://bitbucket.org/ccbc/snpitty, last accessed February 10, 2017),
including documentation on usage and installation.

To ease local software deployment, a Docker image of SNPitty has been gen-
erated (https://hub.docker.com/r/ccbc/snpitty, last accessed February
10, 2017), which can be used as a lightweight virtual machine deployable on both
Unix-based and Windows machines to provide reproducible environments.

SNPitty and BAF-dependent interpretation was applied on NGS-based targeted
multigene panels utilizing heterozygous markers.9 Four cancer-related diagnostic
scenarios encountered in daily clinical practice and a glioblastoma dilution series
have been showcased to validate SNPitty as a robust and all-round BAF viewer for
routine diagnostic purposes. Furthermore, a germline chromosomal amplification of
chromosome 21 is shown usingWES and extended in silico validation by reproducing
BAF results of a previously published study on the prostate cancer cell line VCaP.22

Proof of Principle of the Features Present in SNPitty

To validate the robustness of BAF in diagnostic scenarios, a serial dilution of DNA
was generated from malignant glioma tissue. This glioma tumor tissue was serially
diluted with an increasing amount of adjacent normal tissue to generate mixtures
with decreasing tumor cell percentages (n = 5) and sequenced using in-house tar-
geted NGS glioma panel (Figure 2.2). The heterozygous markers that are unaltered
by AI retain a heterozygous genotype (BAF = 0.5) in both normal and (diluted) ma-
lignant tissue. Markers with a germline homozygous genotype retain BAF of 0 or 1 in
respect to the exclusive presence of the reference allele or the alternative allele(s).

A 1p/19q LOH co-deletion is present in the malignant tissue and absent in the
normal tissue, as evident by the increasing deviation from a heterozygous genotype
(BAF = 0.5) reaching a homozygous genotype (BAF = 0 or BAF = 1) in the 1p/19q
regions in respect to tumor cell percentage. The malignant tissue also harbors a
heterozygous somatic IDH1 c.395G>A (p.R132H) mutation. A homozygous geno-
type is present in the nonmalignant tissue and reaches a heterozygous genotype
in the malignant tissues with respect to the tumor cell percentages. This validation

https://bitbucket.org/ccbc/snpitty
https://hub.docker.com/r/ccbc/snpitty
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shows that BAF is a robust metric to visualize somatic aberrations in the subtype
of oligodendrogliomas, which are typically characterized by high occurrences of
1p/19q co-deletions and somatic mutations in the IDH1/IDH2 gene and in the pro-
moter region of TERT.28

Detection of Genomic Amplification andHeterozygousDeletionUsing SNPitty

To illustrate the visualization of read coverages and copy number segments to as-
sess somatic copy number alterations in SNPitty, the EGFR gene copy number status
was analyzed in a glioblastoma sample. EGFR amplification is a common genetic
aberration in glioblastomas.29 By comparing the number of reads in the EGFR locus
to the surrounding regions, EGFR amplification can be appreciated and further cor-
roborated by platform-wide copy number analysis (Figure 2.3A and Supplemental
Figure S2.1). We further hypothesize that this is an EGFR amplification of a single
allele because several EGFR markers are not reaching a homozygous state but re-
tain a semiheterozygous BAF of 0.05 or 0.95. These markers might be germline
heterozygous; as a consequence, the nonamplified allele is only present in a single
copy and therefore sequenced in a lesser amount. EGFR amplification was con-
firmed by showing increased copy numbers of EGFR in the vast majority of the
malignant cells using FISH (Figure 2.3B). The two EGFR markers not showing con-
cordant read coverage originate from amplicons with lower performance on this
specific panel design.

Next to the EGFR amplification, this sample contains a heterozygous deletion
of PTEN, which is detected by deviations of germline heterozygous markers to-
ward a more homozygous state in both flanking and coding regions of PTEN. This
heterozygous deletion of PTEN is further corroborated by genome-wide copy num-
ber analysis. Furthermore, two somatic missense mutations in the coding region
of TP53, namely a c.817C>T (p.R273C) and a c.215C>G (p.P72R) mutation were
detected (data not shown).

An additional pleura adenocarcinoma with EGFR amplification, coupled with a
p.E746_A750delELREA and p.T790M (c.2369C>T) mutation in the EGFR region, can
be seen in Supplemental Figure S2.2.
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Detection of Homozygous Deletions Using SNPitty

Homozygous deletions of chromosomal regions are of clinical interest and can also
be assessed and visualized with SNPitty. For example, homozygous deletion of
CDKN2A, which encodes the tumor suppressor p16 and p14ARF, is known to be
a driver of glioblastoma development.17 A homozygous deletion of CDKN2A was
detected in glioblastoma tissue using SNPitty (Figure 2.4). This homozygous dele-
tion can be appreciated by the marked decrease in read coverage of the CDKN2A-
covering amplicons. Moreover, heterozygous deletion/LOH of CDKN2A flanking re-
gion can be appreciated by seven informative markers showing BAF deviations.
LOH in CDKN2A flanking regions, combined with decreased read coverages and two
heterozygous markers (BAF = approximately 0.5) in the CDKN2A locus, suggest a
homozygous loss of CDKN2A. A heterozygous loss of CDKN2A can be discarded be-
cause the two heterozygous markers do not show BAF deviations. Therefore, we
hypothesize that these NGS results originate from admixed normal tissue, which
explains a marked decrease in read coverage while retaining heterozygosity of the
two markers.

Hence, SNPitty is capable of visualizing LOH and homozygous deletion simulta-
neously from a single admixed tumor sample.

An additional glioblastoma with a homozygous CDKN2A deletion, coupled with
regions of heterozygosity on 1p and 19q, and AI on chromosome 7 can be seen in
Supplemental Figure S2.3.

Discovering Two-Hit Models in TP53 Using SNPitty

SNPitty is able to clearly display evidence for genes having undergone a two-hit
model of inactivation, e.g., in which a loss-of-function mutation is found in combi-
nation with LOH, as is common in tumor suppressors.8 This scenario is shown for
the frequently mutated TP53 gene in squamous cell carcinoma tissue composed of
at least 70% neoplastic cells (Figure 2.5A). In this scenario, the 5′ and 3′ flanking re-
gions of TP53 show LOH as indicated by four informative markers differing between
matched normal and tumor samples, accompanied by a somatic missense mutation
[c.536A>G (p.H179R)] in the coding region of TP53. Reduced read coverage of the
markers on the flanking regions indicate a possible heterozygous deletion. IHC of
p53 confirmed the presence of a putative stabilizing TP53mutation in the malignant
cell tissue as evident by the abnormally high presence of p53 (Figure 2.5B).
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An additional lung adenocarcinoma with a detected somatic p.K132R (c.395A>G)
mutation in the TP53 region, coupled with two markers showing LOH, can be seen
in Supplemental Figure S2.4.

SNPitty Allows Detection of Distinct LOH in Multiple Tumor Samples

Due to recent major therapy improvements, cancer is increasingly becoming a
chronic disease.30 This means patients successfully treated for cancer have a greater
lifespan and as a consequence, have a higher rate of recurrence. For the treatment
of patients with multiple synchronous or metachronous tumors, it is of utmost im-
portance to obtain an accurate diagnosis; does a patient showing multiple tumors
have metastatic disease (single primary tumor accompanied by metastasis), or does
the patient have multiple independent primary malignancies developed by separate
carcinogenic events.31

Comparing the evolutionary history of patient-derived tumors can distinguish be-
tween synchronous or metachronous tumors. A clinical case is shown, with SNPitty,
where a patient presented multiple tumors in the colon, lung, bladder, and verte-
brae in a 12-year period.

From this patient, two biopsies from the lung and vertebrae were obtained and
subsequently sequenced. Here, these two biopsies were visualized alongside a sin-
gle matched normal tissue sample for multiple chromosomes showing AI (Figure
2.6). By visualizing the BAF of informative heterozygous markers on these chro-
mosomes, a divergent evolutionary history can be seen due to nonoverlapping AI
events. Most strikingly, the ATM region on chromosome 11 is affected by LOH in
both tumors on opposing alleles. This indicates that these tumors are a reflection
of distinct tumor entities.

Additional clonality assessments (n = 6), using SNPitty, from diverse patients
that presented multiple tumors in distinct locations can be seen in Supplemental
Figures S2.5, S2.6, S2.7, S2.8, S2.9, S2.10 and S2.11.

SNPitty Visualizes Germline Trisomy 21 Using WES Data

Large chromosomal abnormality can be identified by large regions of BAF imbal-
ance of heterozygous markers. This principle is shown using a Down syndrome
patient with an expected germline abnormality of chromosome 21. WES of periph-
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eral blood from this individual shows this germline abnormality as evident by AAB
(BAF = approximately 0.33) and ABB (BAF = approximately 0.66) genotypes on
chromosome 21 (Figure 2.7). Chromosome 21 displayed an additional copy of the
entire chromosome, whereas all other autosomal chromosomes were confirmed to
diploid copy number status (only chromosome 5 is shown). Using this scenario of
a germline chromosomal abnormality, the capability of SNPitty to detect specific
germline aberrations is shown.

Additional in silico Validation of SNPitty

The robustness of SNPitty was further validated by reproducing the BAF results of
a previously published study on the instability of chromosome 5 in the prostate
cancer cell line VCaP.22 SNPitty is capable of reproducing the BAF visualization of
large-scale genomic aberrations on chromosome 5 in the prostate cancer cell line
VCaP as shown by Teles Alves et al.22 in WGS data (Supplemental Figure S2.12).
The same near-triploid state of the VCaP genome on chromosome 5 is highlighted
by large-scale chromosomal AI coupled with clustered rearrangements on 5q.

Furthermore, a colon adenocarcinoma and cecum adenocarcinoma with somatic
abnormalities in mismatch-repair–related regions in diagnostic scenarios as encoun-
tered in daily practice are shown in Supplemental Figures S2.13 and S2.14.

Discussion

Due to complex and diverse molecular mechanisms driving tumor development and
progression, correctly interpreting data generated from NGS-based genome-wide
or targeted multigene panels is crucial for daily diagnostics. By applying SNPitty
in scenarios encountered in daily practice, the added value of SNPitty for detecting
LOH, chromosomal and gene amplifications, homozygous or heterozygous dele-
tions, single-nucleotide mutations, and clonality assessment is demonstrated. Ad-
ditionally, a scenario in which the capability to interrogate WES, WGS, and germline
datasets, for example, to detect chromosome-wide LOH or amplification, is demon-
strated.

Using the industry-standard VCF format, coupled copy number segments, and
the GTF format to define regions of interest, SNPitty facilitates a flexible and simple
method for users to explore variants and copy numbers, and to visualize aberrations
without in-depth knowledge of bioinformatics. It realizes this through a simple
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and user-friendly, dynamic, graphical web interface to visualize and filter variants
from one or multiple VCF files. High-resolution images of any plot and viewpoint
can be exported as multiple industry-standard output formats such as SVG and
PDF. Custom-made reports based on LATEX templates can highlight results of clinical
interest in a standardized manner for a wide range of diagnostic scenarios.

Here, human malignant and germline tissue was focused on using targeted NGS-
based multigene panels and WES; however, VCF files containing variants from other
species can also be visualized and interpreted using SNPitty due to uniformity of
file standards. Currently, only LATEX report templates for human reference genomes
(hg19 and hg38) have been added to automatically generate reports. Support of
alternative genomes can be added by customizing or adding additional LATEX tem-
plates.

User-specific and dynamic heuristic filtering of variants can be applied using
SNPitty to interactively filter low-quality or erroneous sites. These low-quality sites
most often arise due to poor quality of the DNA libraries, nonspecific binding of
amplicon/primer (if applicable), technical noise generated during the sequencing
procedure, usage of formalin-fixed, paraffin-embedded material, and low coverage
of the genetic aberrations of interest.32

Currently, the methodology used by SNPitty not been as rigorously validated in-
house for use in germline malignancies as it has been for somatic events. Further
optimization, extension, and practical use will likely be needed to also provide a
more flexible and robust toolkit for a wide range of use cases involving germline
aberrations.

Applying dynamic heuristic filtering coupled with the ability to display various
regions of interest using relative positioning, rather than absolute positioning, can
more quickly give insight into potentially causal genetic aberrations. Expert inter-
pretation of these aberrations present in a clinical sample plays a crucial role in
clinical decision making. SNPitty therefore allows viewing and interpreting the var-
ious genomic aberrations simultaneously to formulate a more holistic hypothesis of
sample-specific causal factors.

SNPitty is not aimed to replace the role of conventional genome browsers such as
Integrated Genome Viewer, JBrowse, and the UCSC Genome Browser for research
purposes, because these powerful tools are aimed to handle and display a greater
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variety of data from a myriad of molecular techniques. However, due to the exten-
sive configuration required to simultaneously view multiple (distant and/or inter-
chromosomal) regions of interest in the aforementioned genome browsers, SNPitty
can be used as a robust alternative in these scenarios.

Overall, SNPitty is a user-friendly, open source, and Docker deployable web
application that can aid and accelerate research and daily diagnostic interpretation
by visualizing the results of NGS-based experiments utilizing heterozygous markers,
single-nucleotide variants, and copy number results.
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Supplementary data and figures accompanying the chapter:

”SNPitty: An Intuitive Web Application for Interactive B-Allele Frequency and Copy
Number Visualization of Next-Generation Sequencing Data”
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68 Chapter 3

Abstract

Summary: We present an R-based open-source software termed ProteoDisco that
allows for flexible incorporation of genomic variants, fusion-genes and (aberrant)
transcriptomic variants from standardized formats into protein variant sequences.
ProteoDisco allows for a flexible step-by-step workflow allowing for in-depth cus-
tomization to suit a myriad of research approaches in the field of proteogenomics,
on all organisms for which a reference genome and transcript annotations are avail-
able.
Availability: ProteoDisco (R package version ≥ 0.99) is available from https:

//github.com/ErasmusMC-CCBC/ProteoDisco/ and https://doi.org/

doi:10.18129/B9.bioc.ProteoDisco.

https://github.com/ErasmusMC-CCBC/ProteoDisco/
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Introduction

T
he rise and ease of current Next-Generation Sequencing (NGS) techniques,
coupled with reduced costs in both NGS and high-resolution mass-spectrometry,

offers opportunity to incorporate sample-specific protein variants during proteomics
experiments for increased accuracy and detection rates of, for instance, distinctive
proteotypic peptides in bottom-up proteomics experiments. Expanding the reper-
toire of proteins and these proteotypic peptides can provide novel insights into
disease-specific protein variants, their underlying molecular profiles and regula-
tion, neoantigen prediction and expand our knowledge on the genetic variations
encoded in proteomes.1–5 This is further fueled by the standardization and publi-
cation of proteomics resources which allows for the interrogation and combination
of existing datasets.6,7 Rising global efforts in capturing the genetic sequences of
diverse organisms, disease-related genotypes and their transcriptomes with subse-
quent proteome-resources warrants the implementation of a flexible yet intuitive
toolset. This toolset should provide a bridge between genomic and transcriptomic
variants and their incorporation within respective protein variants (proteogenomics)
using industry-standard infrastructure, such as Bioconductor8, and allow for flexi-
bility in facilitating the myriad experimental settings applied in research. Therefore,
we designed and developed ProteoDisco, an open-source R software-package using
existing Bioconductor class-infrastructures to allow for the accurate and flexible gen-
eration of variant protein sequences and their derived proteotypic peptides from the
incorporation of sample-specific genomic and transcriptomic information. In addi-
tion, we present the results of ProteoDisco and two similar open-source tools which
are frequently utilized within proteogenomics (customProDB9 and QUILTS3) with
their performance in generating correct protein variants and respective proteotypic
peptides from supplied genomic variants.

Approach

ProteoDisco incorporates genomic variants, splice-junctions (derived from tran-
scriptomics) and fusion genes within provided reference genome sequences and
transcript-annotations to generate their respective protein variant sequence(s). These
sequences can be curated, altered and subsequently exported into a database in
FASTA-format for use in downstream analysis. To limit the number of generated
protein variants, ProteoDisco provides filtering options based on a minimal number
of distinct proteotypic (identifiable) peptides. The global workflow of ProteoDisco
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is summarized in six steps as depicted within Figure 3.1. In addition, an extended
overview of how (novel) splice-junctions and gene-fusion events are incorporated
is shown in Supplementary Figure S3.1.

To compare the accuracy of ProteoDisco against two common alternatives for
proteogenomics studies (customProDB9 and QUILTS3), we utilized a manually-
curated dataset and two large independent proteomics studies. The manually-
curated dataset contained 28 genomic variants reported in COSMIC10 comprising
multiple variant classes; synonymous and nonsynonymous single-nucleotide vari-
ants (SNVs), multi-nucleotide variants (MNVs) and in- and out-of-frame insertion-
s/deletions (InDels). In addition, we utilized recently-published results from large-
scale colon and breast cancer cohorts within the Clinical Proteomic Tumor Analysis
Consortium (CPTAC) to illustrate the accuracy of ProteoDisco in generating identical
proteotypic peptides as detected within these studies.2,5 This comparison revealed
that ProteoDisco correctly generated proteotypic peptides from their respective ge-
nomic variants after thorough checking and yielded the highest number of expected
and reconstructed proteotypic peptides within all three datasets (Supplementary
Figure S3.2). This difference can be attributed to ProteoDisco’s native flexibility in
reference genome selection, multiple incorporation strategies, sanity-checks such
as reference base verification and the correct incorporation of stop-loss variants.
In total, only four enigmatic genomic variants (of three fragments) from Mertins et
al. could not be reconstructed to reproduce their proteotypic peptide(s).

Conclusion

In this article, we present ProteoDisco, a suitable, open-source and flexible suite
for the generation of protein variant databases usable in downstream proteoge-
nomic studies and capable of correctly incorporating a diverse range of genomic
variants and transcriptomic splice-junctions. We report that ProteoDisco accurately
produces protein variant sequences harboring previously-identified proteotypic frag-
ments from their respective genomic variants. Further examples and use-cases can
be found in the vignette of the ProteoDisco package.
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Methods

Technical design of ProteoDisco

ProteoDisco was programmed within the R statistical language (v4.1.1) and built
upon existing classes within the Bioconductor infrastructure (v3.13) to allow flexible
inheritance and future extensions. Additional information on the usage and design
of ProteoDisco can found in the extended methodology (Supplementary M&M).

Assessment of the correct integration of genomic variants into protein
variants

We generated a custom validation-dataset containing established somatic variants
(SNVs, MNVs and InDels; n = 28) and their respective protein variants as listed
within COSMIC10 (v92; GRCh37; Online Suppl. Table 1). In addition, we utilized
recent proteogenomics studies from the CPTAC cancer cohorts containing genomic
variants and their respective in silico generated proteotypic peptides which had been
measured and identified using high-throughput proteomics approaches.2,5 In the
Wen et al. dataset5 (CPTAC - Colon Cancer), genomic variants (and their respective
proteotypic peptides) were split into sample-specific variant call format (VCF)-files
based on the data present within their published Suppl. Data S15 (see reference,
sheet 1: ‘prospective_colon_label_free_in’). The Mertins et al. dataset2 (CPTAC
- Breast Cancer) was aggregated into a single VCF-file based on the data present
within their published Suppl. Table S2 (see reference, sheet 2: ‘Variants’).

Using these three datasets, we ran ProteoDisco (v0.99), customProDB (v1.30.1)
and the web-interface of QUILTS (v3.0; accessed 13-04-2021) to generate cus-
tom protein-variant databases using uniform University of California, Santa Cruz
(UCSC)RefSeq11 (GRCh37) transcript-annotations and settings. The custom protein-
variant databases were generated based on two approaches within ProteoDisco.
The first approach incorporated each genomic variant independently and the sec-
ond allowed for the simultaneous incorporation of all genomic variants per overlap-
ping transcript-annotation, e.g., two variants on different coding exons would both
be incorporated within the resulting variant protein-sequence. Incorporation of all
possible combinations of mutant exons yields too many combinations and is there-
fore not included amongst the options. The generated variant protein sequences
and respective proteotypic peptides from each customized protein-variant database

https://oup.silverchair-cdn.com/oup/backfile/Content_public/Journal/bioinformatics/PAP/10.1093_bioinformatics_btab809/2/btab809_supplementary_data.zip?Expires=1645280270&Signature=n9fQMjD6X0oqGOZtFTltC3BAGqj1Qr4z60IH6jN3SQF2JjDty~-Ir~WLXiLMaZ8OzDTRk60EJql2~bA-3arpia07EmVXwpj7taD0CMl9uPBWgcOPbQYV6LasJ8doEgfVQryFUffkXmgHR1AnuQE76oKdtf~7SlRgrU-vwyFlSwFjML068qaWc3cetapRG1gfgnZ1F2r-PrDwcJOLUWQp8CQbbE-hNXPCkwusfClKVDf6AwZRnSqffHf~dqnVS22A14ndppzt09vUvdX8UdlpuGX0ew6t0ZJi2vLymgwwKTNsWe55q9sviIOgQWPGYGs00fRAcLdQ2ztwtdV9K5Y9Zw__&Key-Pair-Id=APKAIE5G5CRDK6RD3PGA
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were compared against the proteotypic peptides as expected from COSMIC or as
detected within the respective CPTAC-studies using all three tools (Supplementary
Figure S3.1). E.g., if ProteoDisco generated three distinct proteotypic peptides for
a given genomic variant and one of those was identified within CPTAC (or COSMIC),
it was counted as a concordant result.

Code availability

All source-code has been made available within Bioconductor (https://doi.
org/doi:10.18129/B9.bioc.ProteoDisco) and deposited within GitHub
(https://github.com/ErasmusMC-CCBC/ProteoDisco) under the GPL-3 li-
cense.

Data availability

The custom validation dataset (GRCh37) which has been used in the analysis as
presented within this manuscript has been stored within ProteoDisco and is accessi-
ble at https://github.com/ErasmusMC-CCBC/ProteoDisco/main/inst/
extdata. COSMIC (v92; accessed on 14-04-2021) was used to derive the valida-
tion dataset (GRCh37), the external validation datasets based on CPTAC (colon and
breast cancer) were generated based on the supplementary data published by Wen
et al.5 and Mertins et al.2.
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Extended Materials and Methodology on the design of ProteoDisco.

The major workflow of ProteoDisco can be divided into six steps;

1. Generation of the ProteoDiscography containing the reference genome se-
quences and transcript annotations of choice, as detailed below. This Pro-
teoDiscography will also house the imported genomic and transcriptomic input
and subsequent in silico generated protein variants and related information.

2. Import of genomic variants (either VCF and MAF files or VRanges objects12)
or splice-junctions from transcriptomics such as .BED output from TopHat13,
SJ.out.tab output from STAR14 or manual entries following a simple format to
for instance denote translocations and/or fusion-gene events (e.g., TMPRSS2-
ERG). ProteoDisco is capable of handling SNVs, InDels, MNV variants of both
non-synonymous as synonymous variants.

3. Integration of genomic variants and splice-junctions into their respective tran-
scripts and coding sequence (CDS). Translation of in silico generated transcript
variants into their respective protein variants, the genetic code used for trans-
lation can be altered to allow for divergent translation tables for non-standard
organisms.

4. Determine the number of proteotypic peptides per transcript variant, this
can be determined based against the given reference database (as given
to the ProteoDiscography) or be extended with additional protein-sequence
databases. In addition, ProteoDisco can also check for proteotypic peptides
compared to the other generated protein variants.

5. Export of the generated protein variants into a distinct FASTA database for use
in downstream proteomics analysis to extend the (sample-specific or cohort-
wide) search-space.

1. Generation and design of the ProteoDiscography; the internal data-
structure.

All reference genome sequences (BSGenome objects), transcript annotations
(TxDb objects) and generated results (BioStrings, tibbles and DataFrames) through-
out ProteoDisco are housed within a custom (S4-class) termed ProteoDiscography.
The reference database and transcript annotations for the ProteoDiscography can
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be generated in two ways; using pre-generated BSGenome (reference sequences)
and TxDb (transcript annotations) objects, for instance available from BioConduc-
tor, or by supplying the reference genome sequences and transcript annotations
(FASTA and gene transfer format v2 (GTF)/GFF file, respectively) which in turn
generates these objects. In addition, the genetic code can be specified (as detailed
by Biostrings) to also allow for non-standard translation tables.

2. Import genomic variants and splice-junctionswithin the ProteoDiscog-
raphy.

After initialization of a ProteoDiscography, genomic variants and splice-junctions
can be imported. Genomic variants (or somatic mutations) can be imported from
.VCF or .MAF files or VRanges objects containing the genomic positions, strand
and reference/variant alleles. By default, all given reference anchors (genomic
position(s) and reference allele) of the genomic variants are checked against the
provided reference genome and nucleotide at the respective position(s) to prevent
inconsistencies. If non-matching reference anchors are detected, ProteoDisco will
either halt the import-process and whilst displaying the erroneous records or, by
setting ignoreNonMatch = TRUE, it will report and remove these non-matching
records and continue with the remainder.

Splice-junctions can be imported from standard .BED (e.g., TopHat) and.SJ.out.tab
(e.g., STAR) files or manually supplied using a simple format. Each of these for-
mats should detail the genomic position (and optionally, strand information) of the
donor and acceptor junction-sites for each splice-junction (junctionA and junctionB,
respectively). Manual input can be supplied using the following format:

1. junctionA: Genomic coordinates of the 5’-junction (i.e., the position of the first
intronic base). Format: chr:start:strand, i.e.: chr1:100:+

2. junctionB: Genomic coordinates of the 3’-junction (i.e., the position of the last
intronic base). Format: chr:start:strand, i.e.: chr1:150:+

3. sample: Sample-identifier. (optional)

4. identifier: Identifier for the splice-junction, this identifier will be used to de-
note the splice-junction in downstream analysis. (optional)

This manual-input can also be used to supply splice-junctions from transloca-
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tion events such as BCR-ABL which result in a protein variant containing exonic
sequences from two chromosomes.

In addition, users can also supply pre-determined full-length transcript sequences
into the ProteoDiscography. These manually-supplied transcript sequences can
then also be used to determine proteotypic peptides compared to the reference
database and/or protein variants. ProteoDisco houses functions to detect duplicate
samples and overwrite these (if required) or append new genomic variants and/or
splice-junctions to existing samples (based on sample names). In addition, it can
also be toggled to remove all pre-existing samples within the ProteoDiscography
prior to importation of new input.

3. Incorporation of genomic variants and splice-junctions within the
coding sequence of overlapping transcripts.

ProteoDisco facilitates options to incorporate all supplied genomic variants (incl.
synonymous variants) for all samples simultaneously or to perform this on a per-
sample basis (aggregateSamples). Similarly flexible, users can choose between in-
corporating all mutations (per-sample or all samples aggregated) within the same
transcript (e.g., a single RNA transcript containing 5 mutations; aggregateWithin-
Transcript = TRUE) or to generate separate transcripts, each harboring only a single
mutation (e.g., 5 transcripts for 5 mutations; aggregateWithinTranscript = FALSE).
Finally, users have similar functionality at exon-level (aggregateWithinExon).

Based on the parameters set by the user, genomic variants are overlapped with
the coding sequences (CDS) of each transcript within the supplied TxDb. Per vari-
ant, all overlapping CDS (from one or multiple transcripts) will be altered by in-
corporating the overlapping genomic variant(s) at the correct coding position. The
reference anchor (reference allele) will be checked if this conforms to the nucleotide
at the coding position, taking in mind the orientation of the CDS. Genomic variants
(e.g., InDels) overlapping the intron-exon or exon-intron boundary of a CDS will be
split and only the CDS-overlapping portion will be incorporated.

After all genomic variants have been incorporated within their overlapping CDS
in the transcript(s), the transcript sequence is generated by stitching all CDS of
the transcript from 5’ to 3’ together. Based on the parameters set by the user,
this will either results in a single transcript variant containing all mutant CDS or
multiple transcripts with distinct mutant CDS. In addition, the 3’ untranslated region
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(3’ untranslated region (UTR)) is also added to the mutant transcript sequence to
capture additional coding nucleotides after a possible loss of the canonical stop-
codon.

Splice-junctions are handled by determining the nearest adjacent (5’ and 3’)
or overlapping CDS sequences. If a splice-junction overlaps with an existing CDS,
that CDS will be used as assigned CDS and be altered to start (if 5’; junctionA) or
end (3’; junctionB) at the genomic position of the respective junction, resulting in
a shortened CDS. If the junctions do not overlap with an existing CDS, it will be
assigned to the nearest adjacent CDS, taking in mind the orientation and strand of
the splice-junction and CDS. This will either retrieve a canonical CDS directly flanking
the splice-junctions or assign a CDS further away. The nucleotides spanning the
splice-junction to the assigned CDS will then be added to assigned CDS and thereby
effectively extending the CDS. If the splice-junction is further away than a max.
distance (as set by the user; default 250 nt), a cryptic exon (of a size set by the
user; default = 99 nt) will be generated and incorporated within all overlapping
transcripts. As we cannot discern frame-status for cryptic exons, a three or six-
frame translation (if splice-junction has no strand information) will be performed.

The generated splice-junction-derived transcript can also span two distinct genes;
e.g., if one junction is most adjacent to gene X and the second junction is most ad-
jacent to gene Y. These ‘fusion’-genes are then generated by stitching (taking the
strand into account) of all upstream CDS of gene X (ending at the assigned 5’ CDS)
with all downstream CDS of gene Y (starting at the assigned 3’ CDS); extensions
and/or shortenings are also incorporated in these situations.

Post-incorporation, all generated transcripts (genomic variants, splice-junctions
and/or manual sequences) can be curated and altered using the setMutantTran-
scripts function. After the generation of transcript variants (or manual alteration
thereof), all mutant transcript sequences are translated into their respective pro-
tein sequences and cleaved at the earliest stop-codon. If the canonical stop-codon
is lost, it will continue translating into the 3’ UTR until the next-earliest stop-codon
or stop at the end of the 3’ UTR. Generated splice-junctions transcripts without
known translation frame(s) will generate a three-frame (if orientations are known
and concordant) or a six-frame (if strand orientations is unknown or disconcordant)
translation of the transcript sequence(s).

4. Filtering for protein variants based on proteotypic peptides.
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To reduce number of potential protein variants, ProteoDisco provides an optional
filtering procedure to retain protein variants containing a min. number of proteo-
typic peptides not seen in the supplied TxDb (and additional) protein databases and
thereby identifiable in subsequent MS/MS analysis.

Conceptually, we cleave the protein variants with the same protease as would be
used in the respective MS/MS experiment (e.g., Trypsin) and compare the resulted
cleaved peptides against the input TxDb (and additional databases) cleaved in the
same manner (allowing user-set missed cleavages) and, subsequently, determine
the number of distinct cleaved fragments not detected in the reference protein
database(s). In addition, it can also be toggled to check for uniqueness against all
other generated protein variants within the ProteoDiscography. This extends the
ProteoDiscography with the number of proteotypic peptides per protein variants
which can be used to filter protein variants prior to exporting the protein sequences
to a FASTA file (step 5).

5. Export protein variants into a customized protein database (FASTA).

Generated protein variants can be exported into an external (FASTA) database.
As mentioned, users can subset exported proteins based on the minimum number of
proteotypic peptides. This optional filtering step removes identical peptide variants
of homologous proteins and sequences that are indistinguishable due to mutations.
Users can output all generated protein variants into the same aggregated file or
generate distinct files containing sample-specific protein variants.

The FASTA headers for each protein sequence contain identifiers and informa-
tion on the incorporated variant(s) or splice-junctions which can be easily related
back to the ProteoDiscography.
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Abstract

Metastatic castration-resistant prostate cancer (mCRPC) has a highly complex ge-
nomic landscape. With the recent development of novel treatments, accurate strat-
ification strategies are needed. Here we present the whole-genome sequencing
(WGS) analysis of fresh-frozen metastatic biopsies from 197 mCRPC patients. Us-
ing unsupervised clustering based on genomic features, we define eight distinct
genomic clusters. We observe potentially clinically relevant genotypes, including mi-
crosatellite instability (MSI), homologous recombination deficiency (HRD) enriched
with genomic deletions and BRCA2 aberrations, a tandem duplication genotype
associated with CDK12−/− and a chromothripsis-enriched subgroup. Our data sug-
gests that stratification on WGS characteristics may improve identification of MSI,
CDK12−/− and HRD patients. From WGS and chromatin immunoprecipitation se-
quencing (ChIP-seq) data, we show the potential relevance of recurrent alterations
in non-coding regions identified with WGS and highlight the central role of AR sig-
naling in tumor progression. These data underline the potential value of using WGS
to accurately stratify mCRPC patients into clinically actionable subgroups.
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Introduction

P
rostate cancer is known to be a notoriously heterogeneous disease and the
genetic basis for this interpatient heterogeneity is poorly understood.1,2 The

ongoing development of new therapies for metastatic prostate cancer that tar-
get molecularly defined subgroups further increases the need for accurate pa-
tient classification and stratification.3–5 Analysis of whole-exome sequencing data
of metastatic prostate cancer tumors revealed that 65% of patients had actionable
targets in non-androgen receptor related pathways, including PI3K, Wnt, and de-
oxyribonucleic acid (DNA) repair.6 Several targeted agents involved in these path-
ways, including mTOR/AKT pathway inhibitors7 and PARP inhibitors8, are currently
in various phases of development and the first clinical trials show promising results.
Therefore, patients with metastatic prostate cancer could benefit from better strat-
ification to select the most appropriate therapeutic option. More extensive analysis
using WGS-based classification of tumors may be useful to improve selection of
patients for different targeted therapies. The comprehensive nature of WGS has
many advantages, including the detection of mutational patterns, as proven by the
successful treatment of patients with high-tumor mutational burden with immune
check-point blockade therapy.9–12 Moreover, WGS unlike exome sequencing, can
detect structural variants and aberrations in non-coding regions, both important
features of prostate cancer.

The stratification of prostate cancer patients, based on differences in the muta-
tional landscape of their tumors, has mainly focused on mutually exclusive muta-
tions, copy-number alterations, or distinct patterns in RNA-sequencing caused by
the abundant TMPRSS2-ERG fusion, which is recurrent in 50% of primary prostate
tumors6,13–18. More recently, WGS of metastatic prostate cancer tumors demon-
strated that structural variants arise from specific alterations such as CDK12−/−

and BRCA2−/- genotypes, and are strongly associated with genome-wide events
such as large tandem duplications or small genomic deletions, respectively.19–23

Advances in WGS analysis and interpretation have revealed rearrangement signa-
tures in breast cancer relating to disease stage, HRD, and BRCA1/BRCA2 defects
based on size and type of structural variant22,24. Thus, WGS enables the identi-
fication of patterns of DNA aberrations (i.e., genomic scars) that may profoundly
improve classification of tumors that share a common etiology, if performed in a
sufficiently powered dataset.
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In this study, we analyzed the WGS data obtained from 197 mCRPC patients.
We describe the complete genomic landscape of mCRPC, including tumor spe-
cific single- and multi-nucleotide variants (single-nucleotide variation(s) (SNV)s and
multi-nucleotide variation(s) (MNV)s), small insertions and deletions (InDels), copy-
number alteration(s) (CNA), mutational signatures, kataegis, chromothripsis, and
structural variant(s) (SV). Next, we compared the mutational frequency of the de-
tected driver genes and genomic subgroups with an unmatched WGS cohort of
primary prostate cancer (n = 210), consisting of exclusively of Gleason score 6–7
tumors.15,25 We investigated the presence of possible driver genes by analyzing
genes with enriched (non-synonymous) mutational burdens and recurrent or high-
level copy-number alterations.26,27 By utilizing various basic genomic features re-
flecting genomic instability and employing unsupervised clustering, we were able
to define eight distinct genomic subgroups of mCRPC patients. We combined our
genomic findings with AR, FOXA1, and H3K27me ChIP-seq data, and confirmed
that important regulators of AR-mediated signaling are located in non-coding re-
gions with open chromatin and highlight the central role of AR signaling in tumor
progression.

Results

Characteristics of the mCRPC cohort and sequencing approach

We analyzed fresh-frozen metastatic tumor samples and matched blood samples
from 197 castration-resistant prostate cancer patients using WGS generating to date
the largest WGS dataset for mCRPC (Figure 4.1a). Clinical details on biopsy site,
age, and previous treatments of the included patients are described in Figure 4.1b,
4.1c and Supplementary Data 1 (available online). WGS data was sequenced to a
mean coverage of 104X in tumor tissues and 38X in peripheral blood (Supplemen-
tary Figure S4.1a). The median estimated tumor cell purity using in silico analysis of
our WGS data was 62% (range: 16–96%; Supplementary Figure S4.1b). Tumor cell
purity correlated weakly with the frequency of called SNVs (Spearman correlation;
rho = 0.2; p = 0.005), InDels (Spearman correlation; rho = 0.35; p < 0.001), MNVs
(Spearman correlation; rho = 0.25; p < 0.001) and structural variants (Spearman
correlation; rho = 0.22; p = 0.002; Supplementary Figure S4.1c).

https://www.nature.com/articles/s41467-019-13084-7
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Landscape of mutational and structural variants in mCRPC

The median tumor mutational burden (TMB) at the genomic level (SNVs and InDels
per mega-base pair (Mbp)) was 2.7 in our mCRPC cohort, including 14 patients
with high TMB (>10). We found a median of 6621 SNVs (IQR: 5048–9109), 1008
small InDels (IQR: 739–1364), 55 MNVs (IQR: 34–86) and 224 SVs (IQR: 149–
370) per patient (Supplementary Figure S4.2a–c). We observed a highly complex
genomic landscape consisting of multiple driver mutations and structural variants
in our cohort.

We confirmed that known driver genes of prostate cancer were enriched for
non-synonymous mutations (Figure 4.2 and Supplementary Figure S4.2e)13,15,28.
In total, we detected 11 genes enriched with non-synonymous mutations: TP53,
AR, FOXA1, SPOP, PTEN, ZMYM3, CDK12, ZFP36L2, PIK3CA, and APC. ATM was
mutated in 11 samples, but after multiple-testing correction appeared not to be
enriched.

Our copy-number analysis revealed distinct amplified genomic regions, includ-
ing 8q and Xq and deleted regions including 8p, 10q, 13q, and 17p (Supplementary
Figure S4.2d). Well-known prostate cancer driver genes8,16, such as AR, PTEN,
TP53, and RB1, are located in these regions. In addition to large-scale chromo-
somal copy-number alterations, we could identify narrow genomic regions with
recurrent copy-number alterations across samples, which could reveal important
prostate cancer driver genes (Supplementary Data 1 (available online)).

TMPRSS2-ERG gene fusions were the most common fusions in our cohort (n = 84
out of 197; 42.6%) and were the majority of ETS family fusions (n = 84 out of 95;
88.4%; Figure 4.2 and Supplementary Figure S4.3). This is comparable to primary
prostate cancer, where ETS fusions are found in approximately 50% of tumors.13,15

The predominant break point was located upstream of the second exon of ERG,
which preserves its ETS-domain in the resulting fusion gene.

In 42 patients (21.3%), we observed regional hypermutation (kataegis; Figure
4.2 and Supplementary Figure S4.4). In addition, we did not observe novel muta-
tional signatures specific for metastatic disease or possible pre-treatment histories
(Supplementary Figure S4.5).29

To further investigate whether our description of the genome-wide mutational

https://www.nature.com/articles/s41467-019-13084-7
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burden and observed alterations in drivers and/or subtype-specific genes in mCRPC
were metastatic specific, we compared our data against an unmatched WGS cohort
of primary prostate cancer (n = 210)15,25, consisting of Gleason score 6–7 disease.
Comparison of the median genome-wide TMB (SNVs and InDels per Mbp) revealed
that the TMB was roughly 3.8 times higher in mCRPC (Figure 4.3a) and the fre-
quency of structural variants was also higher between disease stages (Figure 4.3b),
increasing as disease progresses. Analysis on selected driver and subtype-specific
genes showed that the mutational frequency of several genes (AR, TP53, MYC,
ZMYM3, PTEN, PTPRD, ZFP36L2, ADAM15, MARCOD2, BRIP1, APC, KMT2C, CCAR2,
NKX3-1, C8orf58, and RYBP) was significantly altered (q ≤ 0.05) between the pri-
mary and metastatic cohorts (Figure 4.3c–e). All genes for which we observed
significant differences in mutational frequency, based on coding mutations, were
enriched in mCRPC (Figure 4.3d). We did not identify genomic features that were
specific for the metastatic setting, beyond androgen deprivation therapy-specific
aberrations revolving AR (no aberrations in hormone-sensitive setting versus 137
aberrations in castration-resistant setting). We cannot exclude from these data that
matched sample analysis or larger scale analysis could reveal such aberrations.

We next determined whether previous treatments affect the mutational land-
scape. Using treatment history information, we grouped prior secondary anti-
hormonal therapy, taxane-based chemotherapy and systemic radionucleotide ther-
apy into different groups (Supplementary Figure S4.6). This analysis did not re-
veal systematic biases due to pre-treatment in aberrations, such as TMB, kataegis,
chromothripsis, ETS fusions, or somatically altered genes (Supplementary Data 1
(available online)).

The role of the AR-pathway in mCRPC

Focusing on the AR-pathway revealed that aberrant AR signaling occurred in 80%
of our patients. In 57.3% of patients both AR and the AR-enhancer (6̃6.13 Mb
on chromosome X; located about 629 kbp upstream of the AR gene20) were af-
fected (Figure 4.4a). In an additional 6.6% and 14.7% of tumors only AR gene
alterations or AR-enhancer amplification occurred, respectively. The percentage
of mCRPC patients with the exclusive AR-enhancer amplification (29 out of 197;
14.7%) versus exclusively AR-locus amplification (13 out of 197; 6.6%) is similar
to previous observations, which showed 21 out of 94 castration-resistant prostate
cancer (CRPC) patients (10.3%) with exclusively AR-enhancer amplification versus

https://www.nature.com/articles/s41467-019-13084-7
https://www.nature.com/articles/s41467-019-13084-7
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Figure 4.3: Comparison of the mutational landscape between primary prostate cancer and
mCRPC.
(a): Tumor mutational burden (SNVs and InDels per Mbp) from a primary prostate cancer (n = 210)
and the CPTC-02 mCRPC cohort (n = 197). Bee-swarm boxplot with notch of the tumor mutational
burden. Boxplot depicts the upper and lower quartiles, with the median shown as a solid line; whiskers
indicate 1.5 times the IQR. Data points outside the IQR are shown. Statistical significance was tested
with Wilcoxon rank-sum test and p ≤ 0.001 is indicated as ***. (b): Frequency of structural variant
events from an unmatched cohort of primary prostate cancer (n = 210) and the CPTC-02 mCRPC cohort
(n = 197). (c): Comparison of the mutational frequencies for driver genes detected by dN/dS and/or
GISTIC2, or subtype-specific genes, enriched in mCRPC relative to primary prostate cancer or vice-versa.
The difference in relative mutational frequency is shown on the x-axis and the adjusted p-value (two-
sided Fisher’s Exact Test with Benjamini-Hochberg (BH) correction) is shown on the y-axis. (d): Same
as in c but using only coding mutations. (e): Overview of the mutational categories of the driver genes
detected by dN/dS and/or GISTIC2, or subtype-specific genes, enriched in mCRPC relative to primary
prostate cancer (q ≤ 0.05). For each gene the frequency in primary prostate cancer is displayed followed
by the frequency in mCRPC.
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4 out of 94 CRPC patients (4.3%) with exclusively AR-locus amplification.20 Con-
current amplification of the AR gene and the AR-enhancer was not necessarily of
equal magnitude, which resulted in differences in copy number enrichment of these
loci (Figure 4.4b).

To date, no AR ChIP-seq data has been reported in human mCRPC samples
and evidence of increased functional activity of the amplified enhancer thus far is
based on cell line models.30 To resolve this, we performed AR ChIP-seq on two se-
lected mCRPC patient samples with AR-enhancer amplification based on WGS data.
As controls we used two prostate cancer cell-lines (LNCaP and VCaP) and three
independent primary prostate cancer samples that did not harbor copy-number al-
terations at this locus (Supplementary Figure S4.7).31 We observed active enhancer
regions (H3K27ac) in the castration-resistant setting, co-occupied by AR and FOXA1,
at the amplified AR-enhancer. This is substantially stronger when compared to the
hormone-sensitive primary prostate cancer samples without somatic amplifications
(Figure 4.4c and Supplementary Figure S4.7). Furthermore, a recurrent focal am-
plification in a non-coding region was observed at 8q24.21 near PCAT1. This locus
bears similar epigenetic characteristics to the AR-enhancer with regard to H3K27ac
and, to a lesser extent, binding of AR and/or FOXA1 in the mCRPC setting (Figure
4.4d and Supplementary Figure S4.7).

WGS-based stratification defines genomic subgroups in mCRPC

Our comprehensive WGS data and large sample size enabled us to perform unsu-
pervised clustering on several WGS characteristics to identify genomic scars that
can define subgroups of mCRPC patients. We clustered our genomic data using the
total number of SVs, relative frequency of SV category (translocations, inversions,
insertions, tandem duplications, and deletions), genome-wide TMB encompassing
SNV, InDels and MNV, and tumor ploidy. Prior to clustering, we subdivided tandem
duplications and deletions into two major categories based on the respective ge-
nomic size of the aberration (smaller and larger than 100 kilo-base pair (kbp)) since
previous studies revealed distinctions based on similar thresholds for these struc-
tural variants in relation to specific-mutated genes.19–21,32 Similarly, we observed a
difference in genomic size and number in our subgroups of mCRPC patients (Sup-
plementary Figure S4.8).

This analysis defined eight distinct subgroups (Figures 4.5, 4.6 and Supplemen-
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tary Figures S4.8, S4.9, S4.10 and S4.11): (A) MSI signature with high TMB and
association with mismatch repair deficiency; (B) tandem duplication (>100 kbp)
phenotype associated with biallelic CDK12 inactivation; (D) HRD features with many
deletions (>100 kbp) and association with (somatic) mutations in BRCAness-associated
genes; this was supported by high HR-deficiency scores (CHORD; Supplementary
Figures S4.8 and S4.9); (F) chromothripsis; C, E, G, H); non-significant genomic
signature without any currently known biological association. 4.1 summarizes the
key features of each subgroup.

Clusters A and B represent previously identified genomic subgroups (MSI and
CDK12−/−).6,19,21,34 In cluster B, only two patients were allocated to this sub-
group without a specific somatic mutation in the identifying gene. The well-known
mismatch repair genes: MLH1, MSH2, and MSH6 are among the cluster-specific-
mutated genes in cluster A (Figure 4.6a). Twelve out of these thirteen patients had
at least one inactivating alteration in one of these genes (Figure 4.6b). Interest-
ingly, cluster B (CDK12−/−) harbors two patients without non-synonymous CDK12
mutation or copy-number alteration; the cause of their tandem duplication phe-
notype is currently unknown (Figure 4.6b). Cluster D shows significant features of
HRD, specifically biallelic BRCA2 inactivation (Supplementary Figure /S4.12), mainly
mutational signature 3, enrichment of deletions (<100 kbp) and is supported by
high HR-deficiency scores (CHORD) (Supplementary Figures S4.8 and S4.9).22,35

Remarkably, seven out of twenty-two patients did not have a biallelic BRCA2 inacti-
vation. However, four of these patients showed at least one (deleterious) aberration
in other BRCAness-related genes (Figure 4.6b).36 Cluster F was enriched for chro-
mothripsis events, however we could not reproduce a previous finding, suggest-
ing chromothripsis was associated with inversions and p53 inactivation in prostate
cancer.21 Apart from the chromothripsis events, no clear gene aberration was as-
sociated with this cluster (Figure 4.6b). In the remaining patients, there were no
distinct genomic signatures or biologic rationale for patient clustering (cluster C, E,
G, H). In cluster C, conjoint aberrations of BRCA1 and TP53 were observed in one
patient with a high HR-deficiency prediction score (CHORD), which is known to lead
to a small tandem duplication phenotype (<100 kbp).32 Two other patients within
cluster C displayed a weak CHORD scoring associated with HR-deficiency, however
no additional definitive evidence was found for a BRCA1 loss-of-function mutation
within these patients.

In addition to our unsupervised clustering approach, we clustered our samples
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Figure 4.5: Unsupervised clustering of mCRPC reveals distinct genomic phenotypes.
(a): Dendrogram of unsupervised clustering with optimal leaf ordering (OLO). Top eight clusters are
highlighted and denoted based on order of appearance (left to right): A to H. y-axis displays clustering
distance (Pearson correlation; ward.D). (b): Number of genomic TMB per SNV (blue), InDels (yellow),
and MNV (orange) category. All genome-wide somatic mutations were taken into consideration (square-
root scale). (c): Absolute number of unique structural variants per sample. (d): Relative frequency per
structural variant category (translocations, inversions, insertions, tandem duplications, and deletions).
Tandem Duplications and Deletions are subdivided into >100 kbp and <100 kbp categories. This track
shows if an enrichment for particular category of (somatic) structural variant can be detected, which in
turn, can be indicative for a specific mutational aberration. (e): Relative genome-wide ploidy status,
ranging from 0 to ≥7 copies. This track shows the relative percentage of the entire genome, which
is (partially) deleted (ploidy <2 per diploid genome) or amplified (ploidy >2 per diploid genome). (f):
Relative contribution to mutational signatures (COSMIC) summarized per proposed etiology. This track
displays the proposed etiology of each SNV based on their mutational contexts. (g): Relative frequency
of different SNV mutational changes. (h): HR-deficient prediction score as assessed by CHORD. The
binary prediction score of CHORD (ranging from 0 to 1) is shown, in which higher scores reflect more
evidence for HR-deficiency in a given sample. (i): MSI status as determined using a stringent threshold
of MSI characteristics. 33 (j): Presence of a fusion with a member of the ETS family. Green color indicates
a possible fusion. (k): Presence of chromothripsis. Pink color indicates presence of chromothripsis as
estimated by ShatterSeek. (l): Presence of kataegis. Red color indicates presence of one or more
regions showing kataegis. (m): General biopsy location.
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using the clustering scheme proposed by The Cancer Genome Atlas (TCGA) (Sup-
plementary Figure S4.13a), which defines seven clusters based on coding mutations
and copy-number aberrations in SPOP, FOXA1, IDH1, and ETS family gene fusions
(and overexpression) per promiscuous partner (ERG, ETV1, ETV4, and FLI1).13 Un-
fortunately, we currently lack matched messenger RNA (mRNA)-sequencing data
in our cohort and therefore cannot observe overexpression of fused ETS family
members, which restricted us to only characterize the genomic breaks of these
promiscuous partners. Without incorporation of ETS family overexpression, this
proposed clustering scheme categorizes 61% of mCRPC into these seven groups
versus 68% of the original cohort containing primary prostate cancer described
by TCGA (Supplementary Figure S4.13b).13 There was no significant correlation
between the TCGA clustering scheme and our defined genomic subtypes such as
MSI, BRCAness or CDK12−/−. In addition, we did not detect statistical enrichment
or depletion (q ≤ 0.05) between these supervised clusters and additional-mutated
genes, kataegis and chromothripsis, only the known enrichment of homozygous
CHD1 deletions in the SPOP-cluster was observed.13

Performing unsupervised clustering and principal component analysis on the
primary prostate cancer and metastatic cohorts revealed no striking primary-only
genomic subgroup nor did we detect the presence of the mCRPC-derived genomic
subgroups in the primary prostate cancer cohort (Supplementary Figure S4.14).
This could reflect the absence of CDK12 mutations and the presence of only three
sporadic BRCA2-mutated samples (1%) in the primary prostate cancer cohort. Fur-
thermore, only one sample (1%) with MSI-like and high TMB (>10), respectively,
was observed in the primary cancer cohort. Indeed, there is a striking difference in
the mutational load between both disease settings.

Discussion

We performed WGS of metastatic tumor biopsies and matched-normal blood ob-
tained from 197 patients with mCRPC to provide an overview of the genomic land-
scape of mCRPC. The size of our cohort enables classification of patients into distinct
disease subgroups using unsupervised clustering. Our data suggest that classifi-
cation of patients using genomic events, as detected by WGS, improves patient
stratification, specifically for clinically actionable subgroups such as BRCA-deficient
and MSI patients. Furthermore, we confirm the central role of AR signaling in
mCRPC that mediates its effect through regulators located in non-coding regions
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and the apparent difference in primary versus metastatic prostate cancers.

The classification of patients using WGS has the advantage of being, in theory,
more precise in determining genomically defined subgroups in prostate cancer com-
pared to analyses using targeted panels consisting of a limited number of genes,
or exome sequencing. The identification of subgroups based on predominant phe-
notypic characteristics encompassing genomic signatures may be clinically relevant
and our clustering analysis refines patient classification. In cluster A, we observed a
high TMB, which has been associated in other tumor types with a high sensitivity to
immune check-point inhibitors.9,11,12 Clinical trials using pembrolizumab in selected
mCRPC patients are underway (KEYNOTE-028, KEYNOTE-199).37,38 Interestingly,
in both cluster B and cluster D, we identified patients that did not have the defin-
ing biallelic CDK12 or BRCA2 (somatic) mutation. Such patients might be deemed
false-negatives when using FDA-approved assays (BRCAnalysis™ and Foundation-
Focus™), currently used in breast cancer diagnosis and based on the presence of
BRCA1/2 mutations, to predict response to poly(ADP-ribose) polymerase (PARP)
inhibitors and/or platinum compounds. The first clinical trials combining PARP in-
hibitors with AR-targeted therapies in mCRPC show promising results.8 Thus, WGS-
based stratification may improve the patient classification of DNA repair-deficient
tumors as it uses the genome-wide scars caused by defective DNA repair to identify
tumors that have these deficiencies.

The use of WGS also allowed us to gain more insight into the role of non-
coding regions of the genome in prostate cancer. We confirmed the amplification
of a recently reported AR-enhancer.20,21,30 In line with the cell line-based observa-
tions, we show AR binding at these mCRPC-specific enhancer regions, providing the
first clinical indication that AR-enhancer amplification also increases AR signaling in
mCRPC tumors. These findings are supported by previous studies demonstrating
that this amplification ultimately resulted in significantly elevated expression of AR
itself.20,21,30 Furthermore, we confirm a recurrent focal amplification near PCAT1,
which shows robust chromatin binding for AR in mCRPC samples, providing clini-
cal proof-of-concept of a functional enhancer that is also active and AR-bound in
cell line models. Recent research elucidated to the functional importance of this
region in regulating MYC expression in prostate cancer, which could highlight a
putative role of this somatically acquired amplification.31 However, the WGS and
ChIP-seq data presented here are not conclusive in elucidating the definitive role of
this amplified region in regulating MYC expression and further mechanistic studies
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are needed to establish a potential link to MYC regulation.

In addition, PCAT1 is a long non-coding RNA, which is known to be upregulated
in prostate cancer and negatively regulates BRCA2 expression while positively af-
fecting MYC expression.39,40 Combining our WGS approach with AR, FOXA1, and
H3K27ac ChIP-seq data, we identify non-coding regions affecting both AR itself,
and possibly MYC, through AR-enhancer amplification as a potential mechanism
contributing to castration resistance.

A potential pitfall of our clustering analysis is the selection of features used;
for this we made a number of assumptions based on the literature and distribu-
tion of the structural variants within our cohort.19–21,32 As the input of features
and weights for clustering analysis are inherent to the clustering outcome, we per-
formed additional clustering analyses using various combinations of these features
and applied alternative approaches but did not detect striking differences compared
to the current approach. Another potential pitfall of the employed hierarchical clus-
tering scheme is that patients are only attributed to a single cluster. An example of
this can be seen in cluster A where a patient is grouped based on its predominant
genotype (MSI) and associated mutations in mismatch repair (MMR)-related genes
(MLH1, POLE, POLD3, and BLM), but this sample also displays an increased number
of structural variants and increased ploidy status and harbors a pathogenic BRCA2
mutation. However, it is missing the characteristic number of genomic deletions
(<100 kbp) and BRCA mutational signature associated with BRCA2−/− samples that
define cluster D. Despite these pitfalls we conclude that unbiased clustering con-
tributes towards improved classification of patients.

The CPCT-02 study was designed to examine the correlation of genomic data
with treatment outcome after biopsy at varying stages of disease. Our cohort con-
tains patients with highly variable pre-treatment history and since the treatments
for mCRPC patients nowadays significantly impacts overall survival, the prognosis
of patients differs greatly. Therefore, correlation between genomic data and clini-
cal endpoints, such as survival is inherently flawed due to the very heterogeneous
nature of the patient population. Moreover, our analysis comparing primary and
metastatic samples shows a significant increase in the number of genomic aberra-
tions with advancing disease, meaning that the difference in timing of the biopsies
may bias the prognostic value of the data. In future studies, we plan to gather all
known clinically defined prognostic information and determine whether the genomic
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subtypes increase the ability to predict outcome. Unfortunately, some clinical pa-
rameters with prognostic importance such as ethnicity will not be available due to
ethical regulations. Moreover, we will increase the sample size, in order to correlate
genomic features to clinical parameters to better determine whether the subtypes
we identified are stable over time. Therefore, we are currently unable to present
meaningful correlations between clinical endpoints and the clusters we identified.

Overall, we show the added value of WGS-based unsupervised clustering in
identifying patients with genomic scars who are eligible for specific therapies. Since
our clustering method does not rely on one specific genetic mutation we are able
to classify patients even when WGS (or our methodology) does not find conclusive
evidence for (biallelic) mutations in the proposed gene-of-interest. Further research
should validate clinical response and outcome on specific therapies in matched sub-
groups. This study also shows that a large population of mCRPC patients do not
fall into an as-of-yet clinically relevant or biologically clear genotype and further re-
search can help elucidate the oncogenic driver events and provide new therapeutic
options.

Material and Methods

Patient cohort and study procedures

Patients with metastatic prostate cancer were recruited under the study protocol
(NCT01855477) of the Center for Personalized Cancer Treatment (CPCT). This con-
sortium consists of 41 hospitals in The Netherlands (Supplementary Data 1 (avail-
able online)). This CPCT-02 protocol was approved by the medical ethical committee
(METC) of the University Medical Center Utrecht and was conducted in accordance
with the Declaration of Helsinki. Patients were eligible for inclusion if the following
criteria were met: (1) age ≥ 18 years; (2) locally advanced or metastatic solid tu-
mor; (3) indication for new line of systemic treatment with registered anti-cancer
agents; (4) safe biopsy according to the intervening physician. For the current
study, patients were included for biopsy between 03 May 2016 and 28 May 2018.
Data were excluded of patients with the following characteristics: (1) hormone-
sensitive prostate cancer; (2) neuro-endocrine prostate cancer (as assessed by rou-
tine diagnostics); (3) unknown disease status; (4) prostate biopsy (Figure 4.1a). All
patients provided written informed consent before any study procedure. The study
procedures consisted of the collection of matched peripheral blood samples for ref-

https://www.nature.com/articles/s41467-019-13084-7
https://www.nature.com/articles/s41467-019-13084-7
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erence DNA and image-guided percutaneous biopsy of a single metastatic lesion.
Soft tissue lesions were biopsied preferentially over bone lesions. The clinical data
provided by CPCT have been locked at 1st of July 2018.

Collection and sequencing of samples

Blood samples were collected in CellSave preservative tubes (Menarini-Silicon Biosys-
tems, Huntington Valley, PA, USA) and shipped by room temperature to the central
sequencing facility at the Hartwig Medical Foundation.33 Tumor samples were fresh-
frozen in liquid nitrogen directly after the procedure and send to a central pathology
tissue facility. Tumor cellularity was estimated by assessing a hematoxylin-eosin
(HE) stained 6 micron thick section. Subsequently, 25 sections of 20 micron were
collected for DNA isolation. DNA was isolated with an automated workflow (QiaSym-
phony) using the DSP DNA Midi kit for blood and QiaSymphony DSP DNA Mini kit
for tumor samples according to the manufacturer’s protocol (Qiagen). DNA concen-
tration was measured by Qubit™ fluorometric quantitation (Invitrogen, Life Tech-
nologies, Carlsbad, CA, USA). DNA libraries for Illumina sequencing were generated
from 50 to100 ng of genomic DNA using standard protocols (Illumina, San Diego,
CA, USA) and subsequently whole-genome sequenced in a HiSeq X Ten system us-
ing the paired-end sequencing protocol (2 × 150 base pair (bp)). Whole-genome
alignment (GRCh37), somatic variants (SNV, InDels (max. 50 bp), MNV), structural
variant and copy number calling and in silico tumor cell percentage estimation were
performed in a uniform manner as detailed by Priestley et al.33. Mean read cov-
erages of reference and tumor Binary Alignment Map (BAM) were calculated using
Picard Tools (v1.141; CollectWgsMetrics) based on GRCh37.41

Additional annotation of somatic variants and heuristic filtering

In addition, heuristic filtering removed somatic SNV, InDels, and MNV variants
based on the following criteria: (1) minimal alternative reads observations ≤ 3;
(2) gnomAD exome (ALL) allele frequency ≥ 0.001 (corresponding to 62 gnomAD
individuals); and (3) gnomAD genome (ALL) ≥0.005 ( 75 gnomAD individuals).42

gnomAD database v2.0.2 was used. Per gene overlapping a genomic variant, the
most deleterious mutation was used to annotate the overlapping gene. Structural
variants, with B-Allele Frequency (BAF) ≥0.1, were further annotated by retrieving
overlapping and nearest up- and downstream annotations using custom R scripts
based on GRCh37 canonical University of California, Santa Cruz (UCSC) promoter
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and gene annotations with respect to their respective up- or downstream orienta-
tion (if known).43 Only potential fusions with only two different gene-partners were
considered (e.g., TMPRSS2-ERG); structural variants with both breakpoints falling
within the same gene were simply annotated as structural variant mutations. Fusion
annotation from the COSMIC (v85), Cancer Genome Interpreter (CGI) and Clinical
Interpretation of Variants in Cancer (CIVIC) databases were used to assess known
fusions.44–46 The COSMIC (v85), OncoKB (July 12, 2018), CIVIC (July 26, 2018),
CGI (July 26, 2018) and the list from Martincorena et al.26 (dN/dS) were used to
classify known oncogenic or cancer-associated genes44–46.

Ploidy and copy-number analysis

Ploidy and copy-number (CN) analysis was performed by a custom pipeline as de-
tailed by Priestley et al..33 Briefly, this pipeline combines BAF, read depth, and
structural variants to estimate the purity and CN profile of a tumor sample. Re-
current focal and broad CN alterations were identified by GISTIC2.0 (v2.0.23).27

GISTIC2.0 was run with the following parameters: (a) genegistic 1; (b) gcm ex-
treme; (c) maxseg 4000; (d) broad 1; (e) brlen 0.98; (f) conf 0.95; (g) rx 0; (h)
cap 3; (i) saveseg 0; (j) armpeel 1; (k) smallmem 0; (l) res 0.01; (m) ta 0.1; (n) td
0.1; (o) savedata 0; (p) savegene 1; (q) gvt 0.1.

Categorization of shallow and deep CN aberration per gene was based on thresh-
olded GISTIC2 calls. Focal peaks detected by GISTIC2 were re-annotated, based
on overlapping genomic coordinates, using custom R scripts and UCSC gene anno-
tations. GISTIC2 peaks were annotated with all overlapping canonical UCSC genes
within the wide peak limits. If a GISTIC2 peak overlapped with ≤3 genes, the
most-likely targeted gene was selected based on oncogenic or tumor-suppressor
annotation in the COSMIC (v85), OncoKB (July 12, 2018), CIVIC (July 26, 2018),
and CGI (July 26, 2018) lists.26,44–46 Peaks in gene deserts were annotated with
their nearest gene.

Estimation of tumor mutational burden

The mutation rate per Mbp of genomic DNA was calculated as the total genome-
wide amount of SNV, MNV, and InDels divided over the total amount of callable
nucleotides (ACTG) in the human reference genome (hg19) FASTA sequence file:
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𝑇𝑀𝐵𝑔𝑒𝑛𝑜𝑚𝑖𝑐 =
(𝑆𝑁𝑉𝑔 +𝑀𝑁𝑉𝑔 + 𝐼𝑛𝐷𝑒𝑙𝑠𝑔)

(2858674662/106) (4.1)

The mutation rate per Mbp of coding mutations was calculated as the amount
of coding SNV, MNV, and InDels divided over the summed lengths of distinct non-
overlapping coding regions, as determined on the subset of protein-coding and fully
supported (TSL = 21) transcripts in GenCode v28 (hg19)47:

𝑇𝑀𝐵𝑐𝑜𝑑𝑖𝑛𝑔 =
(𝑆𝑁𝑉𝑐 +𝑀𝑁𝑉𝑐 + 𝐼𝑛𝐷𝑒𝑙𝑠𝑐)

(28711682/106) (4.2)

MSI and HR-deficiency prediction

HR-deficiency/BRCAness was estimated using the CHORD classifier (Nguyen, van
Hoeck and Cuppen, manuscript in preparation). This classifier was based on the
HRDetect48 algorithm, however, redesigned to improve its performance beyond
primary breast cancer. The binary prediction score (ranging from 0 to 1) was used
to indicate BRCAness level within a sample. To elucidate the potential target gene(s)
in the HR-deficient samples (Figure 4.4), we used the list of BRCAness genes from
Lord et al.36.

MSI status was determined based on the following criteria: if a sample contained
>11,436 genomic InDels (max. 50 bp, with repeat-stretches of ≥4 bases, repeat
length sequence between 2 and 4, or if these InDels consist of a single repeat
sequence, which repeats ≥5 times), the sample was designated as MSI.33

Detection of (onco-)genes under selective pressure

To detect (onco-)genes under tumor-evolutionary mutational selection, we em-
ployed a Poisson-based dN/dS model (192 rate parameters; under the full trinu-
cleotide model) by the R package dndscv (v0.0.0.9).26 Briefly, this model tests the
normalized ratio of non-synonymous (missense, nonsense, and splicing) over back-
ground (synonymous) mutations while correcting for sequence composition and
mutational signatures. A global q-value ≤ 0.1 (with and without taking InDels into
consideration) was used to identify statistically significant (novel) driver genes.
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Identification of hypermutated foci (kataegis)

Putative kataegis events were detected using a dynamic programming algorithm,
which determines a globally optimal fit of a piecewise constant expression pro-
file along genomic coordinates as described by Huber et al.49 and implemented
in the tilingarray R package (v1.56.0). Only SNVs were used in detecting kataegis.
Each chromosome was assessed separately and the maximum number of segmental
breakpoints was based on a maximum of five consecutive SNVs (max. 5000 seg-
ments per chromosome). Fitting was performed on log10-transformed intermuta-
tional distances. Per segment, it was assessed if the mean intermutational distance
was ≤2000 bp and at least five SNVs were used in the generation of the segment. A
single sample with >200 distinct observed events was set to zero observed events
as this sample was found to be hypermutated throughout the entire genome rather
than locally. Kataegis was visualized using the R package karyoploteR (v1.4.1).50

Mutational signatures analysis

Mutational signatures analysis was performed using the MutationalPatterns R pack-
age (v1.4.2).51 The 30 consensus mutational signatures, as established by Alexan-
drov et. al, (matrix Sij; i = 96; number of trinucleotide motifs; j = 30; number of
signatures) were downloaded from COSMIC (as visited on 23-05-2018)44. Muta-
tions (SNVs) were categorized according to their respective trinucleotide context
(hg19) into a mutational spectrum matrix Mij (i = 96; number of trinucleotide con-
texts; j = 196; number of samples) and subsequently, per sample a constrained
linear combination of the thirty consensus mutational signatures was constructed
using non-negative least squares regression implemented in the R package pracma
(v1.9.3).

Between two and 15 custom signatures were assessed using the NMF package
(v0.21.0) with 1000 iterations.52 By comparing the cophenetic correlation coeffi-
cient, residual sum of squares and silhouette, we opted to generate five custom
signatures. Custom signatures were correlated to existing (COSMIC) signatures
using cosine similarity.

Detection of chromothripsis-like events

Rounded absolute copy number (excluded Y chromosome) and structural variants
(BAF ≥ 0.1) were used in the detection of chromothripsis-like events by the Shat-
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terseek software (v0.4) using default parameters.53 As a precise standardized def-
inition of chromothripsis has not yet been fully established, and as per the author’s
instruction, we performed visual inspection of reported chromothripsis-like events
after dynamically adapting criteria thresholds (taking the recommended thresholds
into consideration). We opted to use the following criteria: (a) Total number of in-
trachromosomal structural variants involved in the event ≥25; (b) max. number of
oscillating CN segments (two states) ≥7 or max. number of oscillating CN segments
(three states) ≥14; (c) Total size of chromothripsis event ≥20 Mbp; (d) Satisfying
the test of equal distribution of SV types (p > 0.05); and (e) Satisfying the test of
non-random SV distribution within the cluster region or chromosome (p ≤ 0.05).

Unsupervised clustering of mCRPC WGS characteristics

Samples were clustered using the Euclidian distance of the Pearson correlation coef-
ficient (1 – r) and Ward.D hierarchical clustering based on five basic whole-genome
characteristics; number of mutations per genomic Mbp (SNV, InDels, and MNV),
mean genome-wide ploidy, number of structural variants and the relative frequen-
cies of structural variant categories (inversions, tandem duplications (larger and
smaller than 100 kbp), deletions (larger and smaller than 100 kbp), insertions and
interchromosomal translocations). Data was scaled but not centered (root mean
square) prior to calculating Pearson correlation coefficients. After clustering, OLO
was performed using the seriation package (v1.2.3).54 The elbow method was em-
ployed to determine optimal number of discriminating clusters (Supplementary Fig-
ure S4.10) using the factoextra package (v1.0.5). Bootstrapping was performed
using the pvclust package (v2.0) with 5000 iterations.

Cluster-specific enrichment of aberrant genes (either through SV, deep copy-
number alteration, or coding SNV/InDels/MNV), kataegis, chromothripsis, GISTIC2
peaks, and predicted fusions between clusters was tested using a two-sided Fisher’s
Exact Test and Benjamini–Hochberg correction.

A principal component analysis (with scaling and centering) using the prcomp
R package55 was performed on the chosen genomic features and cos2 values for
each feature per principal component were retrieved to determine the importance
of each feature per respective principal component.

To test the robustness of our clustering, we performed unsupervised clustering,
and also other techniques, using various combinations of structural variants and
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clustering mechanisms as a surrogate for different genome-instability metrics but
this analysis did not reveal any striking new clusters.

Supervised clustering based on mutually exclusive aberrations

Samples were sorted on mutual-exclusivity of SPOP, FOXA1, and IDH1 coding mu-
tations and copy-number aberrations and ETS family gene fusions (and overexpres-
sion) per promiscuous partner (ERG, ETV1, ETV4, and FLI1) as defined in primary
prostate cancer.13 Supplementary Table S1A of the article “The Molecular Taxon-
omy of Primary Prostate Cancer”13 was used to determine the relative frequency
and mutational types of each of the respective primary prostate cancer within the
TCGA cohort. In addition, as the TCGA cohort did not denote high-level/deep am-
plifications, we did not incorporate these either in this analysis.

Correlation of the detection rate of genomic aberrations versus tumor cell
percentages

Absolute counts of SNV, InDels, MNV and SV were correlated to the in silico esti-
mated tumor cell percentage using Spearman’s correlation coefficient.

Correlation of pre-treatment history with detected aberrations and WGS
characteristics

Pre-treatment history of patients was summarized into ten groups:

• Only chemo-treatment (with radio-nucleotides).
• Only chemo-treatment (without radio-nucleotides).
• Only radio-nucleotides.
• Only secondary anti-hormonal therapy (with radio-nucleotides).
• Only secondary anti-hormonal therapy (without radio-nucleotides).
• Secondary anti-hormonal therapy + one chemo-treatment
(with radio-nucleotides)

• Secondary anti-hormonal therapy + two chemo-treatment
(with radio-nucleotides)

• Secondary anti-hormonal therapy + one chemo-treatment
(without radio-nucleotides)

• Secondary anti-hormonal therapy + two chemo-treatment
(without radio-nucleotides)
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• No additional treatment after androgen deprivation therapy.

Association with mutated genes, presence of chromothripsis, presence of kataegis,
MSI-status, and genomic subtypes was tested with a two-sided Fisher’s exact test
with Benjamini–Hochberg correction.

ChIP-seq experimental set-up and analysis

ChIP-seq cell culturing: VCaP cells were incubated in RPMI medium in additional
with 10% fetal bovine serum (FBS). Bicalutamide-resistant VCaP cells (VCaP-Bic)
were cultured in RPMI medium supplemented with 10% dextran charcoal-stripped
bovine serum (DCC) and 10-6M bicalutamide. VCaP cells were hormone deprived
in RPMI medium with 10% DCC for 3 days before the ChIP-seq experiment.

ChIP-seq and peak calling analysis: For both cell and tissue ChIPs, 5 µg of an-
tibody and 50 µg of magnetic protein A or G beads (10008D or 10009D, Thermo
Fisher Scientific) were used per immunoprecipitation (IP). The following antibodies
were used: Foxa1/2 (M-20, sc-6554 Santa Cruz Biotechnology), AR (N-20, sc-816
Santa Cruz Biotechnology), and H3K27ac (39133, Active Motif). ChIP-seq was per-
formed as described previously.56 In brief, fresh-frozen tissue was cryosectioned
into 30 micron thick slices and stored at −80 °C till processing. Samples were fixed
using 2 mM DSG (20593; Thermo Fisher Scientific) in solution A (50 mM Hepes-
KOH, 100 mM NaCl, 1 mM EDTA, 0.5 mM EGTA) while rotating for 25 min at room
temperature, followed by the addition of 1% formaldehyde and another 20 min in-
cubation at room temperature. The reaction was quenched by adding a surplus
of glycine. Subsequently, tissue sections were pelleted and washed with cold PBS.
Tissue was disrupted using a motorized pellet pestle (Sigma-Aldrich) to disrupt the
tissue in cold PBS and obtain a cell suspension, after which the nuclei were isolated
and the chromatin was sheared. During immunoprecipitation, human control RNA
(4307281; Thermo Fisher Scientific) and recombinant Histone 2B (M2505S; New
England Biolabs) were added as carriers, as described previously.57

Immunoprecipitated DNA was processed for sequencing using standard proto-
cols and sequenced on an Illumina HiSeq 2500 with 65 bp single end reads. Se-
quenced samples were aligned to the reference human genome (Ensembl release
55: Homo sapiens GRCh 37.55) using Burrows-Wheeler Aligner (BWA, v0.5.10)58,
reads with a mapping quality >20 were used for further downstream analysis.
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For the tissues, peak calling was performed using MACS259 with option –nomodel.
In addition, peaks were called against matched input using DFilter60 in the refine
setting with a bandwidth of 50 and a kernel size of 30. Only peaks that were shared
between the two algorithms were considered.

For the cell lines, peaks were obtained with MACS (v1.4; p ≤ 10−7).

The AR and FOXA1 ChIP-seq data for LNCAP with/-out R1881 was obtained
from GSE9468261. The H3K27ac ChIP-seq data for LNCAP was obtained from
GSE11473756.

Determining enrichment of enhancer to gene ratios: Absolute copy-numbers
segments overlapping the gene loci and putative enhancer region (as detected by
GISTIC2; focal amplification peaks with a width <5000 bp) were retrieved per sam-
ple. If regions overlapped multiple distinct copy-number segments, the maximum
copy-number value of the overlapping segments was used to represent the re-
gion. Samples with gene-to-enhancer ratios deviating >1 studentized residual from
equal 1:1 gene-to-enhancer ratios (linear model: log2(copy number of enhancer) –
 log2(copy number of gene locus)   0) were categorized as gene or enhancer en-
riched. Based on the direction of the ratio, samples were either denoted as en-
hancer (if positive ratio) or gene (if negative ratio) enriched.

Comparison of unmatched primary prostate cancer and mCRPC

Mutational frequencies of the drivers (dN/dS and or GISTIC2) and subtype-specific
genes were compared to a separate (unmatched) cohort of primary prostate cancer
(n = 210) focusing on Gleason score (GS) of 3 + 3, 3 + 4, or 4 + 3, as described
by Fraser et al.15 and Espiritu et al.25. Briefly, whole-genome sequencing reads
were mapped to the human reference genome (GRCh37) using BWA58 (v0.5.7)
and downstream analysis was performed using Strelka62 (v.1.0.12) for mutational
calling using a matched-normal design (SNVs and InDels), copy-number alterations
were estimated with TITAN63 (v1.11.0), and single-nucleotide polymorphism (SNP)
array data as described in Espiritu et al.25 with Delly64 (v0.5.5 and v0.7.8) was used
for detecting structural variants (translocations, inversions, tandem duplications,
and deletions). Large insertion calls and overall ploidy was not available for the
primary prostate cancer cohort.

TMB was calculated by dividing the number of SNVs and InDels by the total
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amount of callable bases in the human reference genome (GRCh37), identical to
4.1. MNV calls were not available for the primary prostate cancer cohort.

Multiple aberrations per gene within a sample were summarized as a single
mutational event, e.g., a deletion and mutation in PTEN would only count for a
single mutation in the sample. Only non-synonymous mutations and gains/deletions
overlapping with coding regions were used. Statistically significant differences in
mutational frequencies were calculated using a two-sided Fisher’s Exact test with
Benjamini–Hochberg correction.

The primary prostate cancer dataset was clustered together with the mCRPC
cohort using the Euclidian distance of the Pearson correlation coefficient (1 – r)
and Ward.D hierarchical clustering based on three basic whole-genome character-
istics, which were available for all samples; number of mutations per genomic Mbp
(SNVs and InDels), number of structural variants and the relative frequencies of
structural variant categories (inversions, tandem duplications (larger and smaller
than 100 kbp), deletions (larger and smaller than 100 kbp), and interchromosomal
translocations).

Data availability

The data that support the findings of this study are available from Hartwig Medical
Foundation, which were used under data request number DR-011 for the current
study. Both WGS and clinical data are freely available for academic use from the
Hartwig Medical Foundation through standardized procedures and request forms
can be found at https://www.hartwigmedicalfoundation.nl.33 The ChIP-
seq profiles (aligned reads and MACS/MACS2 peaks) as analyzed and shown in
this manuscript have been deposited on Gene Expression Omnibus (GEO) under
accession number: GSE138168.

Code availability

All tools and scripts used for processing of the WGS data are available at https:
//github.com/hartwigmedical/ and/or can be provided by authors upon re-
quest.

https://www.hartwigmedicalfoundation.nl
https://github.com/hartwigmedical/
https://github.com/hartwigmedical/
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Supplementary figure S4.3: Overview of genomic (ETS) fusions.
(a): Relative frequency of observed genomic aberrations resulting in potential fusion products. Fusions
involving ETS genes are depicted in red, other potential fusion partners in blue. Numbers above the
bars indicate theabsolute number of patients with the genomic aberration in the mCRPC cohort.(b-g)
Overview of structural variants involving the TMPRSS2 and ERG loci (b), NDRG1 and ERG loci (c),
SLC45A3 and ERG loci (d), TMPRSS2 and ETV4 loci (e), CANT1 and ETV4 loci (f) and the SLC45A3
and ELK4 loci (g) in the mCRPC cohort. Interchromosomal translocations are colored in dark blue,
deletions in black, insertions in yellow, inversion in light blue and tandem duplications in red. Orange
boxes indicate exons; black line con-necting the boxes are introns.
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Supplementary figure S4.7: ChIP-seq profiles in primary prostate cancer for known driver
genes.
ChIP-seq profiles from three independent primary prostate cancer patients surrounding the AR and
PCAT1/MYC gene loci (with 1.25 additional Mbp up-/down-stream) and two known AR-regulated pos-
itive controls (KLK3 and TMPRSS2 with additional 0.5 Mbp up-/downstream). Per subplot, the upper
panel displays the selected genomic window and the overlapping genes. The 1th to 3th tracks repre-
sent AR ChIP-seq profiles (median read-coverage per 1000bp windows) in the three primary prostate
cancer patients. The 4th to 6th tracks represent FOXA1 ChIP-seq profiles (median read-coverage per
1000bp windows) in the three primary prostate cancer patients. Finally, the 7th to 9th track represent
H3K27ac ChIP-seq profiles (median read-coverage per 1000bp windows) in the three primary prostate
cancer patients. ChIP-seq peaks (MACS/MACS2; q < 0.01) are shown as grey transparent lines per re-
spective sample.(a) ChIP-seq profiles surrounding the positive control KLK3 region.(b) ChIP-seq profiles
surrounding the positive control TMPRSS2 region.(c) ChIP-seq profiles surrounding the AR region. The
red asterisk denotes the location of the amplified region within the mCRPC setting.(d) ChIP-seq profiles
surrounding the PCAT1/MYC region. The red asterisk denotes the location of the amplified region within
the mCRPC setting.
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Supplementary figure S4.12: Overview of BRCA2 mutations.
Genomic distribution of non-synonymous BRCA2 mutations found within our mCRPC cohort. Mutations
are displayed as pie-charts depicting the variant allele frequency (red portion of the pie-chart) and ref-
erence allele frequency (white portion of the pie-chart). Samples are colored based on their respective
cluster after unsupervised clustering (figure 4.4). Known COSMIC mutations are annotated with **
and/or known dbSNP variants with a cross. Alleles with known pathogenicity within ClinVar are high-
lighted, mutations without ClinVar annotation could be considered as variants with as-of-yet uncertain
significance.
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Chapter 5
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Abstract

Metastatic and locally-advanced neuroendocrine neoplasms (aNEN) form clinically
and genetically heterogeneous malignancies, characterized by distinct prognoses
based upon primary tumor localization, functionality, grade, proliferation index and
diverse outcomes to treatment. Here, we report the mutational landscape of 85
whole-genome sequenced aNEN. This landscape reveals distinct genomic subpop-
ulations of aNEN based on primary localization and differentiation grade; we ob-
serve relatively high tumor mutational burdens (TMB) in neuroendocrine carcinoma
(average 5.45 somatic mutations per megabase) with TP53, KRAS, RB1, CSMD3,
APC, CSMD1, LRATD2, TRRAP and MYC as major drivers versus an overall low
TMB in neuroendocrine tumors (1.09). Furthermore, we observe distinct drivers
which are enriched in somatic aberrations in pancreatic (MEN1, ATRX, DAXX, DMD
and CREBBP) and midgut-derived neuroendocrine tumors (CDKN1B). Finally, 49%
of aNEN patients reveal potential therapeutic targets based upon actionable (and
responsive) somatic aberrations within their genome; potentially directing improve-
ments in aNEN treatment strategies.
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Introduction

N
euroendocrine neoplasms (NEN) are a heterogeneous and uncommon tumor
type. It can arise from any of the neuroendocrine cells distributed widely

throughout the body. As outlaid by the International Agency for Research on Can-
cer and World Health Organization, a clinical distinction is made between the poorly
differentiated neuroendocrine carcinomas (NEC) and the more differentiated neu-
roendocrine tumors (NET)1,2, the latter are further subdivided based on their pri-
mary site in pancreas, gastro-intestinal tract or lung. Further distinctions are made
based upon grade (as assessed by Ki-67 or MIB-1 staining as a measure of prolif-
eration index), differentiation, histology (small-cell vs. large-cell) and functionality
(the presence or absence of hormone secretion resulting in typical clinical syn-
dromes dependent upon the predominant hormone that is secreted). Tumor grade
and differentiation are associated with prognosis, and all the aforementioned fac-
tors affect the choice of treatment. However, also in small subgroups of Neuroen-
docrine neoplasms (NEN), such as well-differentiated low-proliferating pancreatic
neuroendocrine tumors (pNET), marked clinical and genetic heterogeneity occur,
as well as vastly different responses to treatment with only few mutant genes such
as DAXX, ATRX, and MEN1 serving as prognostic markers3–6. Thus, the parame-
ters by which NEN are currently classified do not sufficiently separate patients and
tumors according to prognosis and response to therapy. Nonetheless, certain anti-
tumor therapies (i.e., sunitinib and everolimus) have been registered for distinct
NEN-subtypes. Hence, there is a high unmet need to better classify and under-
stand these diverse tumors, ultimately leading to more tumor- or patient-tailored
therapeutic strategies.

Thus far, limited whole-exome sequencing (WES) and whole-genome sequenc-
ing (WGS) data are available for NEN, probably reflecting the rarity of this disease.
Currently, pNET have been characterized most extensively; 81 primary tumors were
subjected to WGS as part of the Pan-Cancer Analysis of Whole Genomes (PCAWG)
project7 and another set of primary pNET (n = 102) was described by Scarpa et
al.5. In addition, smaller series using diverse sequencing approaches of varying
resolution on primary NET subtypes have been published; which include genomic
studies on pNET (WES and targeted sequencing; n = 10 and 58, respectively)4, DNA
methylation and RNA-sequencing of pNET (n = 32 and n = 33, respectively)3, well-
differentiated carcinoid (SNP-array; n = 29)8, NEC (targeted sequencing; n = 63)9

and two studies on a multi-institution cohort of small intestine NET (SI-NET) using
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combined approaches of targeted sequencing (n = 81), WES (n = 48; n = 29) and
WGS (n = 15)10,11. These studies have shown that NET have a relatively stable
genome and only few commonly observed driver mutations and allelic imbalances,
often associated with their primary tissue of origin. Previously associated genetic
drivers of NET include the cell-cycle regulator CDKN1B in SI-NET10–13, chromatin-
remodeling genes (DAXX, ATRX, MEN1, and SETD2), DNA-repair genes (CHEK2,
BRCA2, and MUTYH), mTOR-related genes (TSC2, PTEN, and PIK3CA) and the
oxygen-sensing modulator VHL14 in pNET3–5,7,15 whilst NEC is associated with aber-
rations in TP53, RB1, MYC, CCND1, KRAS, PIK3CA/PTEN and BRAF9,16–18. However,
these studies were all performed on primary tumor specimens, whilst a patient
generally dies from the consequences of metastatic disease. In addition, we know
from other tumor types that marked heterogeneity can occur between primary and
metastatic tumor cells19–22, due to inherent genomic instability and/or the influ-
ence of targeted or cytotoxic treatment on the tumor genome. These discrepan-
cies should be taken into account when assessing a patient’s prognosis and possible
treatment options, and can be better understood through thorough genomic char-
acterization of metastases. To date, analysis of metastatic NET is limited to two
studies describing series of five patients with NET originating in the pancreas and
the small intestine (or midgut), respectively23,24. These studies have shown fo-
cal amplification of MYCN concomitant with loss of APC and TP53 in one sample
as important metastatic genetic aberrations. For NECs, only two series of WGS of
the primary tumors of (1) five cervical and (2) 12 genitourinary NECs have been
published25,26.

In this work, WGS was performed on 85 biopsies from patients with locally ad-
vanced or metastatic (advanced) neuroendocrine neoplasm (aNEN); a single biopsy
per patient was selected for analysis. The vast majority of these biopsies are taken
from metastatic lesions (n = 70 out of 85) whilst for 15 patients suffering from
metastatic or incurable locally advanced disease, their treating physician judged a
biopsy of a metastasis too high-risk or not feasible, and instead had a biopsy taken
from their primary lesion at the time of locally advanced or metastatic disease. All
aNEN patients underwent these biopsies as part of their participation in the Dutch
CPCT-02 and DRUP studies27,28. We report on the presence of genomic alterations,
mutational and rearrangement signatures for the whole aNEN cohort and reveal ge-
nomic characteristics and alterations distinguishing aNEC from aNET. Furthermore,
we make a genomic distinction between pancreas- and midgut-derived aNET. In
addition, we investigate the presence of actionable genetic alteration within aNEN
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patients, which might render them eligible for off-label or experimental systemic
treatments to extend therapy options.

Results

Overviewof included patientswithin the CPCT-02 aNEN cohort andwhole-
genome sequencing

A total of 108 patients, originally classified as having a neuroendocrine neoplasm,
were included in the CPCT-02 and DRUP studies and had a primary or metastatic
tumor biopsy taken in parallel with a blood control (Figure 5.1). Five patients were
excluded because of missing or withdrawn informed consent, and another five had
non-evaluable biopsies due to low (<20%) tumor cell percentage or low DNA yield.
Thirteen biopsies were excluded because of incomplete clinical records, misclassi-
fications of the tumor (based on additional checks of the medical records), or were
duplicate biopsies from the same patient. An overview of the aNEN patient inclu-
sion per participating Dutch center (n = 13) can be found in Supplementary Figure
S5.1a.

The aNEN cohort is represented by 37 females and 48 males with a median
age of 62 (Q(uartile)1-Q3: 57-68) and 61 (Q1-Q3: 56-68) years, at time of biopsy,
respectively (Figure 5.1c). In total, 69 NET and 16 NEC were included. The pri-
mary tumor location in the midgut was most common (n = 41, 48%), followed by
pancreas (n = 23, 27%) and unknown (n = 12, 14%) (Figure 5.1b). Most of the
tumor biopsies were taken from liver metastases, and a minority from relapses at
the primary site (Figure 5.1d).

To gain more in-depth knowledge of the pathological information of this cohort,
we requested pathological reports of primary tumor and/or metastatic tumor tissue
as available in the nationwide (Dutch) PALGA registry. Of note, these tissues were
often not acquired at the time of biopsy for the CPCT-02 study. For the majority of
patients, pathology reports on metastases and/or the primary tumor were available
(Online Suppl. Data 1). In the minority, the pathological record of a previous
primary biopsy or resection specimen was assessed.

We also characterized our cohort with regard to previously administered sys-
temic anti-tumor treatment. Sixty-nine percent of patients had not undergone any
previous anti-tumor treatment, 31% had undergone a large variety of previous

https://www.nature.com/articles/s41467-021-24812-3
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Figure 5.1: Overview of patient inclusion and subclassification of biopsies.
(a): Flowchart of patient inclusion. From the CPCT-02 cohort, single biopsies from 85 distinct patients
with aNEN were selected. From the total pool of available whole-genome sequenced aNET samples.
If multiple derived aNET biopsies from the same patient were available, we selected the aNET biopsy
with the highest tumor cell purity. The tumor and matching blood sample (reference) were whole-
genome sequenced to a median read coverage of 107x and 38x (paired-end) reads per base, respectively.
Filtering criteria in which patients were excluded are highlighted in red. The final inclusion of aNEN
patients is depicted in green. (b): Subclassification of aNEN based on primary localization. The 85 aNEN
were subclassified, based on their primary localization, into six major categories; gastric, hindgut, lung,
esophagus, pancreas, and midgut; whilst samples with indeterminable localization were categorized as
unknown. The number of aNET (in blue) and aNEC (in red) are shown per category. (c): Age distribution
stratified by gender of the aNEN cohort. Observed median per variable displayed in a boxplot with
individual data points (aNET and aNEC are depicted as blue and red points respectively). The median,
interquartile range (IQR), and 1.5× the IQR are represented by a solid black line, box, and whiskers,
respectively. (d): Barplot of generalized location of the tumor biopsy. Absolute and relative (in brackets)
frequency of aNET (blue) and aNEC (red) biopsy locations.
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treatments, mainly consisting of somatostatin analogs, radioisotopes, chemother-
apy, and targeted therapy (Figure S5.1d).

The tumor biopsies and corresponding peripheral blood controls from the 85
distinct patients were whole-genome sequenced using paired-end protocols, to a
median mean read coverage of 107× (Q(uartile)1-Q3: 99×-116×) and 38x (Q1-
Q3: 35-42×), respectively to a median in silico estimated tumor cell purity of 0.7
(Q1-Q3: 0.5-0.82).

Themutational landscape of advanced neuroendocrine neoplasms reveals
differences related to primary localization and degree of differentiation

The overall mutational landscape of aNEN (n = 85; Figure 5.2) reveals two strik-
ingly distinct genomic populations of neuroendocrine neoplasms, i.e., the aNEC
and aNET populations. The aNEC (n = 16) reveals diploid to triploid genomes and a
median tumor mutational burden (TMB) of 5.45 somatic mutations per Mb (Q1-Q3:
3.84-8.85), which is in the mid-range of TMB known for human primary cancers29.
However, the aNET (n = 69) are hallmarked by a relatively stable diploid tumor
genome with only few, but specific, chromosomal arm aberrations and harbors the
lowest overall TMB of only 1.09 (Q1-Q3: 0.79-1.52) of all metastatic cohorts within
the CPCT-02 study27.

The somatically acquired and whole-genomic mutational landscape of aNEC
(n = 16) revealed a median of 13,996 single-nucleotide variants (SNVs; Q1-Q3:
9465-22,830), 1.756 small insertions and deletions (InDels; Q1-Q3: 752-2,245),
114 multiple-nucleotide variants (MNVs; Q1-Q3: 49-198), 150 structural variants
(SVs; Q1-Q3: 82-264) and an overall diploid to triploid genome (Q1-Q3: 1.9-3.1;
Supplementary Figure S5.2). Concordant with the lower TMB of the aNET (n = 69),
the aNET revealed a median of 2870 SNVs (Q1-Q3: 1995-3904), 254 InDels (Q1-
Q3: 185-325), 19 MNVs (Q1-Q3: 12-27), 17 SVs (Q1-Q3: 7-53) and an overall
diploid genome (Q1-Q3: 1.9-2.19). The discrepancy in mutational load between
aNEC and aNET also held true when inspecting only the coding regions, in which
aNEC revealed a higher number of SNVs, InDels, MNV compared to aNET (Sup-
plementary Figure S5.2a). Similarly, aNEC displayed elevated numbers of all SV
classes (translocations, deletions, tandem duplications, insertions and inversions;
Supplementary Figure S5.2d).

The majority of somatic coding mutations for all aNEC and all aNET (n = 3333
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Figure 5.2: Landscape of large-scale genomic alterations detected in aNEN, ordered by differ-
entiation grade (NEC/NET) and primary localization. Overview of genome-wide characteristics
of the aNEN cohort ordered by aNEC/aNET and primary localization on decreasing median tumor mu-
tational burden. For each aNEN (n = 85), the following tracks are shown: (a): Number of genomic
mutations per megabase over the entire genome (TMB). Threshold for high TMB (≥10) is shown by
a horizontal red dotted line. Y-axis is shown in log10-scale. (b): Total number of structural variants
(green) including deletions, tandem duplications, translocations, inversions, and insertions as detected
by GRIDSS. Y-axis is shown in log10-scale. (c): Relative frequency of each of the structural variant cat-
egories; deletions in orange, tandem duplications in red, translocations in blue, inversions in light-blue,
and insertions in yellow. (d): Mean genome-wide ploidy, ranging from 0 (red) to 4 (green; tetraploid).
Common diploid status is shown in white. Suspected whole-genome duplication (WGD) events have
been marked by an asterisk (*). (e-g): Relative contribution of the COSMIC SBS (e), SNV mutational
changes (f) and DBS (g) mutational signatures (v3; n = 67). Proposed etiology of signatures is denoted
below. (h-j): Presence of chromothripsis, kataegis and homologous recombination deficiency (HRD).;
aNEN with chromothripsis are shown in pink. (k-o): Molecular and pathological characteristics per
aNEN sample.
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and 3663; SNV, InDel, and MNV) were found to be predicted missense variants
(52% in aNEC vs. 52% in aNET), followed by synonymous variants (18% vs. 21%).
The number of genes harboring somatic mutations within their coding regions dif-
fered between aNEC and aNET. Over the entire aNEC cohort (n = 16), 2845 distinct
mutant genes were observed, versus 3112 distinct genes within the entire aNET co-
hort (n = 69). Per sample, a median of 150 (Q1-Q3: 127-270) versus 37 (median;
Q1-Q3: 26-51) genes harboring mutations within coding regions were observed for
aNEC and aNET samples, respectively; revealing that aNEC harbor greater numbers
of mutant genes compared to aNET.

The median genome-wide ratio of transitions (Ti; A ⇔ G or T ⇔ C) to transver-
sions (Tv; C ⇔ A, C ⇔ G, T ⇔ A or T ⇔ G) within aNEC was found to be 0.78 Ti \TV
(Q1-Q3: 0.72-1.02) vs. 1.52 Ti \Tv (Q1-Q3: 1.12-2.20) in the coding regions. For
aNET the median genome-wide and coding Ti \TV were found to be 1.09 (Q1-Q3:
0.98-1.32) and 1.42 (Q1-Q3: 1-1.96), respectively (Supplementary Figure S5.2f).

High-TMB (≥10) are often associated with DNA-repair deficiency and/or tumors
with sensitivity for immune therapy, e.g., checkpoint inhibitors. Four aNEC sam-
ples, all from unknown origin, and a single pancreatic aNET showed this high-TMB
genotype (Figure 5.2a). One aNET displayed signs of BRCA2-associated HRD, as
determined using the CHORD classifier which is mainly based on deletions with
flanking microhomology and 1100 kb structural duplications (Figure 5.2j; Supple-
mentary Figure S5.3). Further inspection revealed that this aNET harbored a so-
matic frameshift mutation within RAD51C, a known HRD-associated gene30–33.

Regional hypermutation (kataegis)

Regional hypermutation (kataegis) was detected in five aNEC; Figure 5.2i; Supple-
mentary Figure S5.4). Canonically, kataegis is associated with APOBEC activity and
indeed, four out of five (80%) of these kataegis events predominantly showed the
canonical TpCpW context associated with APOBEC alteration34. In addition, in the
five samples harboring kataegis, the absolute contribution of APOBEC single-base
substitution (SBS) mutational signatures (2 & 13) was significantly higher (median
45 vs. 533; p < 0.01; Wilcoxon rank-sum test) compared to aNEN without kataegis
(n = 80).
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Chromothripsis

Multiple distinct aNEN (four aNEC and two aNET; 7%) revealed the presence of
chromothripsis, a catastrophic phenomenon of the shattering and interchromoso-
mal recombination of one or more chromosomes (Figure 5.2h; Supplementary Fig-
ure S5.5). Strikingly, four of the six observed chromothripsis events from distinct
aNEN (two aNEC and two aNET) involved the same chromosome, namely chromo-
some 12. Within these four aNEN, we observed possible evidence for extrachromo-
somal deoxyribonucleic acid (DNA) due to copy-number oscillations between one
low (CN ≤ 4) and one very high (CN ≥ 10) states, consistent with the presence of
double minutes35–37.

Catalog of the cohort-wide mutational signatures provide biological in-
sights into treatment effect

Different mutational processes, such as exposure to exogenous or endogenous mu-
tagens and defective DNA-repair mechanisms generate unique combinations of mu-
tational trinucleotide contexts which are reflected in mutational signatures38,39. To
determine these mutational signatures within aNEN, we performed de novo muta-
tional signature analysis and determined the contribution of previously described
SBS mutational signatures (COSMIC v3). The de novo mutational signature as-
sessment revealed seven signatures, denoted as Sig. A to Sig. G, (Supplementary
Figure S5.6b, h, i) which all strongly correlated to previously known mutational sig-
natures (Supplementary Figure S5.6a-f). In particular, we observed samples with
large relative contributions (>20%) of de novo signatures similar to the known sig-
natures associated with aging (SBS1 & 5; Sig A and D), APOBEC activity (SBS2 &
13; Sig B.), tobacco smoking (SBS4; Sig F.), alkylating agents exposure (SBS11;
Sig E.), 5-Fluorouracil exposure (SBS17a-b; Sig. C.) and MUTYH mutations (SBS36;
Sig. G.).

Overall, the mutational signature profiles do not differ greatly within the aNEN
cohort. SBS5 (n = 48; putative clock-like), SBS8 (n = 45; possibly late-replication
errors40), SBS40 (n = 22; Unknown), SBS3 (n = 16; HRD-like), SBS1 (n = 10; clock-
like), SBS39 (n = 7; Unknown), and SBS9 (n = 5; polymerase η (POLH) activity)
were classified as dominant signatures (i.e., contributed at least 10% of total con-
tribution within ≥5 aNEN; Figure 5.2e). When comparing between our major
subgroups (aNEC, midgut- and pancreas-derived aNET), we observed significant
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(q ≤ 0.05) differences for five previously described SBS mutational signatures (Sup-
plementary Figure S5.6g). The relative contribution of SBS3 (HRD-like) and SBS5
(clock-like) was lower in aNEC compared to midgut- and/or pancreas-derived aNET
whilst conversely, SBS18 (reactive oxygen species) was elevated in aNEC. In ad-
dition, SBS8 (possibly late-replication errors) was elevated in midgut-derived aNET
compared to the others. Finally, the relative presence SBS40 (unknown) was higher
in pancreas-derived aNET compared to others.

Two included aNEC of unknown primary localization are characterized by high-
TMB (≥10) and SBS4, which is associated with smoking; likely due to tobacco
mutagens. This could reflect that these metastases could be primary lung non-
small-cell lung cancer. However, as no somatic coding mutations in canonical lung
cancer-associated genes were observed and the clinicopathological data of these
patients did not point to any different primary tumor other than a NEC, it seems
unlikely that these could be primary non-small-cell lung cancers. Smoking has also
been implicated as a risk factor for pulmonary and extrapulmonary NEC such as
those of the urinary bladder and the esophagus41.

Strikingly, the only high-TMB (pancreatic) NET was strongly characterized by
SBS11, which exhibits a mutational pattern resembling that of alkylating agents,
with a strong enrichment for C/T (G > A) transitions. Previously, an association
between treatment with the alkylating agent temozolomide and SBS11 mutations
has been found38,42. This same patient showed the highest TMB with a TMB of 21.3
(median TMB of NET: 1.09) and was treated with a combination of 5-fluorouracil
and streptozocin before undergoing a biopsy for the CPCT-02 study. Streptozocin
is a capable of DNA alkylation and inhibition of DNA synthesis, and its mechanism
of action closely resembles that of temozolomide.

One aNET was strongly characterized by SBS36, associated with base excision
repair (BER) deficiency due to MUTYH alterations, C > A mutations and previously
also seen in pancreatic NET42–44. Strikingly, this tumor did not harbor specific so-
matic alterations within MUTYH but possessed a heterozygous germline pathogenic
missense mutation within MUTYH (c.527A>G / p.Tyr176Cys; rs34612342) coupled
with a complete loss of a single chromosome 1, resulting in subsequent loss of
heterozygosity.
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Driver catalog of aNEN

We next performed an unbiased driver gene discovery analysis by performing GIS-
TIC245 to detect recurrent somatic copy-number alterations and dN/dS46 to detect
genes under positive (or negative) selection pressure on the entire aNEN cohort and
separately on all aNET and aNEC samples. With this analysis, we detected eigh-
teen focal deletion peaks and two focal copy-number amplifications peaks through-
out the genome (q ≤ 0.1) and ten genes enriched with non-synonymous mutations
(q ≤ 0.1; Fig. 3 and Supplementary Figure S5.7). Within these focal peaks, sev-
eral oncogenes and tumor suppressors were present which could be the potential
target of the copy-number alteration. These genes, which have been previously
associated as driver genes in NET and/or pan-cancer cohorts5,11,27 are shown in
Figure 5.3 for all aNEN with a distinction between aNEC and aNET. We detected
several previously known tumor suppressors and oncogenes such as TP53, KRAS,
MEN1, RB1, CDKN1B, DAXX, and APC enriched with non-synonymous mutations
(q ≤ 0.05) as well three additional genes (LPCAT2, SETD2, and CREBBP) just above
the statistical threshold value (q ≤ 0.1). By overlapping known drivers within the
observed focal amplification and deletion peaks, we detected a plethora of pu-
tative drivers with copy-number alteration; such as deletions of TP53, CDKN2A,
CDKN2B, CDKN1B, PTPRD, DR1, CBFA2T3, PLCG2, ANKDR11, IRF8, LINC01881,
PRKN, ZNF407, common fragile sites such as DMD, FHIT and MACROD2, and am-
plifications of genes such as PCAT1/MYC andMDM2. Furthermore, focal deletions of
additional genes such as CAMTA1, DLUE1/2, TRIM13, KCNRG, FXD1 were found in
≤2 samples (Online Suppl. Data 1). Large perturbations on chromosome 12q15
(MDM2) were observed within aNEN harboring chromothripsis (Supplementary Fig-
ure S5.5). Furthermore, we could detect a single in-frame fusion of the common
fusion-partner EWSR1 seen in pNET5. Moreover, we observed only two genes har-
boring hotspot coding mutations (on base-level) which were shared between three
samples (ZNF829 and KRAS) and seven genes between two samples (UHRF1BP1L,
CDKN1B, MEN1, LEKR1, OR5L1, CTNNB1, and GNAS; Online Suppl. Data 1).

We observed an overall heterogeneous pattern of putative drivers, the most
frequently putative driver was found to be CDKN2A/B (n = 17; 14), followed by
TP53 (n = 17), CDKN1B (n = 11), PTPRD (n = 11), KRAS (n = 11), MEN1 (n = 11)
and RB1 (n = 11). Strikingly, a significant portion of the total aNEN cohort had no
mutual putative driver(s) (9 out of 85; 11%) and only contained patient-specific
putative drivers.

https://www.nature.com/articles/s41467-021-24812-3
https://www.nature.com/articles/s41467-021-24812-3


5

The genomic landscape of 85 advanced neuroendocrine neoplasms reveals
subtype-heterogeneity and potential therapeutic targets 145

Figure 5.3: Putative drivers and NEN-associated genes within the aNEN cohort as detected
by unbiased discovery (dN/dS, GISTIC2) and literature.
Overview of putative drivers harboring coding mutations within ≥3 aNEN. We show putative drivers as
detected by dN/dS and/or GISTIC2 and supplemented this list with additional NEN-associated drivers.
aNEN and genes are sorted based on mutually exclusivity of the depicted putative drivers. In addition,
genes found to be mutually exclusive between our major subgroups are highlighted in the respective
color of the enriched subgroup; Supplementary Figure S5.8e). This overview depicts the genomic fea-
tures and the somatic inventory for the entire aNEN cohort (n = 85). (a): Number of genomic mutations
per megabase over the entire genome (TMB). Threshold for high TMB (≥10) is shown by a horizontal
red dotted line. Y-axis is shown in log10-scale. (b): Mean genome-wide ploidy, ranging from 0 (red)
to 4 (green; tetraploid). Common diploid status is shown in white. Suspected WGD events have been
marked by an asterisk (*). (c): Relative contribution of the COSMIC single-base substitution mutational
signatures (v3; n = 67). Proposed etiology of signatures is denoted below. (d): Overview of coding
mutation(s) per aNEN, (light-)green or (light-)red backgrounds depict copy-number aberrations whilst
the inner square depicts the type of (coding) mutation(s). The adjacent bar plots represent the rela-
tive proportions of mutational categories per gene, the percentage of aNEC (in red) and aNET in blue
harboring mutation and the dN/dS and/or GISTIC2 support, per analysis. (e-g): Relative contribution
of the COSMIC SBS (e), SNV mutational changes (f) and DBS (g) mutational signatures (v3; n = 67).
Proposed etiology of signatures is denoted below. (h-j): Presence of chromothripsis, kataegis and
HRD.; aNEN with chromothripsis are shown in pink. (k-o): Molecular and pathological characteristics
per aNEN sample.
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We next investigated whether any form of mutational enrichment, such as so-
matic alterations within certain genes (mutations and/or copy-number alterations)
or evidence of large-scale events (kataegis and chromothripsis), could be related
to one of our three major subgroups relating to subtype or primary localization;
being aNEC (n = 16), pancreas- (n = 20), and midgut-derived aNET (n = 39). Using
a one-sided Fisher’s exact test (with Benjamini-Hochberg correction) on relevant
genes (n = 20) captured within either within our dN/dS and GISTIC2 analysis or
present as mutant genes with either mutations or copy-number alterations within
20% of each major subgroup, we detected the enrichment of at least one such
event(s) within these subgroups (Supplementary Figure S5.8e).

Within aNEC, an enrichment of alterations within TP53 (88% of aNEC), KRAS
(50%), RB1 (50%), CSMD3 (44%), APC (31%), CSMD1 (31%), LRATD2 (31%),
PCAT1/MYC (31%), TRRAP (25%), and presence of kataegis (31%) and chromoth-
ripsis (25%) could be appreciated (q ≤ 0.05). Likewise, within pancreas-derived
aNET, an enrichment was seen for MEN1 (40% of pancreas-derived aNET), DAXX
(25%), DMD (25%), SETD2 (25%), ATRX (20%) and CREBBP (20%) whilst midgut-
derived aNET revealed enrichment of CDKN1B alterations (23% of midgut-derived
aNET).

Genomic differences relating to primary localization of aNET

Due to distinct prognosis and previous genetic associations, we investigated genome-
wide differences in regards to primary localization within the aNET population (n = 69).
We observed several genome-wide differences relating to primary localization (Fig-
ure 5.2, Supplementary Figure S5.8), such as the median genome-wide TMB; rang-
ing from 1.05 (aNET-Midgut; Q1-Q3: 0.75-1.4) and 1.07 (aNET - Unknown; Q1-Q3:
0.84-1.53) to 1.27 (aNET - Other; Q1-Q3: 1.10-1.44) and 1.35 (aNET-Pancreas;
Q1-Q3: 0.9-2.12). A similar pattern was detected regarding the number of distinct
genes with coding mutations. Midgut-derived aNET also presented a surprisingly
low number of SVs compared to the other aNET subpopulations.

Next, we investigated possible differences in putative drivers between our major
aNET subpopulations, being midgut- (n = 39) and pancreas-derived (n = 20) aNET
(Figure 5.4, Supplementary Figure S5.8). The copy-number profiles (GISTIC2) of
both populations differed, in which midgut-derived aNET presented focal deletion
peaks at 9p21 (CDKN2A/B), 11q23 (7 possible driver genes), 12p13 (CDKN1B),
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13q14 (17 genes), 14q24 (20 genes) and 16q23 (5 possible driver genes; com-
mon fragile site) coupled with an overall flat diploid profile. Pancreas-derived aNET
presented a different profile harboring focal deletion peaks at 2q37 (LINC01881),
9p21 (CDKN2A/B) and Xp21 (DMD; common fragile site gene) couples with a more
instable genomic profile, including several samples with large-scale chromosomal
losses (Supplementary Figures S5.7 and S5.8c). When investigating the statisti-
cally significant large-scale copy-number alterations of the chromosomal arms, we
also detect striking differences between the major subgroups (Supplementary Fig-
ure S5.9). Within aNEC, we detected a large number of samples (69%) harboring
a loss of 22q. Midgut-derived aNET revealed amplifications of chromosome 4p/q,
5p/q, 7p/q, 10p/q, 14p/q, 20p/q and loss of 9p/q in various samples ( 30%) and
a loss of 18p/q in 66% of samples. This re-confirms the high frequency of chro-
mosome 18 loss in midgut-derived NET and the association with DDC47, as DCC
(18q21.2) is the most recurrently mutated gene on chromosome 18 in our cohort
also (n = 6) together with CDH7 (n = 6; 18q22.1). Finally, over half of pancreas-
derived aNET revealed amplifications of chromosome 5p/q, 7p/q, 9q, 12p/q, 13q,
14p/q, 17p/q, 18p/q, 19p/q, 20p/q and loss of 22q.

Unbiased driver gene analysis (dN/dS) on midgut-derived aNET presented CDKN1B
whilst pancreas-derived aNET revealed MEN1, DAXX, and SETD2. Several genes
(present in ≥2 samples) were found only, or predominately, within midgut-derived
aNET: CDKN1B, KMT2A, PSIP1, and PTPRD (Figure 5.4; Supplementary Figure
S5.8e). Conversely, MEN1, DAXX, DMD, SETD2, ATRX, CREBBP, DST, KDR, PTPRC,
and TSC2 were found to be mutated only within pancreas-derived aNET. Several
midgut-derived aNET (n = 9; 23%) did not readily present a shared mutual driver
and only harbored somatic mutations in private or as-of-yet unassociated cancer
driver genes.

Clinically actionable mutations

We observed forty-two aNEN (49%) harboring one or more target-specific or gen-
eral somatic aberrations which are known as possible (and responsive) druggable
targets against currently available (or under development) treatment agents. Twenty-
one aNEN (24%) harbored somatic aberrations corresponding to a treatment that
is currently registered for NEN or specifically for the NEN subtype of that particu-
lar patient (Figure 5.5, Online Suppl. Data 1). In addition, 14 patients (16%)
could benefit from therapies that are off-label, but are commonly considered best

https://www.nature.com/articles/s41467-021-24812-3
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Figure 5.4: Putative drivers and NEN-associated genes within the pancreas- and midgut-
derived aNET as detected by unbiased discovery (dN/dS, GISTIC2) and literature.
Overview of putative drivers harboring coding mutations within at least two pancreas- and/or midgut-
derived aNET. We show putative drivers as detected by subgroup-specific dN/dS and/or GISTIC2 and
supplemented this list with additional NEN-associated drivers. aNET and genes are sorted based on
mutually exclusivity of the depicted putative drivers. Same layout as Figure 5.3, except the adjacent
middle-outer bar (in d) depicts the percentage of pancreas-derived m(NET) in green and midgut-derived
aNET in blue. In addition, genes found to be mutually exclusive between our major subgroups are
highlighted in the respective color of the enriched subgroup (aNET-Pancreas (green and aNET-Midgut
(blue); Supplementary Figure S5.8e).
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Figure 5.5: Clinically actionable somatic alterations observed within aNEN.
(a): Overview of distinct aNEN harboring current clinically actionable alterations for on- and off-label NEN
therapies. The highest NEN-therapy option (ranked as on-label NEN subtype (green), on-label NEN (dark
blue), off-label for NEN (pink), off-label for other cancer types but currently available (orange) and drugs
in development (turquoise) per distinct aNEN is shown. (b): aNEN harboring current clinically actionable
alterations, per gene. Full description: aNEN harboring current clinically actionable alterations, per gene.
The highest NET-therapy option per aNEN and gene is shown. Bottom track represents the categorized
primary localization of the aNEN (aNEC in red, midgut-derived aNET in blue, non-midgut/pancreas-
derived aNET in orange, pancreas-derived aNET in green and aNET of unknown origin in black) whilst
the right-hand side figure shown the number of samples harboring a somatic alteration within the given
gene and the proposed level of therapy.

practice for NEN. Another seven patients (8%) could benefit from drugs which are
registered for another indication but not currently administered in NEN treatment.
We found RB1 (n = 11), KRAS (n = 11), MTAP (n = 8), high-TMB (≥10; n = 5), RIC-
TOR (n = 4), and TP53 (n = 4) to be the most frequently observed (target-specific
or general) somatic aberrations which granted eligibility to various possible treat-
ment options. In total, 10 midgut-derived aNET (26%) and 11 pancreas-derived
aNET (55%) revealed potentially responsive alterations in various genes and most
strikingly, almost all aNEC (94%) revealed potential responsive targets due to RB1
and/or KRAS mutations or toward checkpoint inhibitors due to high TMB (≥10).

Discussion

Historically, NEN has long been considered as a difficult malignancy to diagnose,
monitor, and treat due to presentation of an inherently wide spectrum of disease
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progression, cellular differentiation and low mutational burden, resulting in few
targetable mutations and a relatively stable tumor genome. Indeed, aNET is char-
acterized by the lowest TMB of all metastatic cohorts sequenced in the CPCT-02
study27. This study is the first to have an in-depth look into the whole genome and
mutations of a large cohort of 85 advanced NEN from various primary localizations
and differentiation grades. The relatively large number of unknown primary tumor
localizations in this aNEN cohort (n = 12; 14%) reflects the difficulties in daily clin-
ical practice to determine the site of origin for aNEN. Recently, we have become
more aware of the phenomena of trans-differentiation, in which a NEC arises within
a pre-existing adenocarcinoma of for instance the lung or prostate. However, in
the six aNEC patients with an unknown primary tumor, no molecular clues, such as
TMPRSS2-ERG fusions were found pointing to a specific tissue of origin.

In our aNEN cohort, it is apparent that the molecular landscape of aNEC is
markedly dissimilar from that of the more differentiated aNET, in terms of muta-
tional burden (median TMB of 5.45 vs. 1.09, respectively), genomic stability, and
distinct mutant (driver) genes. With respect to TMB, four aNEC and a single aNET
presented a high-TMB genotype (TMB ≥10) which could render these patients eli-
gible for immune-based therapies such as checkpoint inhibitors48,49.

The single high-TMB pancreas-derived aNET presented a striking contribution
of the mutational signature associated with alkylating agents (temozolomide) and
was previously treated with a combination of 5-fluorouracil and the alkylating anti-
neoplastic agent streptozotocin. The mechanism of action for streptozocin closely
resembles that of temozolomide as both react with DNA by undergoing substitution
reactions forming a methyldiazonium ion, resulting in methylation of primarily N7
guanine (67). They both induce high levels of DNA methylation, and recognition
and repair of this methylation results in single- and double-strand DNA breaks50. To
the best of our knowledge, no data have been published on a correlation between
hypermutation and streptozocin treatment, but as streptozocin and temozolomide
so closely resemble each other in their mechanism of action, one can hypothesize
the same mechanism to occur in streptozocin-treated patients. It would be inter-
esting to investigate whether prior treatment with streptozocin or temozolomide
indeed induces high-TMB in aNEN, and if so, whether pre-treatment with strepto-
zocin or temozolomide could render these tumors more sensitive to checkpoint in-
hibition. Likewise, temozolomide (with capecitabine) for advanced pancreatic NETs
has shown to be an effective therapy for these patients51. Similarly, we observed a
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large contribution of the mutational signature associated with BER deficiency due to
MUTYH aberrations in the second highest-TMB aNET, and indeed this patient har-
bored a pathogenic germline MUTYH allele coupled with a complete somatic loss of
the respective chromosomal arm. MUTYH abnormalities have also previously de-
scribed to occur in pancreatic NET5. A single aNET presented a BRCA2-genotype
associated with HRD but did not harbor (somatic) mutations within BRCA2. It did
harbor a somatic mutation in RAD51C, a gene known to be involved with homolo-
gous recombination and repair of DNA.

Concerning genomic stability, we observed evidence of chromothripsis, a large-
scale and catastrophic chromosomal rearrangement, within six aNEN (four aNEC,
two aNET). Strikingly, four out of six chromothripsis events occurred on chromo-
some 12. In addition, we observe the first occurrence of localized hypermutation
(kataegis) in five aNEC. Kataegis encompasses a pattern of localized hypermuta-
tions, which has been identified in various, but not all and to a varying degree,
cancer types52,53. These regions of kataegis often co-localize with regions of ge-
netic rearrangements. Kataegis is thought to arise from frequent genomic C-to-U
deamination events as a result of APOBEC-family enzyme activity, a DNA cytosine
deaminase which was recently identified as an internal and thus far unrecognized
source of DNA damage and mutagenesis in various cancer types54. More recently,
kataegis, rather than TMB, microsatellite instability or mismatch repair deficiency,
was found to independently correlate with PD-L1/PD-L2 expression, and could thus
be a marker in response to immune checkpoint inhibition55.

Using unbiased driver gene analysis (dN/dS and GISTIC2) on the aNEN cohort,
and on aNEC/aNEC separately to explore putative driver genes, we (re-)discovered
10 genes to be enriched with non-synonymous mutations (TP53, CDKN1B, KRAS,
MEN1, RB1, CREBBP, APC, DAXX, LPCAT2, and SETD2) and detected 18 focal
deletion and 2 focal amplification peaks overlapping with a plethora of (driver)
genes, including deletions of TP53, CDKN2A, CDKN2B, CDKN1B, PTPRD, CBFA2T3,
CAMTA1, ANKDR11, LINC00881, PRKN, ZNF407 and fragile site genes FHIT, DMD
and MACROD2, and amplifications of PCAT1/MYC and MDM2. Investigation of mu-
tational enrichment within our major subgroups revealed that somatic alterations
in TP53, KRAS, RB1, CSMD3, CSMD1, MYC, APC, LRATD2, and TRRAP, as well
as the presence of chromothripsis and kataegis was enriched within aNEC. Within
pancreas-derived aNET, we report the enriched presence of mutant MEN1, DAXX,
DMD, SETD2, ATRX, and CREBBP, whilst midgut-derived aNET showed preference
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for CDKN1B alterations.

As previously mentioned, the majority of these detected somatic aberrations
have been previously associated to primary NEN in regards to their tissue of ori-
gin. These include the associations with midgut-derived NET (CDKN1B)10,12, lung
NET (FHIT)56–58, pNET (TP53, MEN1, ATRX, DAXX and SETD2)3–5,7,15 and NEC
(TP53, KRAS, MYC, APC and RB1, and chromothripsis)17,18,59,60. Aberrations within
CDKN2A and CDKN2B have been associated to gastro-intestinal NETs61,62 and have
been observed with increased mutational frequency within metastatic pNET com-
pared to primary pNET and is associated to poor prognosis.63

A recent large-scale study utilizing organoids derived from gastroenteropan-
creatic (GEP) neuroendocrine neoplasms also revealed similar genomic landscapes
and (mutually exclusive) enrichment for drivers such as TP53, RB1, APC, and MYC
within NEC for GEP-NEN organoids and chromosome-wide loss of heterozygosity
within both NET and NEC tissues64. Concordantly, mutational enrichment of drivers
within one population (i.e. pNET) does not imply exclusivity; e.g., MEN1 aberrations
were also found to be (sporadically) present within GEP-NECs and within a single
NEC of our cohort.

Other frequently altered genes within our aNEN cohort are associated with var-
ious other malignancies (PTPRD56, CBFA2T365, ANKRD1166–68, and MDM269) or
genomic instability (DMD and PRKN57, MACROD2)70. In particular, CSMD1 and
CSMD3 (CUB And Sushi Multiple Domains 1 and 3) were found almost exclusively
mutated within aNEC (31% and 44% of aNEC, respectively) yet have not previously
obtained much attention in context to aNEC. CSMD1, a regulator of complement
activation and inflammation, has been proposed as a tumor suppressor gene in
advanced oral, gastric, prostate and breast cancer and subsequent loss of CSMD1
functionality is associated to poor prognosis and enhanced proliferation, migration
and invasion71–74. Moreover, CSMD3 is reported as frequently mutated in lung
cancers and associated with proliferation of airway epithelial cells75 and has been
recently also reported as enriched within NEC compared to NET76. Taken together,
this prompts further investigation for CSMD1 and CSMD3 as aNEC-related drivers.

Currently, the choice of treatment in an individual aNEN patient is, apart from
factors such as comorbidity and patient preference, determined by primary tu-
mor localization, proliferation index (as determined by Ki-67 or MIB-1 staining),
and somatostatin expression. The distinction based on primary tumor localization
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stems from the different embryologic structures the tumor can originate from, e.g.
foregut, midgut or hindgut. When comparing the various origins of the aNEN at a
genomic level, we conclude that aNEN harbors a strikingly low TMB compared to
cancers29, yet do observe slight deviations on total TMB; ranging from 1.05 (aNET-
midgut; Q1–Q3: 0.75–1.4) and 1.07 (aNET—unknown; Q1-Q3: 0.84–1.53) to 1.27
(aNET—other; Q1–Q3: 1.10–1.44) and 1.35 (aNET-Pancreas; Q1–Q3: 0.9–2.12)
to 5.45 (aNEC; Q–Q3: 3.8–8.85). In addition, when we compared the two largest
groups of aNET per primary localization (midgut and pancreas), we can readily dis-
tinguish between the two subtypes based on somatic mutation and copy-number
profiles. Yet strikingly, many midgut-derived aNET (n = 9; 23%) did not present a
mutual driver gene but each was characterized by distinct sets of mutated genes
reflecting the heterogenous nature of the malignancy.

Almost half of aNEN (n = 42; 49%) harbored a specific genomic alteration or
genotype for which an FDA-approved drug is currently available, either on (regis-
tered for that indication) or off label. Thus, WGS revealed 49% of aNEN patients
harboring clinically relevant and potentially targetable somatic aberrations which
could possibly extend their treatment repertoire. It should be noted that we do not
yet know whether these identified associations between genomic alterations and
specific drugs indeed translate into clinical response in these patients. However,
for instance, when looking at TMB as a predictive factor for checkpoint inhibitors, it
was recently shown that TMB-high aNEC can respond to pembrolizumab77. These
drugs are currently not readily available for these patients, but could provide new
treatment options in the future. When deciding upon a new line of systemic treat-
ment, a metastatic biopsy could always be considered, preferably in the context of
a study, as this could shed light upon additional and effective treatment options
for these late-stage patients with otherwise few remaining treatment options. In
the Netherlands, we have the DRUP study active, a study in which patients for
whom no standard treatments are currently available and whom might be treated
with anticancer treatments outside of their approved label based on the presence
of actionable mutations in their tumors28.

In this current study exploring the largest whole-genome sequenced aNEN repos-
itory to date (n = 85), we focused on the genetic aberrations driving aNEN and
analyzed several additional aspects of genomic instability, such as SVs, kataegis,
chromothripsis, and HRD. This study improves our understanding of the complex
molecular makeup of (m)NEN and reveals that the underlying genomic alterations
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could be exploited for better distinction of tumor subgroups and new treatment
options. This study furthermore underscores that whilst the number of genetic
aberrations is increased27, the inventory of somatic drivers does not significantly
change between primary and metastatic NEN. The major advantages of character-
izing the genomic landscape of metastatic NEN lie within the identification of po-
tentially actionable targets and treatment-induced (resistance-)mechanisms within
the late-stage disease.

In addition, the recent major collaborative efforts in acquiring, (whole-genome)
sequencing and releasing several large-scale pan-cancer datasets comprising both
primary and metastatic malignancies, such as the PCAWG78 and CPCT-0227, could
spark insights and the development of methods on how to fully interrogate and
map the whole tumor genome, including the still relatively unexplored non-coding
regions. This could deduce new shared oncogenic mechanisms but also, by con-
trast, reveal driving forces unique to (m)NEN. Within this presented aNEN reposi-
tory, the full range of the somatic principles driving this enigmatic disease are likely
still hidden from us but ever-present.

Material and Methods

Patient cohort and study procedures

Patients with aNEN were recruited under the study protocol (CPCT-02 Biopsy Pro-
tocol, ClinicalTrial.gov no. NCT01855477; Online Suppl. Note 1) of the Center
for Personalized Cancer Treatment (CPCT) within the CPCT-02 and the DRUP (The
Drug Rediscovery Protocol (DRUP Trial), ClinicalTrial.gov no. NCT02925234) stud-
ies. All analyzed biopsies were taken prior to treatment within the DRUP trial. The
CPCT-02 (NCT01855477) and DRUP (NCT02925234) clinical studies were approved
by the medical ethical committees of the University Medical Center Utrecht and the
Netherlands Cancer Institute, respectively. Patients were eligible for inclusion if the
following criteria were met: (1) age ≥18 years; (2) locally advanced or metastatic
solid tumor; (3) indication for new line of systemic treatment with registered anti-
cancer agents; (4) safe biopsy according to the intervening physician. All patients
have given explicit consent for WEG and data sharing for cancer research purposes.
The study procedures consisted of the collection of matched peripheral blood sam-
ples for reference DNA and image-guided percutaneous biopsy of the preferred
metastatic site or, if no high-quality metastatic biopsy was available, a biopsy of

https://www.nature.com/articles/s41467-021-24812-3


5

The genomic landscape of 85 advanced neuroendocrine neoplasms reveals
subtype-heterogeneity and potential therapeutic targets 155

the primary tumor site was collected. For the current study, patients were included
for biopsy between May 10, 2016 and July 17, 2018 resulting in a cohort of 85
distinct patients from 13 Dutch hospitals (Online Suppl. Data 1).

Collection of the pathological records and generalization of pre-treatment(s)

Primary tumor characteristics of the 85 included aNEN patients were checked within
the nationwide network and registry of histo- and cytopathology in the Netherlands
(PALGA)79.

From PALGA, we collected the differentiation grade and proliferation index (Ki67/MIB-
1) based on the pathological records of the patient-specific primary and/or any
metastatic lesion. If more than one pathological report was available, we chose
to include the report most close in date, but always prior to, the biopsy for the
CPCT-02 study.

The pre-treatment(s) of aNEN patients prior to the collection and sequencing
of the tumor biopsy has been collected and generalized on treatment classifica-
tion. Out of all included aNEN patients (n = 85), 26 patients received pre-treatment
according to our clinical records.

Collection, sequencing, and processing of aNEN biopsies

Blood samples were collected in CellSave preservative tubes (Menarini-Silicon Biosys-
tems, Huntington Valley, PA, USA) and shipped by room temperature to the central
sequencing facility at the Hartwig Medical Foundation. Tumor samples were fresh-
frozen in liquid nitrogen directly after the procedure and send to a central pathology
tissue facility. Tumor cellularity was estimated by assessing a hematoxylin-eosin
stained 6-micron section. Subsequently, 25 sections of 20 microns were collected
for DNA isolation. DNA was isolated with an automated workflow (QiaSymphony)
using the DSP DNA Midi kit for blood and QiaSymphony DSP DNA Mini kit for tu-
mor samples according to the manufacturer’s protocol (Qiagen). DNA concentration
was measured by Qubit™ fluorometric quantitation (Invitrogen, Life Technologies,
Carlsbad, CA, USA). DNA libraries for Illumina sequencing were generated from 50–
100 ng of genomic DNA using standard protocols (Illumina, San Diego, CA, USA)
and subsequently whole-genome sequenced in a HiSeq X Ten system using the
paired-end sequencing protocol (2 × 150bp) for both the biopsy and matched blood
sample.

https://www.nature.com/articles/s41467-021-24812-3
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Subsequent alignment, somatic mutation detection, and in silico tumor cell per-
centage estimation were performed in a uniform manner as detailed by Priestley
et al.27. Briefly, paired-end sequencing reads were aligned against the human
reference genome (GRCh37) using BWA-mem (v0.7.5a)80. Duplicate reads were
marked and small insertion and deletions (InDels) were realigned using GATK In-
delRealigner (v3.4.46). Prior to somatic SNV and InDel variant calling, base qualities
were recalibrated using GATK BQSR (v3.4.46)81. Somatic SNV, InDels, and MNV
were called by Strelka (v1.0.14) using the matched peripheral blood WGS sample
for matched-normal variant calling82.

Additional in-depth settings and optimizations of the HMF pipeline are described
by Priestley et al.27.

The somatic mutations (SNV, InDels, and MNV) were further annotated with
Ensembl Variant Effect Predictor83 (VEP, version 99, cache 99_GRCh37) using GEN-
CODE (v33) annotations in tandem with the dbNSFP84 plugin (version 3.5, hg19) for
gnomAD85 population frequencies. SIFT86 and PolyPhen-287 scoring was applied
for additional functional effect prediction.

During downstream analysis, we only retained SNV, InDels, and MNV which
passed all of the following heuristic filters; default Strelka filters (PASS-only), gno-
mAD exome (ALL) allele frequency <0.001, gnomAD genome (ALL) <0.005, not
present in ≥5 samples from the Hartwig Medical Foundation germline panel-of-
normals (GATK Haplotyper) and not present in ≥3 samples from the Hartwig Medical
Foundation Strelka-specific somatic blacklist.

Putative protein-altering (coding) or high-impact (e.g., splicing) mutations were
aggregated per sample and gene by selecting the most deleterious annotated effect
(from VEP) on any known overlapping gene-wise transcript (except those transcripts
flagged as retained intron and nonsense-mediated decay). In addition, SVs with a
Tumor Allele Frequency (TAF) ≥ 0.1, as calculated by PURPLE and GRIDSS88, that
overlapped only partly with the respective coding sequences (i.e., not all exons of
the respective gene), were annotated as ‘SV’ mutations. Multiple coding mutations
and/or SV per gene were annotated as ‘multiple mutations’.

Discovery of somatic SVs, copy-number alterations, and in-frame fusions of
EWSR1was performed using the GRIDDS (v2.9.3), PURPLE (v2.47) and LINX (v2.47)
suite88. During the downstream analyses, we only retained somatic SVs passing all
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default QC filters (PASS-only) and with an upstream and/or downstream TAF ≥ 0.1.

Mean read coverages of the reference and tumor samples were calculated using
Picard Tools (v1.141; CollectWgsMetrics) based on GRCh3789. Genomic and coding
TMB was calculated as previously described by van Dessel et al. (2019)89. Briefly,
the number of somatic mutations (SNVs, InDels and MNVs) was divided over the
total mappable bases and the superset of coding sequences, respectively.

Discovery of genes under evolutionary selection

We performed a dN/dS analysis on somatic mutations (SNV and InDels) using dnd-
scv46 (v0.0.1.0) on respective genome sequences and transcript annotations us-
ing a custom transcript database based on ENSEMBL90 Genes (v99)/GENCODE
(v33) annotations. We performed a dN/dS analysis over the entire NEN cohort
(n = 85) and four separate dN/dS analysis on the major subgroups (aNEC; n = 16,
aNET; n = 69, aNET-midgut; n = 39 and aNET-pancreas; n = 20). Genes-of-interest
were selected based on the statistical significance, corrected for multiple hypothesis
testing (Benjamini-Hochberg), which integrated all mutation types (missense, non-
sense, essential splice-site mutations and InDels; qglobal_cv ≤ 0.1) and/or without
InDels (qallsubs_cv ≤ 0.1).

Detection and annotation of recurrent copy-number alterations

To detect recurrent copy-number alterations, we performed a GISTIC245 (v2.0.23)
analysis over the entire aNEN cohort and, again, four separate GISTIC2 analysis on
the major subgroups (aNEC, aNET and pancreas- and midgut-derived aNET).

GISTIC2 was performed using the following settings:

gistic2 -b  $inputFolder-seg  $inputSegmentation-refgene hg19.UCSC.

add_miR.140312.refgene.mat -genegistic 1 -gcm extreme -maxseg

4000 -broad 1 -brlen 0.98 -conf 0.95 -rx 0 -cap 3 -saveseg 0 -

armpeel 1 -smallmem 0 -res 0.01 -ta 0.1 -td 0.1 -savedata 0 -

savegene 1 -qvt 0.1.

Genes were annotated to GISTIC2 peaks (q ≤ 0.1) based on the following strat-
egy:

1. GISTIC2 focal peaks (all_lesions.conf_95.txt) were overlapped to genes (from
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verified and manually annotated loci, no pseudogenes or read-throughs and
from standard chromosomes; n = 36574) from GENCODE (GRCh37; v33), tak-
ing into consideration only the genes overlapping with at least 100 base pairs
within the detected GISTIC2 peak.

2. If a GISTIC2 focal peak overlapped with multiple GENCODE genes, a com-
bined database containing known drivers detected in a metastatic pan-cancer
dataset (CPCT-02)27, COSMIC Cancer Gene Census (v85)91, OncoKB Cancer
Gene Census (June 2019)92 Martincorena et al.46, and Priestley et al.27 were
used to further pinpoint the possible target gene(s) (n = 1272), e.g., if a GIS-
TIC2 peak overlapped both PTEN and near-adjacent non-driver gene, only
PTEN would be chosen as possible gene. The list of all overlapping GEN-
CODE93 (v33) genes per GISTIC2 peak can be found in Online Suppl. Data
1.

3. If no overlapping genes were found, GISTIC2 peaks were annotated with the
nearest GENCODE (v33) protein-coding gene (n = 19,988).

Genes detected as deep amplifications or deep deletions within GISTIC2 focal
peaks were considered as GISTIC2-derived driver genes in this cohort.

Mutational signature analysis

Mutational signatures based on the trinucleotide contexts of SNVs were performed,
using the MutationalPatterns package (1.10.0)94 and as previously described89.
The 96 SBS mutational signatures (COSMIC v3) as established by Alexandrov et al.
(2019)42, (matrix Sij; i = 96; number of trinucleotide motifs; j = number of signa-
tures) were downloaded from COSMIC (as deposited on May 2019). The proposed
etiology of each SBS signature was derived from Alexandrov et al. (2019)29, Petljak
et al.42, Angus et al.19 and Christensen et al. (2019)95.

In addition, de novo mutational signature analysis by MutationalPatterns was
performed based on the max. number of relevant signatures as assessed using the
NMF R package96 (v0.21.0) with 1000 iterations (Supplementary Figure S5.6d).
By comparing the cophenetic correlation coefficient, residual sum of squares and
silhouette, we opted to generate seven custom de novo signatures. Custom signa-
tures were correlated to existing (COSMIC v3) mutational signatures using cosine
similarity.

https://www.nature.com/articles/s41467-021-24812-3
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Per sample, mutational signatures with less than five percent relative contribu-
tion were categorized into the “Filtered (<5%)” category.

Detection of chromothripsis

Shatterseek97 (v0.4) using default parameters was used to detect chromothripsis-
like events. As input, we used the rounded absolute copy numbers (as derived
by PURPLE) and SVs with an TAF ≥ 0.1 at either end of the breakpoint. The male
sex chromosome (chrY) was excluded. The criteria for a chromothripsis-like event
were based on the following criteria: (a) total number of intra-chromosomal SVs
involved in the event ≥25; (b) max. number of oscillating CN segments (2 states)
≥7 or max. number of oscillating CN segments (3 states) ≥14; (c) total size of
chromothripsis event ≥20 megabase pairs (Mbp); (d) satisfying the test of equal
distribution of SV types (p > 0.05); and (e) satisfying the test of non-random SV
distribution within the cluster region or chromosome (p ≤ 0.05).

Classification of homologous recombination deficiency genotypes

To determine HRD due to possible loss of function of BRCA1 and/or BRCA2 (amongst
others), we utilized the Classifier for HRD with default settings (CHORD; v2.0).
CHORD uses a random-forest approach to classify samples into HR-deficient/HR-
proficient categories31. Briefly, we make use of CHORD;31 a random-forest-based
classifier designed to classify samples with evidence of HRD (BRCA1-type, BRCA2-
type or otherwise) by using all the information captured within all the somatic small
mutations and somatic SVs of whole-genome sequenced samples. If a sample con-
tains sufficient HRD-related genomic scars (SVs) and additional markers for HRD,
that sample will be classified as HR-deficient (HRD).

Detecting enrichment of mutant genes within major subgroups

To determine the enrichment of mutant genes within our major subgroups (aNEC,
midgut- and pancreas-derived aNET), we generated a list of potential driver genes
based on captured genes through our dN/dS (q ≤ 0.1) analysis and/or present within
the focal amplification and deletion peaks captured by GISTIC2. We extended this
list by selecting genes which contained a coding mutation in ≥20% of a respective
subgroup or which harbored a deep amplification or deletion in ≥20% of the re-
spective subgroup (i.e., 20% of the respective subgroup contained coding mutations
and/or ≥20% contained a copy-number alteration, irrespective of coding mutation).
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Using this list of genes (n = 20), we performed a one-sided (enrichment) Fisher’s
exact test with Benjamini–Hochberg correction between each pairwise comparison
per major subgroup against the remaining major subgroups (e.g., aNEC vs. the
combined group of midgut- and pancreas-derived aNET).

Inventory of clinically actionable somatic alterations and putative thera-
peutic targets

Current clinical relevance of somatic alterations in relation to putative treatment
options or resistance mechanisms and trial eligibility was determined based upon
the following databases; CiViC98 (Nov. 2018), OncoKB92 (Nov. 2018), CGI99 (Nov.
2018) and the iClusion (Dutch) clinical-trial database (Dec. 2020) from iClusion
(Rotterdam, the Netherlands). The databases were aggregated and harmonized
using the HMF knowledgebase-importer (v1.7). This list was manually corrected
for discrepancies and subsequently, we curated the linked putative treatments for
current on- and off-label aNEN and aNEN-subtype treatment options, as defined
within the Netherlands by the Dutch Medicines Evaluation Board (“College ter Beo-
ordeling van Geneesmiddelen; CBG)100.

Reporting summary

Further information on research design is available in the Nature Research Re-
porting Summary linked to this article: https://www.nature.com/articles/
s41467-021-24812-3#MOESM5

Data availability

The WGS and corresponding clinical data used in this study was made available
by the Hartwig Medical Foundation (Dutch nonprofit biobank organization) after
signing a license agreement stating data cannot be made publicly available via
third-party organizations. Therefore, the data are available under restricted access
and can be requested upon by contacting the Hartwig Medical Foundation (https:
//www.hartwigmedicalfoundation.nl/applying-for-data/) under the
accession code DR-036. Within this manuscript, we furthermore made use of the
actionable gene-variant and associated drug databases of CiViC (01-Nov-2018;
https://civicdb.org), OncoKB (Nov. 2018; https://www.oncokb.org),
CGI (Nov. 2018; https://www.cancergenomeinterpreter.org) and the
iClusion (Dutch) clinical trial database (Dec. 2020) from iClusion (Rotterdam, the

https://www.nature.com/articles/s41467-021-24812-3#MOESM5
https://www.nature.com/articles/s41467-021-24812-3#MOESM5
https://www.hartwigmedicalfoundation.nl/applying-for-data/
https://www.hartwigmedicalfoundation.nl/applying-for-data/
https://civicdb.org
https://www.oncokb.org
https://www.cancergenomeinterpreter.org
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Netherlands; Online Suppl. Data 1). The remaining data are available within the
Article, Supplementary Information or available from the authors upon request.

Code availability

Next to the initial processing workflows and software which are available at https:
//github.com/hartwigmedical/, any additional custom code and scripts used
within this study (processing, analysis, and visualization) have been deposited on
Bitbucket under the GPL-3.0 License: https://bitbucket.org/ccbc/dr-036_
anen/.

https://www.nature.com/articles/s41467-021-24812-3
https://github.com/hartwigmedical/
https://github.com/hartwigmedical/
https://bitbucket.org/ccbc/dr-036_anen/
https://bitbucket.org/ccbc/dr-036_anen/
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Supplemental Data

Supplementary data and figures accompanying the chapter:

”The genomic landscape of 85 advanced neuroendocrine neoplasms reveals
subtype-heterogeneity and potential therapeutic targets.”
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Supplementary figure S5.1: Overview of sequencing quality metrics.
(a): Absolute and relative frequencies of distinct included patients in the CPCT-02 aNEN cohort per
participating center within the Netherlands. (b): Boxplot with individual data points of the estimated
(in silico) tumor cell percentages based on the whole genome sequencing data with observed median
displayed. (c): Boxplot with individual data points of the mean read-coverages (WGS) of the peripheral
blood (reference; blue) and biopsy tissues (red) with observed median per variable displayed. (c): Age
distribution stratified by gender of the aNEN cohort with observed median per variable displayed in a
boxplot with individual data points. (d): Type of prior treatment per aNEN, if applicable (n = 26 out
of 85 patients). Patients with aNET are highlighted in blue on the y-axis whulst patients with aNEC are
highlighted in red on the y-axis.
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Supplementary figure S5.3: Overview of the distribution of somatically-acquired structural
variants.
Overview of the genomic sizes and numbers of structural variants present in the aNEN cohort. Samples
are sorted based on primary localization and decreasing number of total observed structural variants
over all categories (deletions, tandem duplications, inversions, translocations and insertions).



5

173

Su
pp
le
m
en
ta
ry
fig
ur
e
S5
.4
:
O
bs
er
ve
d
ka
ta
eg
is
ev
en
ts
w
it
hi
n
th
e
aN
EN

co
ho
rt
.

(a
):
N
um
be
r
of
ob
se
rv
ed

ka
ta
eg
is
fo
ci
in
th
e
aN
EN

co
ho
rt
(f
ou
nd

in
6
di
st
in
ct
sa
m
pl
es
,
bl
ue

ba
rs
)
an
d
th
e
re
sp
ec
tiv
e
cu
m
ul
at
iv
e
ge
no
m
ic
w
id
th
of
al
l

ob
se
rv
ed
ka
ta
eg
is
fo
ci
pe
r
sa
m
pl
e
(r
ig
ht
y-
ax
is
;
bl
ac
k
po
in
ts
).
(b
):
Re
la
tiv
e
fr
eq
ue
nc
y
of
SN
V
ca
te
go
rie
s
fo
un
d
in
al
lo
bs
er
ve
d
ka
ta
eg
is
fo
ci
pe
r
sa
m
pl
e.

(c
):
Re
la
tiv
e
fr
eq
ue
nc
y
of
SN
V
in
ob
se
rv
ed
ka
ta
eg
is
fo
ci
w
ith
AP
O
BE
C-
re
la
te
d
Tp
Cp
W
m
ut
at
io
na
lc
on
te
xt
.
W
st
an
ds
fo
r
T
or
A
ch
an
ge
s.
(d
):
G
en
om
e-
w
id
e

re
la
tiv
e
co
nt
rib
ut
io
n
to
m
ut
at
io
na
ls
ig
na
tu
re
s
(C
O
SM
IC
v3
)
fo
r
th
e
re
sp
ec
tiv
e
aN
EN

sa
m
pl
e.
(e
):
Re
pr
es
en
ta
tio
n
of
a
si
ng
le
ka
ta
eg
is
fo
ci
on
ch
ro
m
os
om
e

8
w
ith
in
a
si
ng
le
re
sp
ec
tiv
e
sa
m
pl
e
(h
ig
hl
ig
ht
ed
w
ith
*
in
a)
.
SN
V
(c
ol
or
ed
on
py
rim
id
in
e
m
ut
at
io
ns
)
ar
e
sh
ow
n
w
ith

re
la
tiv
e
ge
no
m
ic
di
st
an
ce
s
(in

lo
g 1
0
)

to
ne
ig
hb
or
in
g
SN
V.
O
bs
er
ve
d
ka
ta
eg
is
fo
cu
s
on
ch
ro
m
os
om
e
8
is
hi
gh
lig
ht
ed
w
ith
a
tr
an
sp
ar
en
t
re
d
ba
ck
gr
ou
nd
.
(f
):
Ab
so
lu
te
m
ut
at
io
na
lc
on
tr
ib
ut
io
n
of

AP
O
BE
C
CO
SM
IC
(v
3)
si
gn
at
ur
es
(2
&
13
)
fo
r
sa
m
pl
es
w
ith
ou
t
(n
=
79
)
an
d
w
ith

ob
se
rv
ed
ka
ta
eg
is
fo
ci
(n
=
6)
.
St
at
is
tic
al
si
gn
ifi
ca
nc
e
w
as
te
st
ed
w
ith

W
ilc
ox
on
ra
nk
-s
um

te
st
an
d
is
de
no
te
d
w
ith
*
≤
0.
05
,*
*
≤
0.
01
an
d
**
*
≤
0.
00
1.



5

174

Supplem
entary

figure
S5.5:

G
enom

ic
overview

of
aN
EN

displaying
chrom

othripsis-like
events.

G
enom

ic
representations

of
the

chrom
othripsis-harboring

aN
EN

(n
=
6).

The
outer

track
displays

the
genom

ic
ideogram

,
the

second-outer
track

displays
copy

num
ber

profiles
(am

plification
in
light

green;
deep

am
plification

beyond
sam

ple-specific
threshold

(G
ISTIC2)

in
dark

green,
deletions

in
blue;

deep
deletions

beyond
sam

ple-specific
threshold

(G
ISTIC2)

in
dark

blue).
The

third
track

displays
TC%

-corrected
low

er
allele-frequency

(LAF)
values

ofindividual
copy

num
ber

segm
ents

(LAF
≤
0.33

in
pink;

LAF
≥
0.33

in
black).

The
fourth

track
displays

the
num

ber
of
m
utations

per
5
M
bp,

ranging
from

0
to
60+

;
bins

w
ith
≥
20
m
utations

are
highlighted

in
blue.

The
fifth

track
highlights

the
regions

harboring
chrom

othripsis
in
a
red

line.
The

innerm
ost

track
displays

the
breakpoints

of
the

structuralvariants;
interchrom

osom
altranslocations

in
dark

blue,
deletions

in
gray,

insertions
in
yellow

,
inversion

in
light

blue
and

tandem
duplications

in
red.

Sam
ples

are
colored

per
aN
EC

(in
red)

and
aN
ET

(in
blue)

status.



5

175

Supplementary figure S5.6: de novo mutational signatures assessment on aNEN.
Assessment and comparison of extracted de novo single base substitution mutational signatures (n
= 7; Sig. A - I) using non-negative matrix factorization (NMF) within the aNEN cohort against the
known COSMIC (v3; n = 67) signatures. (a-e): Overview of extracted de novo single base substitution
mutational signatures (n = 7; Sig. A – I; upper track) vs. COSMIC signatures (v3; n = 67; lower track),
per aNEN. aNEN are sorted based on unsupervised clustering (Ward.D; Euclidean distance; distances
plotted in log10-scale) of the relative contribution of the seven de novo mutational signatures. (f):
Cosine similarity of the de novo mutational signatures against the known COSMIC v3 signatures (n =
67). (g): Overview of the statistically significant mutational signatures between the major subgroups
(Wilcoxon Rank-Sum test with Benjamini-Hochberg correction);; significance is denoted by *** (q ≤
0.001), ** (q ≤ 0.01), * (q ≤ 0.05) and . (q ≤ 0.1). (h): Trinucleotide mutational contexts of the seven
extracted de novo signatures. (i): NMF quality metrics using between two to fifteen ranks over 1000
iterations.
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Abstract

The TMPRSS2-ERG fusion-event induces abundant expression of ERG (ERG+) and is
present within half of all prostate adenocarcinomas (PRAD), with dissimilar expres-
sion profiles compared to ERG- PRAD. Here, we questioned whether these PRAD
subgroups could harbor unique immune determinants which might expand our un-
derstanding into tumor evolution and overall poor response to immune-therapies.
Utilizing whole-transcriptomics from a discovery and two validation data-sets con-
stituting early-stage, treatment-naïve PRAD (n = 539) and normal adjacent prostate
tissue (NAP; n = 148), we investigated differential expression of immune-related
genes and gene-sets, immune cell composition, T cell receptor repertoire and anti-
genicity using immunogenomics algorithms.

We revealed a distinct yet considerable subgroup of ERG+ PRAD with abundant ex-
pression of TDO2 and dissimilar expression of immune-regulatory gene-sets such
as metabolic and lysosome pathways, MHC I complex, IL-2–STAT5, IFN𝛼 signal-
ing and IFN𝛾 signaling. We furthermore observed significant differences within the
relative immune-cell compositions, including lower frequency of neutrophils within
PRAD vs. NAP, whereas higher frequencies of M1 macrophages, dendritic cells,
Tregs and NK cells could be attributed to ERG+ PRAD, with even greater frequen-
cies within ERG+/TDO2+ PRAD. This was coupled with increased numbers of coding
mutations, TCR repertoire and CTL neo-epitopes within ERG+/TDO2+ PRAD com-
pared to NAP, whilst TDO2- PRAD harbored similar quantities to NAP. In addition,
a subset of Cancer Germline Antigens were differentially expressed between NAP,
ERG+ PRAD and ERG- PRAD.

In short, we reveal dissimilar immune-contextures and potential origins of innate
immunity based on ERG and/or TDO2 expression within PRAD. The ERG+/TDO2+

subgroup of PRAD constitutes a hitherto unidentified and potentially immunosup-
pressive subgroup. Further validation is required to investigate these potential av-
enues into these otherwise immunologically-cold tumors.
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Introduction

P
rostate cancer is the most prevalent and second most frequently diagnosed
malignancy in men worldwide, surpassed only by the incidences of lung can-

cer.1,2 Several treatment options are available for primary and advanced disease
including radical surgery, radiation therapy, chemotherapy and/or androgen de-
privation therapy (ADT).3 Dependent on the disease stage, molecular character-
istics and time of diagnosis, curative treatment success varies between patients
with primary (localized) prostate adenocarcinoma (PRAD) whilst curative treatment
outcomes for progressed metastatic or androgen deprivation-resistant disease are
scarce.3,4

An alternative and promising option to treat solid tumors are immunotherapies
using Immune Checkpoint Inhibitors (ICI), typically against PD-1, PD-L1 and CTLA-
4.5 However, only a small subset of patients with PRAD benefit from ICI-based
treatment with PRAD revealing overall lower response rates as compared to vari-
ous other solid tumors.6 For example, treatment of metastatic castration-resistant
prostate cancer (mCRPC) with anti-CTLA4 (ipilimumab) in a phase III trial showed
no significant improvement of survival compared to placebo.7 Similarly, anti-PD1
treatment with nivolumab in mCRPC did not result in any objective response (OR).8

Conversely, treatment of mCRPC with another anti-PD1 treatment (pembrolizumab)
resulted in 17% OR in PD-L1+ patients.9 PD-L1-positivity, however, is not a prereq-
uisite for response to pembrolizumab as evaluated by a phase II trial that yielded
equivalent response (of 4%) in the PD-L1+ and PD-L1- treatment arms.10 In con-
trast, a recent trial in which ipilimumab and pembrolizumab were combined yielded
OR in 25% of mCRPC patients, particularly in patients with high tumor mutational
burden (TMB) and PD-L1-positivity >1%. Of note, grade 3-5 adverse events were
observed in about 50% of patients, urging for improvements in patient selection.11

To better understand the variable response to ICI, it is critical to identify immune
determinants that are unique for localized PRAD. As localized PRAD is generally
considered a poorly immunogenic tumor with a relatively low TMB12, the identifi-
cation of immune determinants could greatly improve the selection of patients for
ICI treatments.

Generally, PRAD harbors low numbers of tumor infiltrating lymphocytes (TILs),
and those present commonly have an immunosuppressive phenotype, including
FOXP3+ regulatory CD4+ T cells, tumor-associated macrophages (TAMs) as well



6

182 Chapter 6

as myeloid-derived suppressor cells (MDSC).13 High frequencies of innate immune
cells, such as natural killer (NK) cells and dendritic cells (DC) have been associated
with good prognosis in PRAD. Conversely, high frequencies of TAMs and, in contrast
to many other tumor types, CD8+ T cells have been associated with poor progno-
sis.14 In recent years, molecular subclassification of both primary PRAD and mCRPC
has been significantly refined and includes genotypes with potential responses to
immune-therapies.4,15,16 The latter genotypes generally harbor a multitude of so-
matic aberrations, for example, due to microsatellite instability (MSI), BRCAness
and CDK12ness that could potentially lead to high loads of neo-antigens.4,17–19. In
addition, somatic aberrations potentially impact the expression of oncogenic drivers,
such as PTEN, PIK3CA, TP53, members of the RAS family, RB1 and TMPRSS2-ERG
fusions. Recent and seminal reports, mainly in melanoma, have demonstrated that
examples of such tumor cell-intrinsic oncogenes are highly-related to immune eva-
sion, such as the cyclin-dependent kinase CDK420 and the p21-activated kinases
PAK421.

The genomic fusion between TMPRSS2 and ERG (TMPRSS2-ERG) occurs in 50%
of all PRAD yet remains an enigmatic feature of the malignancy, whilst constituting
a highly prevalent and distinct molecular subgroup with significant and large-scale
changes in transcriptomic and epigenetic profiles.17,22 Briefly, TMPRSS2-ERG is a
genomic re-arrangement, mostly originating from a single 3 megabase genomic
deletion, placing the promoter of the androgen-responsive TMPRSS2 gene in prox-
imity to the ETS-family transcription factor ERG; leading to (over-)expression of the
TMPRSS2-ERG fusion product.22,23 Beyond the highly-specific diagnostic potential
of TMPRSS2-ERG, there are conflicting reports regarding the prognostic value of TM-
PRSS2-ERG within PRAD.24–26 This controversy likely reflects the complex interplay
in which expression of ERG or even the mere genomic presence of TMPRSS2-ERG
somehow contributes to the overall lack of proficient immunogenicity within PRAD.
In fact, recent investigations suggest that TMPRSS2-ERG fusions are associated
with lower abundances of TILs and deregulated interactions between innate and
adaptive immune cells.27

In the current study, we present an integrative in silico study of three indepen-
dent transcriptomics cohorts (NGS-ProToCoL28, EMC-FFPE-PCa and TCGA-PRAD17)
consisting of localized PRAD (Gleason Score 6-10) and normal-adjacent prostate
(NAP) tissue, comprising in total 593 PRAD and 148 NAP samples. These cohorts
were independently interrogated and cross-evaluated by contemporary in silico im-
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munogenomics algorithms to investigate the immune cell composition, T cell recep-
tor repertoire, antigenicity and immune evasive pathways between NAP, ERG+ and
ERG- PRAD (Figure 6.1).

Results

Study design and overview of included prostate cancer cohorts

The publicly available whole-transcriptome (fresh-frozen) sequenced cohort (NGS-
ProToCol) containing NAP (n = 40) and localized PRAD (n = 49) tissues (Gleason
scores 6-10) was interrogated to investigate immune determinants of ERG+ and
ERG- PRAD (Figure 6.1, Supplementary Figure S6.1). In addition, two independent
whole-transcriptome cohorts containing both NAP and PRAD tissues were used as
validation cohorts. These validation cohorts comprised the whole-transcriptome
TCGA-PRAD cohort (n = 536) and an additional whole-transcriptome (Formalin-
Fixed Paraffin-Embedded (FFPE)) sequenced cohort (EMC-PCa-FFPE; n = 57 paired
samples) (Supplementary Figure S6.1).

To investigate possible associations between the PRAD immune-landscape and
increased ERG mRNA expression, samples were categorized into two groups based
on expression profiles (Supplementary Figure S6.2). Using the normalized expres-
sion of ERG and two known downstream ERG-regulated genes (PCAT5 and TDRD1),
samples were categorized according to unsupervised clustering (k = 2). Samples
were denoted as ERG+ and ERG- based on the respective expression of these three
genes within the two clusters.

Using these cohorts, we assessed differential expression of genes and gene-sets
related to immune evasive mechanisms, the composition of immune-cell popula-
tions, the T cell receptor (TCR) repertoire and the expression of CD8 T lymphocytes
(CTL) neo-epitopes and cancer germline antigens (CGAs).

A major subpopulation existing within ERG+, and absent within ERG-

PRAD, harbors abundant expression of TDO2 and is accompanied by path-
ways related to antigen presentation and processing, and IFN production

We first investigated the differential gene expression profiles between NAP, ERG-

PRAD and ERG+ PRAD and performed gene-set enrichment analysis (GSEA) using,
among others, gene-sets related to immune evasion.29 For these analyses and all
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subsequent analyses, we only retained statistically significant results which were
obtained within the discovery cohort (NGS-ProToCol) and also within at least one
of the additional validation cohorts.

These analyses confirmed the different overall expression profile(s) of PRAD in
regard to NAP, with canonical PRAD-specific genes within the top results of differ-
entially expressed genes (DEGs), such as CRISPR3, ONECUT2, ALOX15, FOXB2,
ANKRD34B, AMACR, PCAT5, PCAT7, EPCAM, TDRD1 and ERG among others (Fig-
ure 6.2a). In total, 2.610 DEGs were found between PRAD vs. NAP. In addition,
GSEA revealed a myriad of perturbed pathways (Figure 6.2d), such as ribosomal
biogenesis and metabolism of pyrimidine, aminoacyl-tRNA, sodium regulation and
cytochrome P450. In addition, several intracellular and immune signaling pathways
revolving around calcium, endothelial development, MYC, KRAS and WNT were ob-
served.

Concordant with earlier studies, a considerable number of DEGs (n = 747) and
perturbed gene-sets could be observed between ERG+ vs. ERG- PRAD (Figure
6.2b,d). Amongst these DEGs and perturbed gene-sets are prominent immuno-
logical modulators, including higher expression of ribosomal biogenesis and MYC
signaling within ERG+ PRAD whilst conversely peroxisome proliferator-activated re-
ceptor (PPAR) signaling and the catabolism of β-alanine were higher expressed
within ERG- PRAD. In addition, TDO2 was revealed as the gene with the highest
log2 fold-change (log2FC) within ERG+ PRAD compared to ERG- PRAD, yet also har-
bored a relatively large log2FC standard error. This suggested two roughly-equally
sized separate groups within the ERG+ PRAD population; one with abundant expres-
sion of TDO2 and one without or with only limited expression of TDO2. As TDO2
is the counterpart to IDO1 as a key rate-limiting factor of tryptophan to kynure-
nine metabolism, we characterized the differential expression of all members of the
tryptophan to kynurenine catabolism pathway by comparing ERG+/TDO2+ PRAD vs.
NAP. We observed additional dysregulation of crucial members , including increased
expression of AFMID and KMO and decreased expression of KYAT1 and HAAO (Sup-
plementary Figure S6.3). Therefore, we added abundant TDO2 expression within
ERG+ PRAD as additional stratification within downstream analysis (ERG+/TDO2+

PRAD).

Indeed, comparing ERG+/TDO2- vs. ERG+/TDO2+ PRAD revealed DEGs and
perturbed immuno-regulatory pathways exclusive to the ERG+/TDO2+ population,
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which are not readily observed when only comparing either ERG+ (without TDO2
status) vs. ERG- nor PRAD vs. NAP (Figure 6.2b-d). Notably, ERG+/TDO2+ PRAD
showed enrichment of glycolysis and valine leucine and isoleucine metabolism, IL-2–
STAT5, IFN𝛾 and IFN𝛼 signaling, lysosome, MHC I complex and depletion of MYC
and ribosomal biogenesis. In addition, we observed higher expression of known
immunoregulatory genes (next to TDO2), such as DAPP1 (Bam32)30 and the im-
munogenic peptide GP2 (glycoprotein 2)31. Furthermore, epithelial-mesenchymal
transition (EMT) was found to be highly enriched within ERG+/TDO2+ PRAD.

ERG+ vs. ERG- PRAD demonstrates enhanced frequencies of dendritic
cells and M1 macrophages

We next investigated the relative frequency of intra-tumoral immune cell popula-
tions based on the established TIL10 transcriptome signatures32 and compared
this between PRAD vs. NAP and subsequently between PRAD based on ERG and/or
TDO2 status. Unsupervised clustering revealed clusters with distinct immune cell
compositions between PRAD and NAP and additionally between PRAD based on
ERG status (Figure 6.3). Statistically significant differences between PRAD and NAP
(Figure 6.3j) demonstrated a lower frequency of neutrophils within PRAD, whereas
frequencies of M1 and M2 macrophages, DC and NK cells were higher within PRAD.
Notably, higher frequencies of M1 macrophages, DC, Tregs, NK cells could be at-
tributed to ERG+ and ERG+/TDO2+ status. Similar distinctive patterns of immune
cell fractions were observed within the validation cohorts (Supplementary Figure
S6.4).

ERG+/TDO2+ PRAD reveal increased diversity of TCR repertoire and neo-
antigen burden

We next assessed and analyzed measures of tumor antigenicity, size and diversity of
TCR repertoire, as well as the potential (neo)antigen load. Briefly, we investigated
characteristics of the TCR repertoire using MiXCR33 and the abundance of putative
CTL neo-epitopes as identified by NetCTLPan34.

We observed higher frequencies (q < 0.1) of the number of TCR-Vβ clonotypes,
TCR-Vβ diversity and TCR-Vβ skewness between NAP vs. ERG+/TDO2+ PRAD but
not between NAP vs. TDO2- PRAD (Figure 6.4a-c). We did note that the overall
composition of the TCR repertoire is relatively limited as compared to ICI-sensitive
tumors such as melanoma.12 In addition, we observed no difference in TILs score29
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Figure 6.2: ERG+ PRAD demonstrates increased gene expression of TDO2 compared to ERG-
PRAD, which is accompanied by pathways of antigen presentation and processing and IFN
production.
(a): Volcano-plot of the differential expression analysis between PRAD vs. NAP, genes significantly (q ≤
0.05, log2FC ≥ |0.5|, avg. read count ≥ 10 and also significant within ≥1 validation set) down-regulated
(blue) and up-regulated (red) in PRAD are shown. The x-axis displays the log2FC and y-axis displays
the adjusted p (q) shown on a log10 scale. The total amount of tested elements is shown below. (b):
Same as a) but between ERG+ and ERG- PRAD. (c): Heatmap representing VST-corrected expression
of DEGs between ERG+/TDO2+ vs. ERG+/TDO2- PRAD, shown as Z-scores. The upper tracks display
the respective expression profiles. Columns and rows are clustered based on maximum distance metrics
and the Ward.D2 unsupervised hierarchical clustering. (d): Significantly perturbed gene-sets (q ≤ 0.05
and also significant within ≥1 validation set) between each performed analysis (as shown on top). The
origin of each gene-set is shown as suffix to the description (K: KEGG, H: Hallmark, X: Hammerl et
al. 29). The Normalized Enrichment Scores (NES) is shown for each analysis and gene-set. Transparent
NES were not found significant within the respective analysis, e.g., E2F targets was deemed significantly
perturbed only between PRAD vs.NAP.
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between NAP and PRAD nor when including ERG and/or TDO2 status (Figure 6.3f).

Further, we evaluated the presence of CTL neo-epitopes derived from variant
proteins within PRAD. CTL neo-epitopes, denoted as either the distinct number of
variant proteins containing ≥1 CTL neo-epitope(s) bound by HLA-A/B/C or as the
total number of CTL neo-epitopes per sample, again revealed higher frequencies
within ERG+/TDO2+ PRAD compared to TDO2- PRAD (Figure 6.4d-f). Concordant
with the TCR repertoire assessment, the median quantity of CTL neo-epitopes is
again relatively low compared to ICI-sensitive tumors such as melanoma.12

Compared to NAP and ERG- PRAD, ERG+ PRAD shows higher expression
for a subset of CGAs

We next investigated differential expression of CGAs (n = 247), another set of
antigens recognized for its ability to elicit anti-tumor T cell responses. We ob-
served several differentially expressed CGAs between NAP vs. PRAD and ERG+ vs.
ERG- PRAD (Figure 6.5). The gene expression of 6 CGAs (PIWIL2, RGS22, PAGE4,
LYPD6B, POTEG and POTEH) was lower whilst conversely 9 CGAs (TTK, KIF2C,
CEP55, CCDC110, ADAM2, TDRD1, ARMC3, NOL4 and TMEFF2) were higher in
PRAD vs. NAP. Between ERG+ vs. ERG- PRAD, 3 CGAs (POTEE, LYP6B and POTEH)
had lower expression whilst conversely ADAM2 and TDRD1 were up-regulated. Of
note, only POTEE was found exclusively when taking ERG status into account; sig-
nifying the observed changes to CGAs in regard to PRAD ERG expression. No addi-
tional differences based on TDO2 status was observed.

Stratification of PRAD based on abundant ERG and TDO2 expression sug-
gests an overall greater progression-free survival

Stratification of patients from the TCGA-PRAD cohort, based on abundant ERG and
TDO2 expression status (ERG+/TDO2+) vs. those without abundant TDO2 expres-
sion (TDO2-) revealed no significant difference in Overall survival (OS) yet does
suggests a potentially more stable Progression-free survival (PFS), with log-rank
p-values of 0.96 and 0.079, respectively (Supplementary Figure S6.5).

Discussion

Vaccine-based strategies, such as Sipuleucel-T (dendritic cells mediated) and Prostavac
(T cell mediated) are currently the only FDA-approved immune therapies for (metastatic)



6

190 Chapter 6

Figure 6.4: ERG+/TDO2+ PRAD reveals enrichment of size and diversity of TCR repertoire as
well as expression of HLA-A/B/C-restricted neo-antigens.
(a): Boxplot with individual data points showing the number of distinct TCR clonotypes (as TCR-Vb
reads) between NAP and PRAD based on ERG and/or TDO2 status. Pairwise Wilcoxon Rank-Sum tests
vs. NAP with Benjamini-Hochberg correction were used to determine statistical significance, q-values
are shown. Median values per group are indicated beside their respective boxplot. (b): Same as a)
but reporting the TCR diversity (chao1 index). (c): Same as a) but reporting the repertoire skewness
(Gini-Simpson index). (d): Boxplot with individual data points showing the number of the number
of protein-coding mutations (incl. silent mutations) between PRAD based on ERG and/or TDO2 status.
Pairwise Wilcoxon Rank-Sum tests with Benjamini-Hochberg correction were used to determine statistical
significance, q-values are shown. Median values per group are indicated beside their respective boxplot.
(e): Same as d) but reporting the number of unique variant proteins harboring at least one predicted
HLA-A2-binding epitope. (f): Same as d) but reporting the number of unique HLA-A2-binding epitopes
from variant proteins.
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prostate cancer, of which presently a significant survival benefit is only observed
for a small fraction of treated patients (5% patients, 10-13% increase in overall
survival).35 Interestingly, early-stage prostate cancer patients (compared to late
stage mCRPC) show better clinical response to these therapies; perhaps caused by
an increased number of immunosuppressive cells and genomic alterations in later
stage tumors.36

In this current study, we interrogated ERG+ PRAD for the presence of selective
immune determinants to better understand therapy unresponsiveness and to poten-
tially improve stratification of patients for therapies. Employing three independent
large whole-transcriptome cohorts capturing PRAD and NAP, we investigated DEGs
and perturbed gene-sets for immune evasive mechanisms, composition of immune-
cell populations, the TCR repertoire, neo-antigen burden and their putative role as
CTL epitopes, and aberrant expression of CGAs.

Concordant with previous studies17–19,37,38, we observed major differences in
the overall expression profiles of genes and gene-sets between NAP vs. PRAD and
we could further attribute immunologically-related genes and gene-sets to ERG-

and ERG+ PRAD. Compared to ERG- PRAD and NAP, ERG+ PRAD revealed distinctly
lower expression of PPAR-signaling with higher expression of Wnt39 and MYC signal-
ing, coupled with ribosomal biogenesis among the perturbed gene-sets. Likewise,
prominent differential expression distinctive to ERG+ PRAD was found for a multi-
tude of immunologically-related genes, including abundant expression of FZD840,
MYCL41, FOXD342 and F5 coupled with lower expression of genes such asWNT1143,
WIF143 and FABP544.

Our findings extend the previously reported association between the deregula-
tion of Wnt/PPAR-signaling and the tolerization (and induction) of DCs39 as well as
T-cell exclusion45. Furthermore, we observed differential expression of 15 CGAs
between NAP and PRAD (regardless of ERG expression) and 5 CGAs between ERG-

and ERG+ PRAD. These differentially expressed CGAs in ERG+ PRAD include TDRD1,
a known downstream target of ERG.46 As a CGA, TDRD1 has predominant expres-
sion in tumorous and immune-privileged tissues and very low expression in healthy
tissues; suggesting a possible role as target antigen for immune-based therapies.

Of particular interest was the discovery of a considerable subset of ERG+ PRAD
with abundant expression of TDO2 (n = 12 out of 30; 40%). As critical rate-
limiting factor (similar to IDO1) within the tryptophan to kynurenine catabolism,
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TDO2 functions to convert (L-)tryptophan into the immunosuppressive catabolite
L-kynurenine (Supplementary Figure S6.3) which harbors considerable and remark-
able immunosuppressive qualities. This includes counter-regulatory and tolerogenic
effects such as activation of the aryl hydrocarbon receptor (AhR) and promoting
the differentiation of tolerogenic DCs, TAMs and MDSCs.47–52 Further investiga-
tion into ERG+/TDO2+ PRAD indeed revealed distinct high expression of known
immunogenic gene-sets and genes including metabolic pathways, IL-2–STAT5 and
IFN�signaling, which are pathways typically present or associated with activated
T lymphocytes, as well as lysosome, MHC I complex, and IFN𝛼 signaling, which are
pathways typically linked to antigen presentation and processing and activation of
innate immune cells.53–55 In addition, the MYC and ribosomal biogenesis pathways
were both distinctly depleted in ERG+/TDO2+ PRAD whilst other forms of PRAD re-
vealed enrichment of these pathways compared to NAP. MYC has been previously
been reported as master regulator of ribosomal biogenesis56 and regulator of T-
cell activation57. In addition, EMT was found to be enriched within ERG+/TDO2+

PRAD and is known to be effected by the tumor microenvironment (TME).58 Taken
together, these pathways may hint that T cells, whilst also present at low to negligi-
ble numbers, are in an exhaustive, non-functional state within ERG+/TDO2+ PRAD.

Concordantly, we observed statistically significant differences within the rela-
tive immune-cell compositions. This included lower frequency of neutrophils within
PRAD, whereas frequencies of M1 and M2 macrophages, DC and NK cells were
higher within PRAD. Notably, higher frequencies of M1 macrophages, DC, Tregs,
NK cells could be attributed to ERG expression and even more so to ERG coupled
with TDO2 expression. We also observed notable differences in the number of
coding mutations, TCR repertoire and CTL neo-epitopes within ERG+/TDO2+ PRAD
compared to NAP, whilst TDO2- PRAD revealed similar quantities.

The enhanced frequencies of M1 macrophages, Tregs, NK cells and specifically
DCs, together with enrichment of antigen-processing and presentation, IL-2–STAT5
and IFN signaling within ERG+/TDO2+ PRAD suggest that these patients may ben-
efit from targeted immunotherapies or T cell therapies. Within this line of rea-
soning, it is interesting to note that human monocyte-derived DCs are natural and
potent producers of L-kynurenine, thereby reducing local tryptophan levels, limit-
ing T-cell proliferation and functions and consequently promoting localized immune
tolerance.50–52
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Stratification of PRAD patients with and without abundant TDO2 expression sug-
gest that TDO2+ PRAD patients suffer from a more stable disease compared to
those lacking TDO2 expression; further investigation into this sub-population might
herald new findings relating to clinical benefit.

With our current study, we have revealed several promising new aspects of PRAD
which should be validated using follow-up experiments. These findings are based on
bulk whole-transcriptome sequencing data which obfuscates the cellular origin(s)
of the observed DEGs and perturbed gene-sets. It would therefore be crucial to
validate these findings using single-cell transcriptome and spatial sequencing or
multiplex immunofluorescence staining to deduce whether these findings are wholly
tumor-intrinsic or are facilitated by external factors within the TME.

In conclusion, our data points to significant differences regarding immune de-
terminants between ERG- PRAD, ERG+ PRAD and ERG+/TDO2+ PRAD. The reve-
lation of a hitherto unidentified subgroup of PRAD with abundant and potentially
immunosuppressive properties, facilitated by TDO2 and the tryptophan to kynure-
nine catabolism, could spark new insights into the lackluster response rates of
immune-therapies within PRAD. This could imply that inhibition of the kynurenine
pathway enhances the effectiveness of ICI-based therapies within patients with
ERG+/TDO2+ PRAD, a suggestion that warrants further research and verification.

Material and Methods

Sample acquisition and sequencing

NGS-ProToCol

For the CTMM NGS-ProToCol study28, 50 localized PRAD and 40 NAP tissues from
treatment-naïve patients within the Erasmus MC were snap-frozen and stored in
liquid nitrogen as previously described by Hendriksen and colleagues.59 The use
of these samples for research purposes was approved by the Erasmus MC Medical
Ethics Committee according to the Medical Research Involving Human Subjects Act
(MEC-2004-261; MEC-2010-176). The RNA extraction and paired-end sequencing
protocol has been described previously by Chen et al.60 and the respective sequenc-
ing data (whole-transcriptome) and clinical information were retrieved from the
European Genome-phenome Archive (EGA)61 under accession EGAS00001002816.
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We performed an additional screening of the in-house clinical records and retained
49 PRAD and 40 NAP tissues after resolving conflicting pathological records. This
cohort has been used as discovery cohort and significant findings were validated in
two additional validation cohorts (EMC-PCa-FFPE and TCGA-PRAD).

EMC-PCa-FFPE

As validation cohort, we have utilized PRAD and matching NAP tissues (n = 57
paired samples) from treatment-naïve patients within the EMC-PCa-FFPE cohort.
Use of samples for research purposes was approved by the Erasmus MC Medical
Ethics Committee (MEC-2004-261). These patient samples represent two groups
with matching of age and histopathological characteristics, but having different out-
comes after radical prostatectomy with long event-free follow-up (n = 38) and poor
outcome, defined as time to metastatic disease ≤ 7.6 years and/or time to death
from prostate cancer ≤ 10 years (n = 19). For this cohort, RNA was extracted
from FFPE radical prostatectomy tissue blocks (the Erasmus MC, the Netherlands)
followed by rRNA-depletion and random-priming for Illumina paired-end sequenc-
ing to an min. depth of 60 million reads per sample (performed by Aros Applied
Biotechnology A/S, Aarhus, Denmark).

TCGA-PRAD

As additional validation cohort, we have used the TCGA-PRAD cohort from which
transcriptome profiling data (GRCh38.p12; HTSeq-counts and HTSeq-FPKM) was
collected (in verbatim) from the Genomic Data Commons (GDC) using TCGAbiolinks
(v2.20.0)62. Only primary PRAD (n = 485) and NAP tissues (n = 51) were retained
and used in all subsequent analysis. In addition, clinical data capturing overall
survival and progression-free survival was in verbatim collected from the Genomic
Data Commons (GDC).

Pre-processing and alignment of NGS-ProToCol and EMC-PCa-FFPE

Raw paired-end sequencing data of the NGS-ProToCol and EMC-PCa-FFPE cohorts
were pre-processed using fastp63 (v0.20.0) to remove leftover sequencing adapters
(TruSeq3) and perform low-quality filtering using the following command and pa-
rameters:
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fastp --detect_adapter_for_pe -L --html --thread 5 --in1 <R1> --in2

<R2> --out1 <R1.gz> --out2 <R2.gz>

The trimmed reads were aligned to the human reference (GRCh38.p13) using
STAR64 (2.7.9a) with genomic annotations from GENCODE release 3865. Per sam-
ple, all lanes were aligned simultaneously and annotated with read groups using
the following command and parameters:

STAR --genomeDir <genome> --readFilesIn <R1.gz> <R2.gz> --

readFilesCommand zcat --outFileNamePrefix <sampleID_> --

outSAMtype BAM SortedByCoordinate --outSAMunmapped Within --

outSAMattributes NH HI AS nM NM MD jM jI MC ch XS --

outSAMstrandField intronMotif --outFilterMultimapNmax 10 --

outFilterMismatchNmax 3 --limitOutSJcollapsed 3000000 --

chimSegmentMin 10 --chimOutType WithinBAM SoftClip --

chimJunctionOverhangMin 10 --chimSegmentReadGapMax 3 --

chimScoreMin 1 --chimScoreDropMax 30 --chimScoreJunctionNonGTAG

0 --chimScoreSeparation 1 --outFilterScoreMinOverLread 0.33 --

outFilterMatchNminOverLread 0.33 --outFilterMatchNmin 35 --

alignSplicedMateMapLminOverLmate 0.33 --alignSplicedMateMapLmin

35 --alignSJstitchMismatchNmax 5 -1 5 5 --twopassMode Basic --

twopass1readsN -1 --runThreadN 10 --limitBAMsortRAM 25000000000

--quantMode TranscriptomeSAM --outSAMattrRGline <read group>

Generation of alignment quality metrics (flagstat) and duplicate reads marking
was performed by Sambamba66 (v0.7.0). FeatureCounts67 (v2.0.2) was used to
generate raw read count tables using annotations from GENCODE release 3865;
only primary (uniquely mapped) reads were counted per exon and summarized per
gene using paired-end modus and with respective strand-specific modus.

RSEM68 (v1.3.2) was used to quantify, with respective strand-specific modus,
RNA expression into transcripts per million (TPM) values for use in downstream
immune-population deconvolution analysis.

For the TCGA-PRAD, HTSeq-FPKM values were converted to TPM values for use
in downstream analysis.
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Detection and heuristic filtering of somatic variantswithinNGS-ProToCol.

As matched NAP data for the NGS-ProToCol dataset was not available, we performed
variant calling on the PRAD and NAP samples separately and employed a panel of
normals (PON) design to filter possible germline variants and artifacts. Following
the suggested best practices and workflow for variant detection for RNA-Seq using
Genome Analysis Toolkit (GATK) (v4.2.2.0)69, we performed the SplitNCigarReads
and base-quality recalibration as suggested for all samples. Subsequently, we per-
formed germline variant calling (exons-only) utilizing Haplotyper for all NAP samples
using only the primary-aligned and non-duplicated reads. In addition, we performed
MuTect270 (v4.2.2.0) on the PRAD samples to detect somatic variants (exons-only)
using only primary-aligned and non-duplicated reads. Possible sequencing artifacts,
as detected by Mutect2, were removed prior to downstream analysis (PASS-only).
Additional annotation was performed by Variant Effect Predictor (VEP) (v104)71

using the default picking scheme.

Using the germline variant calling on the NAP (n = 40), we generated a PON of
potential germline variants by employing the following heuristic filtering to retain
variants; present in ≥5 NAP, a total read depth of ≥10 reads and with ≥3 supporting
reads for the alternate allele. Using the PON, we subsequently filtered the sample-
specific somatic variants within the PRAD samples (n = 49) by only retaining the
somatic variants satisfying the following thresholds; not present within the PON,
a total read depth of ≥10 reads with ≥3 supporting reads for the alternate allele,
an allele frequency ≥0.1 and they should not be harbor a gnomAD (v2.0.1)72 ex-
ome and genome allele frequency of ≥0.0008 (100 out of 125748 exomes) and/or
≥0.006 (100 out of 15708 genomes). In addition, we only retained protein-coding
somatic variants.

Assessment of TMPRSS2-ERG fusion status.

Arriba73 (v2.1.0)-mediated analysis of the aligned Binary Alignment Map (BAM) files
with respective reference genome and annotations (GRCh38.p13 and GENCODE
v38), default blacklist and known fusion-gene lists, enabled assessment of the pres-
ence of known TMPRSS2-ERG fusion-gene transcripts within the NGS-ProToCol and
EMC-PCa-FFPE cohorts. In addition, genomic TMPRSS2-ERG fusions for the NGS-
ProToCol cohort were also known from previous exome-based experiments.59 For
the TCGA-PRAD cohort, the existing annotations for the TMPRSS2-ERG fusion-gene
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was used as denoted on GDC.

Determining expression profiles of samples.

Using the DESeq2-normalized counts with additional VST74 for expression of ERG
and two canonical downstream ERG-regulated genes (PCAT5 and TDRD1), we
employed unsupervised hierarchical clustering (Euclidean distance and Ward.D2
method) and split the discovery and validation cohorts into two groups (k = 2) based
on the earliest branchpoint. Respective to the expression of these ERG-markers, we
then labeled these group as ERG+ and ERG-; NAP samples were denoted as NAP
regardless of clustering. In addition, we performed an identical approach using
only the normalized and VST-transformed expression of TDO2 to denote TDO2+

and TDO2- samples. We then combined both ERG and TDO2 status to denote
ERG+/TDO2+, ERG+/TDO2- and ERG-/TDO2- samples.

Assessment of frequencies of immune cell populations

QuanTIseq32, as implemented in the immunedeconv R package (v2.0.3)75, was
performed with default TIL10 gene-signatures (136 out of 138 TIL10 genes were
matched) using a constrained Least Squares with Equality and Inequality (lsei) with
mRNA scaling and filtering of signature genes which are known to be highly ex-
pressed in tumor samples (NUPR1, CD36, CSTA, HPGD, CFB, ECM1, FCGBP, PLTP,
FXYD6, HOPX, SERPING1, ENPP2, GATM, PDPN, ADAM6, FCRLA, SLC1A3). The
TIL10 gene-signature is capable of identifying B cells, classically-activated (M1)
macrophages, alternatively-activated (M2) macrophages, monocytes, neutrophils,
natural killer (NK) cells, non-regulatory (helper) CD4+ T cells, cytotoxic CD8+ T
cells, regulatory CD4+ T (Treg) cells, myeloid dendritic cells and other uncharacter-
ized cells.32 Samples were subsequently clustered using unsupervised hierarchical
clustering (Euclidean distance and Ward.D2 method) according to the frequencies
of all immune-cell populations after scaling based on the standard deviation.

In addition, we calculated the TIL score as previously detailed by Hammerl et
al. (2020)29. Briefly, we calculated a per-sample average of a list of 119 genes
using their respective gene-wise TPM values.
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Assessment of T cell receptor repertoire

MiXCR33 (v3.0.13) was performed to estimate the T cell receptor repertoires us-
ing default settings and following the best-practices for RNA-Seq using the Fastp-
trimmed reads. Subsequent analysis was performed with the immunarch (v0.6.6)
package in R.76 We quantified the number of clonotypes using the ‘volume’ method,
TCR diversity using the ‘chao1’ method and repertoire skewness using the ‘gini.simp’
methods within the immunarch package.

Assessment of neo-antigens in NGS-ProToCol.

Single nucleotide variations (SNV), insertions and deletions (InDels), as well as
multi-nucleotide variants (MNV) detected in the NGS-ProToCol samples were in silico
incorporated into their respective mRNA transcripts and translated to variant protein
sequences with ProteoDisco (v1.1.3))77 in a sample-specific manner. Briefly, per
overlapping transcript(s), mutations were incorporated into their respective coding
sequence (GRCh38.p13) based on GENCODE (v38) annotations and were subse-
quently in silico translated into their corresponding protein variant sequence(s). All
mutations were incorporated simultaneously per transcript, i.e., multiple mutations
were incorporated within the same mutant protein sequence.

Using the default workflow of arcasHLA78 (v0.2.5), the HLA-A, HLA-B and HLA-C
alleles of each sample was determined from the STAR-aligned BAM files. Briefly,
potential HLA-related reads were retrieved from known HLA loci and supplemented
with all unmapped reads and used to determine the most likely HLA-genotype after
pseudo-alignment with Kallisto (v0.46.1)79. Only HLA-alleles observed with ≥10
reads were taken along.

Per sample, netCTLpan34 (v1.1) was used to determine CTL epitopes (9mers)
of the in silico derived protein variants sequences (from ProteoDisco) using their
sample-respective HLA-A, HLA-B and HLA-C alleles. From the netCTLpan output,
we only retained the CTL epitopes which had a rank <1 for any of the three sample-
specific HLA-alleles. CTL epitopes originating from canonical protein sequences
(wild-type UniProtKB / Swiss-Prot)80 were removed by overlapping the CTL pep-
tides to all wild-type protein sequences and removing any CTL peptides which fully
matched within any canonical protein sequence. In turn, this generated a list of
potential CTL neo-epitopes.
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Differential gene-expression analysis.

Differential gene-analysis of whole-transcriptome data (NGS-ProToCol, TCGA-PRAD
and EMC-PCa-FFPE) was performed with DESeq274 (v1.32.0). To correct for multi-
ple hypothesis testing after DESeq2 analysis, we employed independent hypothesis
weighting (IHW) (v1.20.0)81. Fold-changes (log2) were shrunken using their re-
spective coefficient using adaptive shrinkage estimator (ashr)82. Per cohort, differ-
ential genes were selected based on the following criteria: adjusted p (q) ≤ 0.05;
log2FC ≥ |0.5|; log2FCstandard error ≤ 1 (unless log2FC ≥ |3|); and an average
read count ≥ 25 over all samples with the respective analysis. Only genes found
to be differentially expressed (using the above threshold) within the NGS-ProToCol
cohort and at least one additional validation cohort (TCGA-PRAD, EMC-PCa-FFPE)
were included into the final list of DEGs.

Gene-set enrichment analysis.

Canonical pathways from KEGG83 (C2) and hallmark gene-sets (H) were obtained
from MSigDB (v7.4; accessed on 25-08-2021)84. In addition, immune-related gene-
sets (1,474 genes in 37 distinct gene-sets, which were based on literature and in-
house data) were selected from Hammerl et al. (2020)29 and further annotated with
gene-identifiers and screened for erroneous misclassifications. For all the gene-
sets, we only retained gene-sets with at least 15 genes and fewer than 300 genes
resulting in a total number of 255 gene-sets (KEGG, Hallmark and Hammerl et al.).
GSEA on Wald statistics per cohort (derived from DESeq2) were used as input within
the fgsea package85 (v1.19.2). We only retained Wald statistics from genes with an
average read count ≥ 10 over all samples within the respective analysis. The final
list of significantly enriched gene-sets was selected based on the following criteria:
adjusted p ≤ 0.05 within the NGS-ProToCol cohort; and at least one additional
validation cohort (TCGA-PRAD, EMC-PCa-FFPE).

Overview of the tryptophan and kynurenine metabolism pathway

The tryptophan metabolism pathway relating to kynurenine, was downloaded from
KEGG86 (map00380) using the pathview R package86 (v1.13.1) and the underlying
genes were annotated with their respective log2FC (derived from the aforemen-
tioned DESeq2 analysis) between ERG+/TDO2+ PRAD vs. NAP.
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Data and code availability

All processed data can be obtained from authors upon request. The raw data for the
discovery cohort (NGS-ProToCol) is available from the EGA59 with accession number
EGAS00001002816. Processed data from the EMC-PCa-FFPE cohort can be offered
upon request. Processed transcriptome profiling data (GRCh38.p12; HTSeq-counts
and HTSeq-FPKM) from the TCGA-PRAD cohort was collected from the Genomic
Data Commons (GDC) using TCGAbiolinks (v2.20.0)62.

Statistical analysis

All analysis was performed with the statistical language platform R (v4.1.1)87. Un-
less stated otherwise, pairwise Wilcoxon Rank-Sum tests with additional Benjamini-
Hochberg multiple-testing correction was used to test the statistical significance
of differences between conditions. An adjusted p (q) < 0.05 was used to con-
sidered statistically significant differences. When q-values shown in figures, we
have used the following annotations: q < 0.05 (*); q < 0.01 (**); q < 0.001 (***).
Kaplan-Meijer univariate analysis (log-rank test) was performed using the survminer
R package (v0.4.9).
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”ERG+ PRAD shows enhanced frequencies of innate immune cells and elevated
gene expression of TDO2 when compared to ERG- PRAD”
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Supplementary figure S6.3: Differential expression for members within the tryptophan to
kynurenine catabolism pathway within ERG+/TDO2+ PRAD compared to NAP.
Overview of the tryptophan to kynurenine catabolism pathway (as derived from KEGG; map00380) dis-
playing the log2FC from comparing ERG+/TDO2+ PRAD vs. NAP within the NGS-ProToCol cohort.
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Chapter 7

General discussion and future perspectives

O
ur current understanding of the complex and inter-connective mechanisms
which underlie the intricate nature of genetics, and its malignant perversion

into cancer, has come a long way from the early theories and concepts proposed
by Hippocrates, Gregor Johann Mendel, Hugo de Vries, Thomas Hunt Morgan and
fellow colleagues. With this expanded knowledge, so too has the need for collabora-
tive efforts increased. The design, execution and analysis of the multitude of biolog-
ical experiments and data warranted for current-day high-impact research demands
an interdisciplinary and collaborative approach and mindset. Likewise, the demands
on processing time and the multitude of molecular analysis from Next-Generation
Sequencing (NGS) experiments cannot be performed without open-source software
and community-driven development. To prevent re-inventing the wheel with less-
than-optimal solutions, the possibility to turn to peer-reviewed and contemporary
open-source software allows scores of researchers to address a wide range of bi-
ological questions from NGS experiments. This allows numerous research groups
and institutes to robustly study and catalog the inventories of aberrations between
multiple cellular states, perform extensive molecular classification and more; whilst
ensuring the quality and uniformity of methods and analysis.

The necessity of transparent computational biology and open
science

One of the pillars of scientific reporting is the ability to reproduce and extend upon
published results. As detailed within the introduction of this thesis, the dependency
on robust and reproducible computational methods to process and analyze current
and future biological data-sets is increasing. As such, major journals have imple-
mented renewed policies stating that custom software and biological data needs
to be accessible or deposited upon publication which in turn, also leads to higher
citations and greater impact.1,2

To underscore the importance of this inherent principle of science, all work in
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this thesis has been performed using peer-reviewed open-source software and cru-
cial validations have been made possible due to public data accessible within the
The Cancer Genome Atlas (TCGA) or (portions of the) Pan-Cancer Analysis of Whole
Genomes (PCAWG) consortium and through exchange of data between research-
groups. Similarly, open-source software from the Bioconductor3 or from other
sources (e.g., GitHub) have made the majority of this thesis possible. We there-
fore made conscious efforts to publish SNPitty4 and ProteoDisco5 as open-source
software for use in similar external research and open for other institutes.

To promote open science, several major Dutch and international grant initia-
tives such as the Koningin Wilhelmina Fonds voor de Nederlandse Kankerbestrijd-
ing (KWF) and Horizon Europe 2020 (H2020) have started to request the adoption
of Findability, Accessibility, Interoperability, and Reusability (FAIR) principles6 in
current and future proposals. A similar trend has emerged within major publishing
groups such as Springer Nature by embracing the FAIR principles as requirement
(or advantage) for publication. Whilst a worthy goal to pursue for open science, a
practical (and proper) implementation of the FAIR principles is still lacking in most
research institutes and practical guidelines are still evolving.7,8

The merits of open science will likely outweigh practical concerns and will be
adopted by current researchers as external validation, the need for increased sample-
sizes and secondary analysis (i.e., re-analysis on public data) have become com-
monplace. The CPCT-02, Drug Rediscovery Protocol (DRUP) and WGS Implementa-
tion in the standard Diagnostics for Every cancer patient (WIDE) studies, as main-
tained by the Hartwig Medical Foundation (HMF), are also leading forces of this prin-
ciple by facilitating the (re-)analysis of this unique and large cohort of metastatic
malignancies (>4000 whole-genome sequencing (WGS) samples).9–11 Despite the
immense dependency on open-source software and computational biology in high-
impact research, due credit is not always given as employed methodologies, soft-
ware or concepts are not always properly cited.12 Likewise, the ”antiquated” aca-
demic metrics such as the major focus on primary and last authorship rather than
collective metrics, leads to challenges in correctly rewarding collaborative yet cru-
cial roles within current and future collaborative and interdisciplinary efforts. As
consequence, this leads to diminished academic progression and hinders software
development and long-term maintenance thereof.13

Regardless, current and future enormous batches of sequencing data warrants
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the use of transparent and robust computational methodologies and will secure
computational biology (bioinformatics) as a pillar of high-throughput science in the
foreseeable future.

Themyriad role of sequencing in the research, diagnosis, mon-
itoring and treatment of malignancies

Major investments, technical advances and innovations have dramatically reduced
the cost of routine sequencing and have led to the use of whole-exome sequencing
(WES) or WGS as suitable alternatives to assess a wide range of distinct geno- and
phenotypes from rare and common genetic diseases. This has the crucial advan-
tage of employing only a single standardized technique and workflow, rather than
utilizing multiple standalone molecular screenings to achieve similar results.9,11,14

Within this thesis, we have interrogated the CPCT-02 WGS cohorts of metastatic
castration-resistant prostate cancer (mCRPC)15 and locally advanced or metastatic
(advanced) neuroendocrine neoplasm (aNEN)16 to illustrate that utilizing WGS can
expand our molecular knowledge and provide clinically-relevant information. From
these two cohorts, we have identified distinct treatment-relevant molecular sub-
types, putative personalized treatment targets and captured the entire landscape
of somatic alterations driving these complex malignancies. These large-scale WGS
efforts were also able to detect relevant and recurrent genetic drivers from the total
somatic landscape and were able to reproduce and reconfirm findings from multiple
previous publications and research efforts within a single study-design.

One additional often-underrepresented benefit of utilizing a single standardized
technique for a diverse range of genetic diseases is the ability to retrospectively
quantify or investigate previously unknown genetic features or perform (retrospec-
tive) re-analysis on large numbers of samples, even more so in the case of WGS.
Even as post-processing steps such as sequence alignment and downstream anal-
ysis might differ between institutes and research-groups, uniform re-analysis can
always be performed if the original unaligned reads were retained or were captured
within the Binary Alignment Map (BAM) file.

This raises the question as to whether more effort should be spent in promot-
ing large international and interdisciplinary collaborations with pooled resources.
This could improve the overall sample-sizes and increase population and ancestral
diversity, robustness of analysis and enable supplementary techniques (e.g., tran-
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scriptomic and epigenetic) of matched samples. This would also consolidate expert
knowledge and discussion, and ease research into different avenues by using the
same uniformly-processed and greater data-set. In addition, this would also help
prevent reinventing methodologies, duplicate research efforts and improves overall
accuracy and open science principles. As previously alluded towards, this would
also benefit from a rigorous overhaul of the antiquated system promoting the non-
collaborative nature of academic achievements.

The work presented in this thesis was performed on solid biopsies obtained from
invasive collection methods such as radical prostatectomy or fine-needle biopsy of
metastatic sites. Due to these collection methods, we were likely incapable of cap-
turing the full repertoire of clonal populations from locally(-advanced) or metastatic
disease, as only the major subclones are often detected due to lack of sequenc-
ing depth. As these methods are invasive and complex, only few biopsies can
be captured throughout the disease trajectory and subsequent progression. This
leads to a potential under-representation of the full repertoire of treatment-induced
mechanisms at play such as dynamic resistance mechanisms and clonal evolution.
However, current-day feasibility for the sequencing of liquid biopsies such as circu-
lating tumor DNA (ctDNA) or exosomal content, acquired from minimally-invasive
blood-sampling, has the potential to improve our understanding of these dynamic
mechanisms.17–19 Coupled with the advantages of single-cell sequencing (from solid
biopsies), this will likely spur new research and insights into to the dynamic inter-
play of malignant cells with the tumor microenvironment (TME), clonal trajectories,
cellular trans-differentiation (plasticity) and treatment-induced changes. As this
field of research is still in its infancy, robust clinical and experimental guidelines are
still under debate and will require further evaluations to be implemented in daily
practice but will nevertheless herald a groundbreaking extension in utilizing high-
throughput NGS for the monitoring of disease progression and timely adjustments
to treatment-regiments.

Future perspectives of computational biology in oncology re-
search

With the increasing volumes of NGS-data for primary and metastatic malignancies
from varied sequencing and experimental setups, we now stand for the challenge of
incorporating and simplifying these multitude of observations into generalized and
clinically-beneficial insights. This warrants an inter-disciplinary approach to bridge
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the various and interrelated molecular apparatus promoting and sustaining cancer.
The recent advancements and implementation of ctDNA-based and single-cell se-
quencing approaches provide an unheralded understanding of the clonal evolution
and interplay with the TME, which underlies the initiation and progression of ma-
lignant cellular states. This can also shed light onto the treatment-induced clonal
evolution regarding cellular plasticity such as the treatment-induced neuroendocrine
prostate cancer (t-NEPC) seen ever more often due the use of more potent andro-
gen receptor pathway inhibition agents.20,21 Research into this complex interplay
using single-cell sequencing could elucidate novel treatment-targets or strategies
to counteract or even steer these clonal developments. This could also shed fur-
ther light upon the role of the TME regarding the induction of an adequate immune
responses in otherwise (immunologically) cold tumors such as prostate cancer.22

Utilizing the full potential of WGS also necessitates the investigation of the non-
coding portions of the malignant genome(s); a somewhat undervalued region of
the potentially-exploitable genome due to its more complicated nature of analysis
and functional consequences. This could yet identify further sets of crucial somatic
aberrations which drive the progression and treatment-resistance(s) of cancer and
which are simply not easily detectable using other sequencing approaches such as
WES. These non-coding genetic elements could include perturbations such as the
amplification of enhancers directly driving the expression of critical onco-genes or,
vice-versa, via the suppression of enhancers and subsequent silencing of tumor-
suppressors.15,23–25 However, in vitro validation regarding the proposed functional
consequences of bona fide enhancers is more convoluted than their coding coun-
terparts and require extensive screening experiments.26 Beyond the functional ef-
fects hidden within the non-coding genome, the non-coding regions also harbors
additional information exploitable to reveal the likely cell-of-origin for cancers of
unknown primary (CUP) or used in estimating intratumoral heterogeneity and the
likely moment when certain somatic events were acquired or lost again.9,27,28

The central dogma of molecular biology also alludes to potentially detectable and
exploitable perturbations within the transcriptome or chromatin states of malignan-
cies. Using general NGS experiments or those tailored towards singular queries
(such as circular deoxyribonucleic acid (DNA) or B cell receptor sequencing), there
still exists many opportunities to delve into biological markers or prognostic met-
rics for the detection or monitoring of malignancies. Overall, it can be concluded
that NGS coupled with their recent successful implementations on single-cell and
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ctDNA-level will remain crucial in identifying new avenues of treatment-strategies
and to expand our current hypotheses regarding this dreadful malady.
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Chapter 8

Summary

C
urrent-day technologies laying bare the whole genome, transcriptome and
even epigenome of (metastatic) malignancies had long been out of reach for

generations of earlier researchers whom had to make due with only snippets of
genetic information at a time. In particular, the recent advent of whole-genome
sequencing (WGS) has sparked many insights and novel methods into utilizing
genome-wide information to extensively characterize malignancies based on their
genomic features, perform unbiased detection of disease-driving genes and to de-
rive potential targets or genotypes for personalized treatment.

The use of computational methods and algorithms to process and analyze these
large quantities of data is a non-trivial effort for bioinformaticians, pathologists,
biologists and clinicians alike. The sheer quantity and complexity of current-day
experiments warrants custom yet intuitive software such that researchers are bet-
ter able to interrogate and interpret their results. To aid in this daunting effort,
we have developed two open-source R-based software packages. Chapter 2 de-
tails SNPitty which visualizes Next-Generation Sequencing (NGS)-derived genomic
alterations such as somatic mutations, heterozygous markers coupled with loss of
heterozygosity (LOH) and copy-number alterations relevant to daily molecular di-
agnostics. Chapter 3 describes ProteoDisco, an algorithm capable of accurately
incorporating a myriad of genomic variants into their overlapping coding sequences
to produce their respective protein-variant sequence(s) for use in downstream anal-
ysis such as neo-antigen prediction and extending the search space of novel and
variant proteins in proteogenomic studies.

Within this thesis, we highlight our results on the analysis of our unique and
large cohorts of whole-genome sequenced metastatic castration-resistant prostate
cancer (mCRPC) and locally advanced or metastatic (advanced) neuroendocrine
neoplasm (aNEN), both performed within the CPCT-02 study. Chapter 4 details
the somatic inventory of mCRPC and the use of genomic features such as tumor
mutational burden (TMB) and various classes of mutations and structural variants
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to stratify patients into distinct treatment-related groups based on the large-scale
accumulation of specific somatic alterations due to (minute) changes in underlying
drivers. As WGS also captures the non-coding regions of the genome, we were
able to identify (among others) somatically-acquired amplifications of upstream
enhancers regulating the expression of the master transcription factors MYC and
the androgen-dependent AR, thwarting castration regimens by allowing androgen-
independent malignant progression.

Chapter 5 describes the somatic inventory of the enigmatic neuroendocrine
neoplasms; a malignancy with an generally uncharacteristic stable somatic genome
harboring only few somatic alterations coupled with a prolonged disease trajectory.
Using WGS to capture the largest repository of neuroendocrine carcinomas (NEC)
and neuroendocrine tumors (NET), we could distinguish NEC and NET based on
large-scale genomic features, distinct drivers and overall TMB. Furthermore, ~49%
of aNEN patients revealed potential therapeutic targets based upon actionable (and
responsive) somatic aberrations within their genome; potentially directing improve-
ments in aNEN treatment strategies.

Finally, chapter 6 describes the discovery of a distinct and potentially immune-
privileged form of (primary) prostate adenocarcinoma with characteristic and abun-
dant expression of the transcription factor ERG coupled with the rate-limiting mem-
ber of the immunoregulatory kynurine pathway TDO2 and deregulation of immune-
related mechanisms and a defunct tumor microenvironment (TME). This previously-
undiscovered subgroup within ~25% of all prostate adenocarcinoma could renew
efforts into utilizing immune-based therapies within prostate cancer; a strategy long
thought to be unsuited this malignancy.
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Samenvatting

H
edendaagse technologieën waarbij het gehele genoom, transcriptoom en zelfs
epigenoom van (metastatische) maligniteiten wordt blootgelegd was lange tijd

enkel een droom voor eerdere generaties aan onderzoekers; zij moesten genoegen
nemen met enkel minuscule fragmenten aan genetische informatie. In het bijzon-
der heeft de recente introductie van whole-genome sequencing (WGS) vele nieuwe
inzichten en methodieken gebracht betreffende het benutten van genoom-brede
informatie voor het karakteriseren van maligniteiten op basis van onderliggende
genomische eigenschappen, onbevooroordeelde detectie van ziekmakende genen
en om potentiële doelwitten of genotypes te bepalen voor doelgerichte en geper-
sonaliseerde therapie.

Het gebruik van computer-toegepaste methodieken en algoritmes voor het ver-
werken en analyseren van deze grote hoeveelheden aan data is een niet-triviale
zaak voor zowel bioinformatici, pathologen als clinici. De gigantische hoeveel-
heid en complexiteit van hedendaagse experimenten vragen om maatwerk en in-
tuïtieve software waarbij onderzoekers hun resultaten op de juiste wijze kunnen
verwerken en interpreteren. Om aan deze moeilijke klus mee te helpen hebben
wij twee open-source R-gebaseerde applicaties ontworpen. Hoofdstuk 2 gaat
in op SNPitty, een applicatie voor de visualisatie van Next-Generation Sequenc-
ing (NGS)-ontdekte genomische alteraties zoals somatische mutaties, heterozygote
markers samen met loss of heterozygosity (LOH) en alteraties in het aantal kopieën
van een gen; welke allen relevant zijn voor de dagelijkse moleculaire diagnostiek.
Hoofdstuk 3 beschrijft ProteoDisco, een algoritme waarmee op een correcte wijze
een verscheidenheid aan genomische varianten kan worden geïncorporeerd binnen
overlappende coderende sequenties en waarbij de resulterende proteïne variant(en)
kan worden opgeleverd. Deze proteïne-varianten kunnen vervolgens worden ge-
bruikt in additionele analyses zoals het voorspellen van neo-antigenen en ter verbe-
tering van de inventarisatie van (nieuwe) proteïnen in proteogenomische studies.

Ook beschrijven wij de resultaten van onze unieke en grote cohorten aan whole-
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genome sequenced metastatische castratieresistente prostaatkanker (mCRPC) en
(lokaal-geavanceerde) neuro-endocriene neoplasma (aNEN); beide uitgevoerd bin-
nen de CPCT-02 studie. Hoofdstuk 4 beschrijft de somatische inventarisatie van
mCRPC en het gebruik van onderliggende genomische eigenschappen zoals de to-
tale mutatielast (TMB) en verscheidende categorieën aan mutaties en structurele
varianten om patiënten te stratificeren in therapie-gerelateerde groepen a.d.h.v. de
enorme accumulatie specifieke somatische alteraties wegens (kleine) veranderin-
gen in onderliggende ziekmakende genen. Omdat WGS ook de niet-coderende
regionen van het genoom blootlegt, zijn wij in staat geweest om (o.a.) soma-
tische amplificaties te ontdekken van omliggende elementen (enhancers) van de
regulatoire genen MYC en AR; waarbij castratie-therapie wordt omzeild wegens
castratie-onafhankelijke progressie van de kanker.

Hoofdstuk 5 beschrijft de somatische inventarisatie van de raadselachtige neuro-
endocriene neoplasma; een maligniteit welke vaak gekoppeld gaat met een onge-
bruikelijk stabiel somatisch genoom met hierin weinig somatische alteraties en
een langdurig ziektebeeld. Met WGS hebben wij het grootste cohort van neuro-
endocriene carcinoma (NEC) en neuro-endocriene tumoren (NET) bestudeerd en
waren wij in staat om NEC van NET te onderscheiden a.d.h.v. genomische eigen-
schappen, exclusieve ziekmakende genen en algehele mutatielast. Gebaseerd op
responsieve somatische aberraties binnen het tumor-genoom kon voor ~49% van
alle aNEN-patiënten een potentieel therapeutisch doelwit worden gevonden; met
mogelijke verbeteringen in therapiekeuzen voor aNEN als gevolge.

Tenslotte wordt in hoofdstuk 6 de ontdekking beschreven van een unieke en
potentieel immuun-geprivilegieerde vorm van (primaire) prostaatadenocarcinoom
met karakteristieke en enorme expressie van de transcriptiefactor ERG gekoppeld
met TDO2, het snelheid-limiterende lid van de immuun-regulatoire kynurine path-
way samen met deregulatie van immuun-gerelateerde mechanismes en een versto-
orde tumor microenvironment (TME). Deze voorheen verborgen subgroep binnen
~25% van alle (primaire) prostaatadenocarcinoma kan ons hernieuwde hoop oplev-
eren voor immuun-gebaseerde therapieën binnen prostaatkanker; een invalshoek
welke lang werd gedacht dat dit niet effectief was voor deze maligniteit.
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PhD Portfolio

Year Attended Course ECTS

2020 MolMed - Workshop presenting skills for PhD
students and Post Docs

1.0

2019 MolMed - Basic and Translational Oncology 1.8
2019 Erasmus MC - Research Integrity 0.3
2017 EMBL-EBI - Translational Bioinformatics 1.0
2016 MolMed - Molecular Diagnostics XII 1.0
2015 MolMed - The CLC Workbench / Ingenuity

Variant Analysis Workshop
0.5

Year Lectured Courses

2016 - 2021 MolMed - Basic course on R
2016 - 2020 MolMed - Expression Course

Year Supervised students Degree

2021 D. Hazelaar (Vrije Universiteit Amsterdam) MSc. Thesis
2021 Y. Ping (Vrije Universiteit Amsterdam) MSc. Thesis
2020 C. Berns (Technische Universiteit Delft) BSc. Thesis
2019 L. Perdaems (AVANS Breda) BSc. Thesis
2018 N. van der Horst (AVANS Breda) BSc. Thesis
2016 N. Stoker (Rijksuniverseit Groningen) BSc. Thesis
2016 W. van de Geer (Hogeschool Leiden) BSc. Thesis
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Year Scientific Presentations / Poster Type

2018 - 2022 Dept. of Medical Oncology Presentation(s)
2015 - 2022 Annual MolMed Day Poster(s)
2015 - 2022 Josephine Nefkens Institute Presentation(s)
2015 - 2019 Dept. of Urology Presentation(s)
2021 MORM Presentation
2020 AACR 2020 Presentation
2019 The Erasmus MC Cancer Institute Day Presentation
2019 Tour d’Europe / SANOFI Presentation
2017 EMBL-EBI Poster
2016 BioSB 2016 Poster

Year Conferences, Meetings and Workshops Type

2017 - 2022 Monthly JC - CCBC Journal Club
2015 - 2019 Monthly JC - Dept. of Urology Journal Club
2015 - 2022 Bridge Meeting Meeting
2015 - 2022 JNI Scientific Meeting Meeting
2015 - 2022 Annual MolMed Day & Symposium Conference
2021 AVL-NKI | WGS Symposium
2016 - 2019 Dutch Techcentre for Life Sciences (DLTS) Workshop(s)
2020 AACR 2020 Conference
2016 BioSB 2016 Conference
2015 VIB - Revolutionizing Next-Generation Se-

quencing: Tools and Technologies
Conference
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Propositions

The Era of Next-Generation Sequencing in
Clinical Oncology

Job van Riet

1. Open-source software easing the processing, standardization and interpretation of
large quantities of biological data are crucial in daily practice and research.
This Thesis

2. Next-generation sequencing may enable the detailed and extensive discovery of ge-
netic factors driving a multitude of malignancies.
This Thesis

3. Whole-genome sequencing allows clinically-relevant stratification of malignancies based
on large-scale genomic features.
This Thesis

4. Uncovering the genome of malignancies could lead to the discovery of supplemental
or novel treatment-targets for personalized medicine.
This Thesis

5. Secondary and retrospective analysis of publicly-available next-generation sequenced
cohorts allows for complimentary yet original research aims.
This Thesis

6. We are more efficient in discovering erroneous biological mechanisms than their well-
meaning counterparts.

7. In the last decade, we have witnessed tremendous growth in sequencing capability,
accompanied by growing sophistication in computational tools. As DNA sequencing is
now a commodity, the amount of data generated by the cancer research community
will continue to increase.
I. Cortés-Ciriano et al., ”Computational analysis of cancer genome sequencing data.”,
Nature Reviews Genetics, 1-17 (2021)

8. We must learn to embrace uncertainty.
V. Amrhein, S. Greenland & B. McShane, ”Scientists rise up against statistical signifi-
cance”, Nature 567, 305-307 (2019)



9. We continue to foresee cancer research as an increasingly logical science, in which
myriad phenotypic complexities are manifestations of a small set of underlying orga-
nizing principles.
D. Hanahan & R.A. Weinberg, ”Hallmarks of Cancer: The Next Generation.”, Cell 144,
646-674 (2011)

10. Health is a core human concern, even if it is not consciously considered, or is valued
only for instrumental reasons.
A.D. Napier et al., ”Culture and health.” The Lancet 384.9954, 1607-1639 (2014)

11. If you try and take a cat apart to see how it works, the first thing you have on your
hands is a non-working cat.
Douglas Adams
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