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DIAGNOSIS AND TREATMENT

1

Retinoblastoma (Figure 1) is a rare cancer that arises in the retina during
early childhood. Although the disease is relatively rare, accounting for 2% of
childhood cancers1, retinoblastoma is the most common primary intra-ocular
malignancy in children2. Normally, when light hits the retina, a red reflex is
observed because the choroid (Figure 1) is rich of blood vessels. If there is a
tumor, an abnormal white light reflection can occur called leukocoria, which
is the most common sign of retinoblastoma3. Other signs for retinoblastoma
are strabismus, glaucoma and inflammation. Definitive clinical diagnosis of
retinoblastoma is performed by fundoscopy by an opthalmologist. In addition,
magnetic resonance imaging is performed for disease staging and to assess
trilateral retinoblastoma. Tumor biopsies are avoided because of the risk
for iatrogenic metastasis. For enucleated eyes, pathological examination is
performed to assess high risk features for metastasis, such as invasion of
the choroid or optic nerve and tumor spread across the resection point.

Figure 1: Pathophysiology of retinoblastoma. HE-stained cross-section of a primary enucleated
retinoblastoma, staged as a group E eye (advanced retinoblastoma), from a non-familial heritable patient
is shown. The layered structure of the non-cancerous retina is visualized by a 20x augmentation. In
addition, 20x magnification of the presumed tumor base shows the presence of numerous rosettes,
which is typical for the differentiated retinoblastoma histology.

In the developed world, prognosis of retinoblastoma is good with a 10-year
overall survival exceeding 95%4. Good survival rates are achieved since
most retinoblastomas are confined to the eye at initial diagnosis. Main causes
10

of mortality are trilateral retinoblastoma and secondary primary tumors5,6
in patients with heritable retinoblastoma. In particular, external radiation
beam therapy increases the risk for secondary malignancies in heritable
patients7 and is therefore currently avoided as first-line therapy. Treatment
is aimed at salvage of (1) life, (2) the eye and (3) vision in this order8.
Primary eye preserving treatments include combinations of chemotherapy,
either systemic by intravenous injection or local through selective intraarterial chemotherapy (SIAC) or intra-vitreal chemotherapy (IVitC), external
irradiation, brachytherapy, cryotherapy and/or laser therapy9. SIAC is the
most recent primary treatment of retinoblastoma10–13. If preservation of the
eye or vision is however deemed unsuccessful or if the risk of metastatic
spread is high, enucleation is inevitable as primary treatment. The choice
for primary enucleation or any of the eye-preserving primary treatments
depends largely on the clinical staging of the affected eye and the opposite
eye. Features indicative for advanced staged retinoblastoma include large
tumor volume, short distance to the fovea or optic nerve, presence of
subretinal fluid or seeds and presence of vitreous seeds14–16. Vitreous seeds
are the most important limiting factor for eye-preserving therapies17 since
the seeds grow in a hypoxic environment and are therefore adapted to high
levels of cellular stress18. In the last few years, IvitC has regained worldwide attention. Although this treatment appears highly effective in controlling
of vitreous seeds10,17,19, the short and long-term safety and efficacy of this
procedure remains to be accurately determined.
Most importantly, as chemotherapy is used more frequently due
to advancements in administration routes20, the discussion about the
appropriate active ingredient becomes more and more relevant. Detailed
understanding of the molecular mechanisms that underlie retinoblastoma
will aid the development of efficacious and safe therapies and could help to
predict treatment outcome of currently used regimens.
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INITIATING GENETIC LESIONS OF
RETINOBLASTOMA: RB1 OR MYCN

1

Retinoblastoma development can be initiated by inactivation of both
alleles of RB1, the first identified tumor suppressor gene21. Patients that
carry a heterozygous inactivating RB1 variant in the germ line (40% of
patients) have the heritable form and are often bilateral patients (two eyes
with retinoblastoma). Five per cent of heritable patients develop trilateral
retinoblastoma, a poor-prognosis condition characterized by an intracranial
tumor in the pineal or suprasellar region22. Due to early detection and
improved chemotherapy regiments, prognosis of trilateral retinoblastoma
has been improved in the last decades23. Patients that have inherited
the RB1 germ line variant from one of their parents (25% of heritable
patients) have familial heritable disease. Inheritance of an RB1 mutant
allele almost inevitably causes retinoblastoma, leaving only 1-10% of the
carriers unaffected24. Incomplete penetrance is explained by inheritance
of mutated alleles that have residual RB1 activity, for example splice site
variants, promotor hypermethylation, or variants in semi-essential regions
of RB125. The majority of heritable patients (75% of heritable patients) have
no affected parents and are therefore called non-familial heritable patients.
These patients can have acquired an RB1 variant that arose de novo in germ
cells of one of the parents or a post-zygotic de novo RB1 variant resulting
in somatic mosaicism26. Non-familial heritable patients could also have
inherited an RB1 variant allele from an unaffected parent who was mosaic
for RB1 and transmitted the variant allele through a mutated germ cell27–29.
Depending on the embryonic age at which de novo mutation of RB1
occurred, the percentages of variant alleles, referred to as the variant/mutant/B
allele frequency (VAF/MAF/BAF) can vary. Increasing developmental ages
at which RB1 mutation occurs, correlate with decreasing VAFs and thereby
decreasing penetrance27. As the limit of RB1 variant detection by Sanger
sequencing is about 15-20%, RB1 variants with VAFs below this threshold
give false negatives. As a result of missed RB1 variants, siblings or offspring
of patients with unilateral retinoblastoma without detectable RB1 variants
in the germ line still have a 2-3% risk for retinoblastoma30. Opposite to RB1
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germ line variants, the tumor DNA variants are not mosaic. Therefore, in case
the affected eye is enucleated and a tumor DNA sample is available, RB1
variant detection in the tumor sample can aid detection of low-level germ line
variants in family members. The limit of detection for low-level mosaic RB1
germ line variants can also be reduced by the use of targeted next-generation
sequencing (NGS)31. Using this more sensitive technique, in combination
with variant detection in tumor DNA, the risk for retinoblastoma in offspring
or siblings of patients without detected RB1 variants approximates 0%32.
For a minority of non-familial unilateral tumors (29/1068, 2.7%)33 no RB1
variants can be identified in the tumor DNA. For 15/29 tumors for which
no RB1 variant could be found, high-level copy number amplifications of
the MYCN oncogene were found33, establishing MYCN amplification as an
alternative initiator of retinoblastoma development. Possibly, in the remaining
14/29 tumors, chromothrypsis of chromosome 13 occurred, disrupting
the RB1 gene. This event was identified as a novel mechanism for RB1
inactivation that can be identified by whole genome NGS34. In all, for virtually
each retinoblastoma, the initiating genetic lesion can be identified which is
either RB1 inactivation or MYCN amplification.

1

SECONDARY GENETIC ALTERATIONS IN
RETINOBLASTOMA
Cancer development is a multi-step process that is driven by cumulative
genetic or epigenetic alterations35,36. Typically, tumor-driving mutations are
found in two to eight distinct genes per tumor, targeting several essential
molecular pathways37. An example of the cumulative mutation model is
colorectal cancer, where sequential inactivation of APC, activation of RAS
genes, loss of chromosome 18q and inactivation of TP53 drive the transition
to cancerous tissue38. Also for retinoblastoma it was suggested that while
RB1 inactivation initiates neoplastic transformation, additional genetic
lesions are required for cancer development8,39,40 (Figure 2). As a result,
numerous studies were performed aimed to determine genetic alterations
beyond RB1 inactivation41–48. These studies showed that copy number

13
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Figure 2: A model for retinoblastoma oncogenesis. While bi-allelic inactivation of RB1 can initiate
benign lesions that can be controlled by cellular senescence, additional genetic alterations might
be required for malignant transformation. Through further additional alterations, clonal evolution of
retinoblastoma can occur. This thesis describes the genetic alterations beyond RB1 inactivation that
might be responsible for retinoblastoma progression.
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alterations in retinoblastoma concentrated on particular chromosomal arms.
Gain of 1q, 2p and 6p and loss of 16q was frequently observed and was
therefore called non-random genomic disruption. It was hypothesized that
ew genes at these frequently altered chromosomes drive tumor progression,
while most genes pass along with the copy number altered region and do

1

Box 1: Total genomic disruption and genome instability
The term genomic instability refers to a high sensitivity to acquire genetic
alterations of any form and is characteristic for cancer cells54. Most cancers
have a form that is called chromosomal instability, where the number of
copies of (sub-) chromosomal regions have become deviant from the
parental non-cancer cells55. The word instability implicitly indicates change
from one state to another, which requires at least two samples to be
determined. Yet almost all studies that report about genomic instability or
chromosomal instability are cross-sectional, not longitudinal, and have only
sampled at one moment in time. Thus, the number of genomic alterations
is often used as a derivative of genomic instability. However, many factors
other than the intrinsic genomic instability contribute to the detected
number of genomic alterations including cellular age56 (e.g. number of
cell divisions), environmental conditions57 or confounding factors such as
tumor cellularity58. Genomic instability should be expressed as the number
of genetic lesions that is acquired per cell division or unit of time accounted
for confounding factors. Otherwise, the stability should not be inferred from
the number of genomic alterations and should be called something similar
to “total genomic disruption”.

not confer a growth advantage. Determination of the genomic intersection
of frequently altered regions, commonly referred to as the minimal region of
gain or loss, gave useful insights considering the tumor-driving genes. The
MYCN oncogene was readily identified as the unique gene in the minimal
region of gain at 2p41,42. Since focal alterations at 1q, 6p and 16q are rare46,
driver gene identification at these regions has been more difficult. The few
focal alterations that were described for 1q, 6p and 16q did not all overlap
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and therefore, no clear consensus on the single driver gene for these
regions has been defined. Nevertheless, putative driver genes have been
suggested (see discussion paragraph of chapter 3) and were followed up by
functional validation in cell lines or animal models with variable success49,50.
A reconciliation of candidate driver genes based on the published data
would allow for a powerful dissemination of passenger and driver genes of
frequently altered copy number regions.
Next to driver gene identification, studies on copy number alterations
revealed that the total genomic disruption (see Box 1), was highly variable
between retinoblastomas42,43,46–48,51. Initially this variability was reported to
be bimodal, indicative for two subtypes48, while a more recent study showed
intermediate genotypes as well46. To add to the confusion, it was claimed that
retinoblastoma genomes are remarkably stable52. This was mainly based
on the observation that the genome of one xenograft tumor was relatively
similar to that of the matching primary tumor. This primary tumor had focal
high-level MYCN amplification, which might be an ideal genomic makeup for
retinoblastoma cells and therefore indeed stable. To further validate the claim
that retinoblastoma genomes are remarkably stable, Zhang et al.52 confused
total genomic disruption with genomic instability. Zhang et al. showed that
the number of copy number alterations in 45 primary retinoblastomas was
significantly lower relative to serous ovarian cancer samples, the cancer
type with the most genomic alterations available in The Cancer Genome
Atlas53. Nevertheless, also in the study by Zhang et al.52, the most frequently
and almost exclusively altered chromosomes were 1q, 2p, 6p and 16q
confirming previous studies. Therefore, the significance of these alterations
for retinoblastoma must be carefully studied. Furthermore, the correlation
of clinical and histopathological features with the occurrence of genomic
alterations might be essential for our understanding of retinoblastoma
oncogenesis.

ETIOLOGY OF RETINOBLASTOMA
Retinoblastoma is exclusively found in children, with more than 95% of
the patients being diagnosed before the age of five5. The exclusivity of
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retinoblastoma to early childhood is possibly related to the developmental
growth curve of the human eye. The human eye rapidly develops during
embryogenesis and early childhood. Already two years after conception,
the eye globe reaches its final adulthood dimensions59. During this period
of explosive growth, early multipotent retinal progenitor cells increase in
numbers60. During development, retinal progenitor cells take gradually more
time to multiply61 and slowly start to spin off post-mitotic cells62, called retinal
transition cells. When these retinal transition cells further differentiate, the
layered structure of the retina develops consisting of seven major cell types63.
In multiple species it was shown that retinal differentiation starts centrally and
follows a gradient towards the periphery64–66. Interestingly, the topography
of retinoblastoma tumors follows the same central-to-peripheral trajectory,
where increased tumor location distance from the macula correlates with
increased age at diagnosis67,68. This suggests that terminally differentiated
retinal cells cannot transform to retinoblastoma cells, and retinal progenitor
or transition cells could be the cells of retinoblastoma origin. Controversies
exist surrounding the etiology of retinoblastoma. Studies in favour of
retinal progenitor cells being the retinoblastomas cell of origin showed
that RB1 inactivation in this cell type caused deregulated proliferation62,69.
Also, expression of retinal marker genes was found to be variable within
retinoblastomas, furthermore implicating retinal progenitor cells which are
known to be heterogenous70. Co-expression of markers for different retinal
cell types within single retinoblastoma cells further indicated a progenitor
cell71. However, the histology of retinoblastoma is often characterized
by Flexner-Wintersteiner rosettes, indicative for cone photoreceptor
differentiation. Retinal transition cells committed to a cone photoreceptor fate
are therefore other plausible suspects. Another gene expression profiling
study suggested that two distinct subtypes of retinoblastoma exist72. One
subtype expressed a range of different retinal types, suggesting a progenitor
cell of origin. The other subtype was characterized by expression of genes
significantly enriched for cone photoreceptor functioning. More recently it
was shown that in isolated well-characterized populations of dissociated
fetal retina, post-mitotic cone precursors were uniquely sensitive to RB1
inactivation73, challenging the two-subtype model.

1
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To conclude, currently there is not only discussion concerning the
retinoblastoma cell of origin, it is also unclear if multiple cells of origin, and
thereby multiple retinoblastoma subtypes, exist. A comprehensive genomewide cross sectional molecular analysis of primary tissue could help better
understand the etiology of retinoblastoma.

MODELLING HUMAN RETINOBLASTOMA
The number of controlled clinical trials addressing retinoblastoma treatment
has been limited because the disease is pediatric, rare, and patients often
present with complex disease8. To determine the most optimal therapeutic
interventions, preclinical models are therefore critically important. Also,
retinoblastoma models enable studying the molecular biology underlying
oncogenesis under controlled experimental conditions. In the last decades,
several in vitro and in vivo models have been developed. While in vitro
models better allow for controlling experimental conditions, in vivo models
more accurately recapitulate the clinical conditions of human retinoblastoma,
including tumor micro- and macro environment. First, transgenic models
were made using the SV40 virus74. The large T-antigen encoded by SV40
inhibits pRb and p53 and can thereby drive quiescent cells to re-enter
S-phase and escape apoptosis75. Another transgenic model was generated
using p53-/- mice expressing HPV-16 E7 under the control of the IRBPpromoter (IRBP-E7-p53-/- mice)76. Since the transgenic models depended
on p53 inactivation, which is uncommon for human retinoblastoma, and the
oncoviruses large T-antigen and E7 could possibly target additional molecular
pathways, it was unclear whether transgenic models accurately resemble
human disease. Therefore, gene knockout mouse models were evaluated.
Rb-/- mice, however, suffered from lethal placental malformations77–80.
Instead of germ line Rb knockout, Rb-/- embryonic stem cells were inserted
into early wild type blastocyst, giving rise to so-called chimeric animals81.
However, these animals did not develop retinoblastoma despite contribution
of Rb-/- embryonic stem cells to the developing retina. It turned out that
murine retinoblastoma development depended on the additional knockout of
either p10782 or p13083. In particular, Rb-/-p130-/- mice appeared to be prone
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to retinoblastoma development, giving rise to multiple early or advanced
neoplasms of the retina in all seven surviving animals that had good
chimerism83. However, an important downside of the chimeric knockout
model is that contribution of the mutant stem cells to the developing animal
can be poor and therefore tumor development is not guaranteed. Conditional
knockout models using the Cre-Lox technology were therefore developed84,85.
Using this technique, genes can be inactivated at a defined developmental
moment in the retina. Also, conditional knockout mice are breedable
allowing for higher throughput. Similar to the chimeric knockout model, in
the conditional knockout model, additional inactivation of either p107 or
p130 was required for tumor development. In a large-scale characterization
of murine retinoblastoma in conditional Rb-/-p107-/- and Rb-/-p130-/- mice, it
became clear that tumor development was much faster and more penetrant
in the Rb-/-p130-/- model compared to the Rb-/-p107-/- model86. Importantly,
genomic analysis of tumors from conditional Rb-/-p107-/- mice indicated that
additional alterations occurred, including loss of the p53-pathway through
Cdkn2a loss or Mdm2 amplification87. In agreement, knockout of p5385 or
Pten88 in Rb-/-p107-/- mice gave rise to rapidly developing fully penetrant
bilateral retinoblastoma. Furthermore, other additional alterations were
found in Rb-/-p107-/- mice, including amplification of Mycn86, Mir17-92 and
Mir15389. The genomic landscape of Rb-/-p130-/- tumors in either chimeric or
conditional mice remains to be determined and could help understanding
the molecular path to malignancy and relate the currently available mouse
models to human retinoblastoma.

1

THE GENOMICS REVOLUTION
In the last two decades, the research in genetics has witnessed a revolution
from single-gene oriented profiling to high throughput parallel quantification
of genetic features90. Due to several technological advancements, genetic
analyses could be performed at unprecedented speed and scale. To
demonstrate the timing of the genomics revolution, the number of Pubmed
records for several genomics-related keywords is given (Figure 3). In
particular the 3 billion dollar human genome project (HGP)91 fuelled the
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technological improvements that were made to sequence pieces of DNA.
Mostly, the HGP used bacterial artificial chromosomes (BAC) clones that
contained 150-200 Kb DNA fragments. These were further processed to
2000 base pair sub-clones and submitted to 500-800 base pair Sanger
sequencing. Considering the human genome contains about 3 billion base
pairs, it took at least (3,000,000,000 / 150,000) 20 thousand BAC clones,
(3,000,000,000 / 2,000) 1.5 million sub-clones and at least 6 million Sanger
sequencing experiments to be performed serially. After 15 years, in April
2003, 99% of the human euchromatin was sequenced and the HGP was
therefore called completed92. With the advent of Next-Generation Sequencing
in 2006, billions of DNA fragments could be sequenced in parallel within
weeks. Spectacularly, nowadays the 15-year lasting HGP can be repeated
by a single run using Illumina’s most recent (v4) HiSeq, which can sequence
up to 4 billion DNA fragments in less than 10 days. Nevertheless, the results
of the HGP were amazing for that time and its deliverables have been crucial
in many ways, for fundamental, translational and clinical perspectives. The
NIH fact sheet reports that since the human genome project was finished,
1800 disease genes were identified, 2000 genetic tests for human conditions
have been developed and 350 biotechnology-based products resulting from
the HGP are currently in clinical trials93.

1

Figure 3: Publication trends related to the genomics revolution. The number of MEDLINE (the
publication database behind pubmed) entries as a percentage of the total number of entries is given
per year for different keywords. Just after the start of the human genome project, PCR started to gain
its immense popularity and is currently reaching a plateau phase. A few years after the human genome
project was finished, coined “the start of the beginning” by Francis Collins, next-generation sequencing
took off and the term “sequencing” regained popularity.

After the human genome sequence was determined, a new ambitious
initiative was defined under the name of The Cancer Genome Atlas (TCGA)94.
The TCGA aims to identify all genetic abnormalities in 50 major cancer
types. The promise is that detailed knowledge of the pathways disturbed
in cancer cells can help design precision medicine that targets the weak
spot of cancer cells while non-cancer cells remain unaffected. Furthermore,
genomic profiles of cancer samples could help predict treatment outcome
and thereby therapy intensity can be adjusted. The difficulty with cancer
genomes is that whereas the human genome varies little from person to
person, cancer genomes differ between cancer types95, between tumors
within cancer types96–98, between clones within tumors99–101 and most
importantly, can change over time during progression102–105. Therefore,
defining a static view of the cancer genome seems impossible and irrelevant.
The challenge is to get a deep understanding of the genetic trajectory that
tumor cells take in order to carefully design therapeutic interventions. Unlike
many other cancers, the genome-wide characterization of retinoblastoma
(epi-)genomes and transcriptomes is however very limited. As molecular
interventions of retinoblastoma through intravenous, intra-arterial and
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intravitreous routes are used more and more frequently, markers for therapy
response and leads for tailored therapy will become even more important.

1

22

AIM AND OUTLINE OF THIS THESIS
Retinoblastoma is an example of successful cancer treatment with overall
survival exceeding 95% in developed countries4. However, the trade-off for
the good overall survival is often loss of vision through enucleation of the
affected eye(s). Although recent advancements have been made using SIAC
and IVitC, enucleation of eyes with more advanced disease cannot always
be prevented11,12,106–109. The ultimate aim of this thesis is to gain a deeper
understanding of the molecular genetics of retinoblastoma in order to aid the
development of precision medicines that provide eye-preserving treatment
of retinoblastoma. More specifically, we asked if and how retinoblastomas
can be stratified on a molecular basis, what drives tumor progression and
how different mouse models compare to human retinoblastomas. Therefore,
we have collected samples from primary enucleated retinoblastoma eyes,
from both human and mice, and determined the genomic and transcriptomic
landscapes. These genetic features were correlated with clinical, radiological
and histopathological features in order to better understand the dynamics of
retinoblastoma’s molecular oncogenesis.
Chapter 2 describes how gene expression profiles of 76
retinoblastomas were studied in order to determine the extent and nature
of the between-tumor variability. In addition, gene expression profiles
were correlated with somatic copy number alterations and clinical and
histopathological variables.
For virtually each tumor DNA sample, the initiating driver mutation
can be identified allowing for accurate genetic counselling and screening of
siblings and offspring. Therefore, further research on initiating events is not
required. On the contrary, secondary alterations in retinoblastoma remain
a subject of debate. In chapter 3, we describe a meta-analysis of studies
that determined secondary alterations. In addition, the meta-analysis was
complemented with high-resolution data of 45 retinoblastoma samples
from patients at our own hospital. By integration with gene expression

data, a refined set of candidate genes putatively driving tumor progression
is described. To further understand the genomic evolutionary path that
retinoblastomas undertake towards malignancy, chapter 4 describes
the results of whole-exome sequencing of 71 retinoblastomas. At last,
chapter 5 investigates somatic copy number alterations in a retinoblastoma
mouse model and compares the results with a different mouse model and
human retinoblastomas. By determining the genomic landscape of murine
retinoblastoma, it was aimed to better understand human oncogenesis but
also to determine the resemblance of mouse models to human tumors. At
last, in chapter 6, the results of chapters 2-5 is discussed in light of current
literature and directions for future research are provided building on the
provided insights.
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Retinoblastoma is a pediatric eye cancer associated with RB1 loss or
MYCN amplification (RB1+/+MYCNA). There are controversies concerning
the existence of molecular subtypes within RB1-/- retinoblastoma. To test
whether these molecular subtypes exist, we performed molecular profiling.
Genome-wide mRNA expression profiling was performed on 76
primary human retinoblastomas. Expression profiling was complemented by
genome-wide DNA profiling and clinical, histopathological, and ex vivo drug
sensitivity data.
RNA and DNA profiling identified major variability between
retinoblastomas. While gene expression differences between RB1+/+MYCNA
and RB1-/- tumors seemed more dichotomous, differences within the RB1/tumors were gradual. Tumors with high expression of a photoreceptor
gene signature were highly differentiated, smaller in volume and diagnosed
at younger age compared to tumors with low photoreceptor signature
expression. Tumors with lower photoreceptor expression showed increased
expression of genes involved in M-phase and mRNA and ribosome synthesis
and increased frequencies of somatic copy number alterations.
Molecular, clinical and histopathological differences between RB1-/tumors are best explained by tumor progression, reflected by a gradual loss
of differentiation and photoreceptor expression signature. Since copy number
alterations were more frequent in tumors with less photoreceptorness,
genomic alterations might be drivers of tumor progression.

INTRODUCTION
Retinoblastoma is a childhood cancer of the retina, usually caused by biallelic inactivation of the RB1 tumor suppressor gene. In 40% of the cases,
patients have a hereditary predisposition due to the presence of a germ
line mutation in RB1. Only one somatic inactivation of RB1 is required
in hereditary patients to develop retinoblastoma and therefore they are
often affected bilateral. While the non-hereditary form of retinoblastoma is
usually caused by somatic inactivation of both RB1 alleles, a subtype of
retinoblastoma was recently described without mutations in RB1 but displays
high level amplification of the oncogene MYCN1. Besides the initiating hit
(RB1 mutation or MYCN amplification), additional DNA mutations are likely
required for retinoblastoma to develop2. Common chromosomal alterations
observed in retinoblastomas are gains of chromosomal regions 1q, 2p and 6p,
and losses at chromosome 16q3. We and others have previously described
differences in the level of chromosomal instability between retinoblastomas,
depending on age of the patient, heritability and laterality4–9.
In addition to copy number analyses, several gene expression
studies on retinoblastoma have been published10–13. It has been suggested
that retinoblastomas have similar expression profiles and express genes
involved in multiple differentiation programs 13. However, in another recent
study12, two different subtypes of retinoblastoma were identified based on
gene expression profiling. One group expressed genes associated with a
range of different retinal cell types, suggesting a progenitor cell of origin,
while the second group showed high expression of cone photoreceptor
associated genes, suggesting derivation from a cone photoreceptor cell
precursor. So, while it is well-established that there are 2 genomic subtypes
(RB1-/- and RB1+/+MYCNA) there is controversy surrounding gene expression
subtypes, in particular within the RB1-/- tumor subtype.
To address this issue, we have performed transcriptome-wide
expression profiling of a large, diverse and randomly selected set of
retinoblastomas. Subsequently, expression profiles were associated with
copy number profiles, clinical characteristics and ex vivo drug sensitivity
data.
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MATERIAL AND METHODS

2

Patient Samples
Retinoblastoma samples from a consecutive patient series were collected
after primary enucleation (without receiving previous treatment) at the
VU University Medical Center (Amsterdam, The Netherlands), which is
the national retinoblastoma referral center in the Netherlands. Incisions
were made in the enucleated eyes and tumor samples were taken and
immediately snap frozen in liquid nitrogen and stored at -80 °C. In some
cases, an additional tumor sample was used for culturing, as described
previously14. Histopathology was determined at initial pathological diagnosis
by a retinoblastoma-experienced pathologist and independently by an
ophthalmologist and pediatric oncologist. Tumor location was determined on
funduscopy results and/or fundus photos by an ophthalmologist. The disease
was staged according to the two most common classification systems for
retinoblastoma, the Reese-Ellsworth Classification15 and the International
Intra-ocular Retinoblastoma Classification (ABC-classification)16. This
prospective study was conducted in accordance with recommendations of
the local ethics committee, with waiver of informed consent (IRB00002991
reference 2014.360).
DNA Extraction and copy number profiling
Genomic DNA from frozen tumor retinoblastoma specimens was isolated
with the NucleoSpin Tissue kit (Macherey-Nagel, Düren, Germany). DNA
quality was analyzed for high molecular bands > 20kb by agarose gel
electrophoresis. DNA concentration and OD 260/280 ratio were determined
with the Nanodrop ND-1000 spectrophotometer (NanoDrop Technologies,
Wilmington, USA). DNA yields and quality were within the same range
for all samples. Microarray-based DNA genotyping experiments were
performed at ServiceXS (ServiceXS B.V., Leiden, The Netherlands) using
the HumanOmni1-Quad BeadChip (Illumina Inc., San Diego, U.S.A), as
described previously6.
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RNA extraction and expression profiling
Frozen tumor samples were homogenized in Trizol Reagent (Invitrogen,
Carlsbad, California, U.S.A.) with a rotor-stator homogenizer, and RNA was
extracted following the manufacturer’s instructions. Trizol extracted RNA
was treated with rDNase (Macherey-Nagel, Düren, Germany) to digest any
contaminating DNA and subsequently purified with the NucleoSpin RNA
Clean-up XS kit (Macherey-Nagel). Four samples (RBT-29,33,36) were
extracted with the AllPrep RNA/DNA/Protein Mini Kit (Qiagen, Venlo, The
Netherlands), following the manufacturer’s instructions. Quality control, RNA
labeling, hybridization and data extraction were performed at ServiceXS
B.V. RNA concentration was measured using the Nanodrop ND-1000
spectrophotometer (Nanodrop Technologies). The RNA quality and integrity
were determined using Lab-on-chip analysis on the Agilent 2100 Bioanalyzer
(Agilent Technologies, Inc., Santa Clara, CA, U.S.A.) and on the Shimadzu
MultiNA RNA analysis chips (Shimadzu Corporation, Kyoto, Japan). Only
RNA samples that passed the quality criteria of an OD 260/280 ratio ≥ 1.8
and an RNA Integrity number (RIN) of ≥ 7 were processed for expression
profiling. Biotinylated cRNA was prepared using the Affymetrix 3’ IVT Express
Kit (Affymetrix, Santa Clara, CA, USA) according to the manufacturer’s
specifications with an input of 100 ng of total RNA. The quality of the cRNA
was assessed using the Shimadzu MultiNA in order to confirm if the average
fragment size was according to requirements of Affymetrix. Per sample,
7.5 µg cRNA of the obtained biotinylated cRNA samples was fragmented
and hybridized in a final concentration of 0.0375 µg/µl on the Affymetrix
[HT HG U133 + PM96] (Affymetrix, Santa Clara, California, U.S.A.). After
an automated process of washing and staining by the GeneTitan machine
(Affymetrix) using the Affymetrix HWS Kit for GeneTitan (part nr. 901530),
absolute values of expression were calculated from the scanned array
using the Affymetrix Command Console v3.2 software. Micro-array data is
available at Gene expression omnibus (GSE59983).
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Micro-array data analysis
Absolute expression values were normalized with robust multichip array
(RMA) normalization implemented by affy Bioconductor17 package and log2transformed. For each official HGNC symbol targeted by multiple probes,
33

2

only the probe closest to the 3’-prime end was used for further analysis.
Agglomerative hierarchical (Ward, complete-linkage, average-linkage and
McQuitty) clustering was performed on pairwise inverse absolute Pearson
correlations. Differential expression testing was performed by generalized
linear modeling of indicated (co-)variates on normalized log2-transformed
expression values implemented by limma Bioconductor package18. Obtained
p-values were corrected for multiple hypothesis testing by Benjamini &
Hochberg false discovery rate (FDR) adjustments19. Obtained FDR-adjusted
two-sided p-values<0.05 were considered significant.
Copy number estimates and allelic intensity ratios exported by Illumina
Beadstudio were normalized with tQN-procedure20. Subsequently, log2-Rratios (LRR) were calculated from normalized copy number estimates of
the tumors and matched blood samples. For tumors with no matching blood
sample, sex-matched pooled baselines from all blood samples were used
to calculate log2-R ratios. CGHcall21 and CGHregions22 implementing the
DNAcopy segmentation algorithm were used to create a reduced segment
matrix containing five copy number levels. All parameters used for copy
number segmentations (performed by “segmentData” function) used were
defaults except the definition of small segments (clen=25) and the amount
of standard deviations required to undo long segments (relSDLong=5/3).
For association of total copy number changes with photoreceptorness, the
number of affected base pairs (in Mbps) between the groups was analyzed
with the Wilcoxon rank sum test. The association between copy number
levels and expression estimates was quantified by fitting a linear model
between continuous copy number estimates (segment means) and log2transformed normalized expression estimates and testing the slopes for
significance. Resulting p-values were corrected for multiple hypothesis
testing by Benjamini & Hochberg false discovery rate (FDR) adjustments
where two-sided p-values<0.05 were considered significant.
Drug sensitivity assays
Ex vivo drug sensitivity assays were performed on primary retinoblastoma
samples
using
the
colorimetric
3-(4,5-dimethylthiazol-2-yl)-2,5diphenyltetrazolium bromide (MTT) cell viability assay23. Some of the drug
sensitivity data was described previously14. Cells were exposed to the drugs
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in duplicate in six serial dilution steps for 96 hr at 37°C. The following drugs
and concentration ranges were used: actinomycin D (0.000015-1.5-μg/mL),
cytarabin (0.007812-256 μg/mL), carboplatin (0.49-500 μg/mL), cisplatin
(0.0488-50 μg/mL), doxorubicin (0.03125-32 μg/mL), idarubicin (0.007818 μg/mL), 4-hydroperoxy-ifosfamide (0.098-100 μg/mL), thiotepa (0.032100 μg/mL), vincristine (0.064-400 mg/mL), etoposide (0.08-200 μg/mL),
6-Thioguanine (0.098-100 μg/mL), and cladribine (0.002-200 μg/mL) as
described previously14. A minimum of 1 drug was tested for 1 tumor sample
and a maximum of 12 drugs tested for 10 tumor samples (median=11 drugs
tested per tumor sample). Resulting IC50 values were calculated based on
triplicates and were calculated relative to untreated controls with drug-free
medium.

2

Internal validation of microarray gene expression by qPCR
For a selected set of genes, qPCR validation of microarray gene expression
results was done by “best-coverage” Taqman gene expression assays (Life
Technologies Europe BV, Bleiswijk, The Netherlands). By means of duplex
PCR reactions using GAPDH as internal control, relative gene expression
of selected genes was determined. Normalized ratios between genes of
interest and GAPDH were calculated by the Lightcycler 480 relative gene
expression quantification module. Log2-transformed normalized ratios were
compared with log2-transformed micro-array expression estimates.
Statistics
Base functionality of R (version 3.1.2 “Pumpkin Helmet”) was used for
hypothesis testing. The Wilcoxon rank sum test was used for comparing
means of continuous variables between two independent groups and
Wilcoxon signed rank sum test for two dependent groups. Kruskal-Wallis
rank sum test was used for variables with 3 or more independent groups.
For comparing means between ordinal variables, linear-by-linear association
testing was performed implemented by the “coin” R-library. The exact
binomial test was used as a sign test on a set of linear regression slopes.
Two-sided p values < 0.05 were considered significant.
Funding
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RESULTS
Unsupervised analysis of retinoblastoma mRNA expression profiles
In order to identify possible differences in gene expression profiles of
retinoblastomas, standardized log2-transformed expression estimates
were used as input for unsupervised hierarchical clustering (UHC) of 76
retinoblastoma samples. Ward’s and average-linkage agglomerative
clustering of inverse absolute Pearson correlations between samples is
summarized in a dendrogram (Figure 1A).

2

Figure 1: Unsupervised analysis. Transcriptome-wide unsupervised hierarchical clustering stratifies
the cohort in 3 Ward’s retinoblastoma clusters (A) Dendrogram of transcriptome-wide unsupervised
hierarchical clustering of all primary retinoblastoma samples (N=76) by Ward and average-linkage
algorithms. The Ward’s dendrogram is pruned at an arbitrary k=3 yielding three retinoblastoma clusters:
cluster 1 in red, cluster 2 in green and cluster 3 in blue. (B) Principal component analysis visualized
in a 3-dimensional scatter plot, in which the axes represent the first 3 principal components. Colors
refer to the identified retinoblastoma clusters and the data demonstrate concordance between UHC and
PCA clusters. (C) Expression box plots of 5 cell cycle markers (E2F1, E2F2, E2F3, CCNE1, PCNA; top
panel), 5 rod photoreceptor markers (RHO, CNGB1, ROM1, PDE6G, CNGA1; middle panel), and 5 cone
photoreceptor markers (PDE6C, PDE6H, GNAT2, OPN1SW, ARR3; bottom panel). Cluster 1 is indicated
in red, cluster 2 in green, and cluster 3 in blue. The RB1+/+MYCNA tumors are indicated by arrows or
asterisks. (D) Validation of gene expression differences by Taqman relative quantification (qPCR) of
gene expression (GAPDH as internal control). X-axis shows log2-transformed Taqman relative gene
expression of CCNE1, CNGB1 and ARR3 and Y-axis log2-transformed micro-array gene expression
estimates. In this figure, only the first replicate of gene expression validation is shown. In Figure S2 both
replicates are shown including boxplots stratified by Ward’s retinoblastoma clusters.

The Ward’s dendrogram was pruned at an arbitrary k=3, forcing the cohort
to be categorized in three clusters: Ward’s retinoblastoma cluster 1 (N=26,
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red color), Ward’s retinoblastoma cluster 2 (N=46, green color), and Ward’s
retinoblastoma cluster 3 (N=4, blue color) with dissimilarity heights of 0.18,
0.17, and 0.12, respectively. To test the robustness of the three Ward’s
clusters, clustering with McQuitty and complete-linkage was also performed,
(Figure S1). Leafs (representing samples) of resulting dendrograms were
colored based on the initial three Ward’s retinoblastoma clusters. The
hierarchical agglomeration of the retinoblastoma samples into clusters
differed between clustering algorithms. Whereas Ward’s retinoblastoma
cluster 3 (blue labels) was consistently clustered as a separate branch,
Ward’s retinoblastoma clusters 1 (red) and 2 (green) were agglomerated
together in average-linkage, complete-linkage and McQuitty. Remarkably,
average-linkage clustering placed Ward’s retinoblastoma cluster 1 and 2 in
a single branch where the similarities of samples in clusters 1 and 2 gradually
decreased. All these observations were in agreement with principle
component analysis (PCA, Figure 1B), which shows that the threedimensional distance between Ward’s retinoblastoma cluster 3 and Ward’s
retinoblastoma cluster 1 and 2 combined was larger than the distance
between Ward’s retinoblastoma cluster 1 and 2. Taken together Ward’s
retinoblastoma cluster 3 appeared distinct from retinoblastoma group 1 and
2, while the differences between Ward’s cluster 1 and 2 could be more
continuous rather than dichotomous.
In a recent gene expression profiling study (N=21), three
retinoblastoma groups were identified12. Based on detailed inspection
of retina marker expression, one of the three groups was considered
to largely represent normal retinal tissue. To assess the similarity of our
Ward’s clusters with Kapatai’s subgroups, expression box plots of 5 cell
cycle markers (E2F1, E2F2, E2F3, PCNA, CCNE1), 5 rod photoreceptor
markers (RHO, CNGB1, ROM1, PDE6G, CNGA1) and 5 cone photoreceptor
markers (PDE6C, PDE6H, GNAT2, OPN1SW, ARR3) were made (Figure
1C)24. For CCNE1 (cell cycle marker), CNGB1 (rod photoreceptor marker)
and ARR3 (cone photoreceptor marker) validation of the micro-array gene
data was performed by qPCR-assays (Figure 1D). Gene expression values
measured by qPCR were highly similar to the micro-array data and resulted
in similar differences between Ward’s retinoblastoma clusters (Figure

S2). The level of expression of the selected markers differed significantly
between the Ward’s expression groups (see Table S1 for a detailed list of
fold changes and p-values). Ward’s retinoblastoma clusters 1 and 2 were
characterized by relatively high expression of cell cycle markers and low
expression of rod photoreceptor markers relative to Ward’s retinoblastoma
cluster 3. High expression of both cone and rod photoreceptor markers and
low expression of cell cycle markers was specific for Ward’s retinoblastoma
cluster 3 suggesting contamination with normal retinal tissue. Therefore this
small group was omitted in subsequent analyses analogous to the study
from Kapatai et al.12.
Expression of cone photoreceptor markers was higher in Ward’s
retinoblastoma clusters 2 compared to cluster 1. However, the difference was
gradual and not dichotomous, exemplified by expression of ARR3 in microarray and qPCR validation (Figure 1D). Gradual expression differences
also hold for the two other tested markers, CCNE1 (cell cycle) and CNGB1
(rod). This supports again that Ward’s retinoblastoma clusters 1 and 2 do
not appear to be distinct entities. Although the RB1+/+MYCNA tumors were
not clustered as separate branches in the unsupervised (all genes) Ward’s
clustering (Figure 1A), for selected markers they presented as outliers
(Figure 1C and S2). To test whether there were more genes that had a
similar more dichotomous difference in gene expression such as CCNE1,
differential gene expression analysis was performed between RB1+/+MYCNA
(N=2) and all other tumors in Ward’s retinoblastoma cluster 1 and 2 (N=70).
In total, 1800 genes were significantly differentially expressed (see Table
S2). Some of the most significantly differential genes (top 50 of Table
S2) included important cell cycle related genes such as CDKN2C, E2F7,
CDKN2A, MCM6, WEE1 and RBL1. For these genes, the dichotomous
differences in gene expression are visualized (Figure S3).
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Retinoblastomas have gradually differing gene expression
signatures
To further test the graduality of expression differences between Ward’s
retinoblastoma clusters 1 and 2, we performed genome-wide differential
gene expression analysis. In total, 6324 out of 19488 (32.5%) genes were
found to be differentially expressed (FDR-adjusted p-values<0.05) between
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the two Ward’s clusters (Table S3). All differentially expressed genes were
used for the hierarchical clustering (Figure 2).

2

Figure 2. Supervised analysis. Hierarchical clustering of differentially expressed genes between Ward’s
retinoblastoma cluster 1 and 2 reveals distinct gene clusters. Hierarchical clustering of significantly
differentially expressed genes (N=6324) between retinoblastoma cluster 1 and 2. Sample properties
are indicated at the top with colored bars; retinoblastoma clusters: cluster 1 in red, cluster 2 in green;
tumor location: peripheral in red, central in green, full-blown in grey with a cross; heredity: non-hereditary
retinoblastoma in red, hereditary in green; laterality: unilateral in red, bilateral in green; tumor volume:
continuous scale from red (large) to green (small), not available in grey; age at diagnosis: continuous
scale from red (older) to green (young). The heat map represents standardized expression estimates
mapped to a continuous green-to-red color scale where green means low expression and red means
high expression. Three gene clusters are colored in purple (cluster 1), black (cluster 2), and orange
(cluster 3). The RB1-/-MYCNA tumors are indicated by red labels.

40

Table 1. Gene ontology analysis of differentially expressed genes between Ward’s retinoblastoma
clusters 1 and 2.
Gene cluster

DAVID annotation cluster summary

Enrichment
score

High in Ward’s
retinoblastoma
cluster

1 (purple)

Mitotic cell cycle, M phase, mitosis, cell
division, nuclear division

11.61

1

1 (purple)

Transcription, regulation of transcription,
regulation of RNA metabolic process

10.05

1

1 (purple)

RNA processing/splicing, mRNA
metabolic process, nuclear mRNA
splicing

6.32

1

1 (purple)

Ribonucleoprotein complex biogenesis,
ribosome biogenesis, rRNA/ncRNA/
processing/metabolic process

5.74

1

2 (black)

Response to wounding, defense
response, inflammatory response

19.45

2

2 (black)

Antigen processing and presentation

8.07

2

2 (black)

Positive regulation of immune system
response, acute/humoral/innate
inflammatory process, complement
activation

6.98

2

2 (black)

Cell motion/migration/motility

5.53

2

2 (black)

Vasculature development, angiogenesis

5.28

2

2 (black)

Wound healing, hemostasis, blood
coagulation

5.14

2

3 (orange)

Visual perception, sensory perception
(of light stimulus), neurological system
process, cognition

9.28

2

3 (orange)

Phosphate metabolism, phosphorylation,
protein amino acid phosphorylation

5.08

2

3 (orange)

Detection of light/external/abiotic
stimulus, photo-transduction, detection of
visible light

5.05

2

2

Ward’s retinoblastoma cluster 1 was characterized by high expression of genes present in gene cluster
1 (N=2999, purple branches) whereas Ward’s retinoblastoma cluster 2 showed high expression of genes
in gene cluster 3 (N=2753, orange branches). Expression of genes in gene cluster 2 (N=572, black
branches) was on average higher in Ward’s retinoblastoma cluster 2 relative to 1, although not consistent
for all samples. Gene ontology analysis of the three gene clusters was performed using DAVID functional
annotation clustering. Functional annotation classes with enrichment scores above 5 are summarized
in Table 1 (full DAVID reports in Table S4). High expression of genes involved in M-phase and in mRNA
and ribosome synthesis characterized Ward’s retinoblastoma cluster 1, while genes highly expressed in
Ward’s retinoblastoma cluster 2 were involved in photoreceptor functions, including visual perception of
light and photo-transduction. Additionally, genes involved in inflammation, wound healing and antigen
presentation (gene cluster 2, black branches Figure 2 and Table 1) were on average higher in Ward’s
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retinoblastoma cluster 2.
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Based on the heat map colors (Figure 2) it can be hypothesized that
the gene expression differences between Ward’s retinoblastoma cluster 1
and 2 were continuous rather than dichotomous. To further test this, the
mean expression of gene cluster 1 (“M-phase, mRNA/ribosome synthesis
signature”) and gene cluster 3 (“photoreceptor signature”) was calculated
for each sample. The mean expression of both differential signatures is
displayed along with color-coded sample information, with samples ordered
by decreasing photoreceptor signature expression (Figure 3).
The data confirmed variability in photoreceptor signature was
continuous and not dichotomous. Although this gradual change underscores
that Ward’s separation into clusters 1 and 2 was arbitrary, the clustering
was useful to detect genes that were differentially expressed across
retinoblastoma samples. The gradual decrease of the photoreceptor
signature was accompanied by a gradual increase of the M-phase and
mRNA/ribosome synthesis expression signature (p-value<2.2E-16,
R2=0.90). The immune signature was less strongly associated with the
photoreceptor (p-value=9.28E-7, R2=0.29) and M-phase (p-value=1.77E-7,
R2=0.32) signatures as shown in Figure S4. Three tumors (VUMC-Rb-02,
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Figure 3. Quantification of differential signatures in relation to clinical and histopathological
variables. Gene expression differences between Ward’s retinoblastoma cluster 1 (red symbols) and
Ward’s retinoblastoma cluster 2 (green symbols) appears continuous, not dichotomous. Gene expression
of the photoreceptor signature is given by crosses; triangles indicate the M-phase and mRNA/ribosome
synthesis signature. Tumors are sorted by photoreceptor signature gene expression. Corresponding
clinical and histopathological determinations are given in aligned color-coded boxes including a legend
with color-value mappings. Results of statistical analyses are provided in table 2. The RB1+/+MYCNA
tumors are indicated by red labels.

VUMC-Rb-17 and VUMC-Rb-99) from Ward’s Rb cluster 2, clustered
together with Ward’s Rb cluster 1 in supervised analysis (Figure 2). In
agreement, these three tumors had an intermediate photoreceptorness and
M-phase and mRNA/ribosome synthesis expression, which complicated the
initial dichotomous stratification. The two RB1+/+MYCNA tumors without RB1
mutation but with focal MYCN amplifications1, showed low photoreceptor
expression and high M-phase and mRNA/ribosome synthesis expression
compared to the median of the cohort. Furthermore, the Ward’s retinoblastoma
43
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cluster 1 tumors showed a higher expression of MYCN compared to Ward’s
retinoblastoma cluster 2 tumors (log2(fold change)=0.55, p-value=4.7E-3).
For further analysis, the mean photoreceptor signature expression was taken
as a measure of photoreceptorness which was used to further characterize
the retinoblastoma cohort. Important to note is that photoreceptorness was
quantified by the mean expression of gene cluster 3 (2753 genes, orange
branches Figure 2, Table S3). Although this gene set is highly enriched for
photoreceptor ontologies (Table S4), not every single gene in this gene set
is annotated with photoreceptor-related ontologies.
Loss of photoreceptorness is associated with increased somatic
copy number alteration frequencies
To investigate whether photoreceptorness was associated with somatic
copy number alterations (SCNA), whole genome copy number (CN) profiling
was performed when tumor DNA was available. For 43/72 (59.7%) tumors
for which gene expression profiles were determined, SCNA profiles were
available. To visualize the difference in SCNA between tumors with different
photoreceptorness, the 43 tumors were categorized into quartiles based
on photoreceptorness (Q1=25% of tumors with highest photoreceptorness,
Q4=25% of tumors with lowest photoreceptorness). It is shown that the
mean photoreceptorness (one-way ANOVA p-value<2.2E-16) and mean
overall genomic instability (one-way ANOVA p-value=4.61E-05) differed
significantly between the photoreceptorness quartile groups (Figure 4).
Karyogram overviews of SCNA frequencies stratified by photoreceptorness
quartiles clearly show that tumors with lower photoreceptorness have higher
frequencies of SCNA (Figure 5A).
For each approved HGNC gene symbol that was probed by both RNA
and DNA arrays, it was tested whether SCNA were associated with
photoreceptorness by linear regression slope testing of photoreceptorness
on copy number estimates (Figure 5C). For 4146 genes, copy number
estimates were significantly associated with photoreceptorness, indicated
by the red dots (Figure 5C). The relation between copy numbers and
photoreceptorness was positive for 1889/4146 (45.6%) genes and negative
for 2257/4146 (54.4%) genes. To test for which genes copy numbers had
an effect on gene expression (gene dosage effect), linear regression slope
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Figure 4: Loss of photoreceptorness is strongly associated
with increased frequencies of SCNA. Photoreceptorness
was used to stratify the cohort in quartiles (Q1: 25% of tumors
with the highest photoreceptorness, Q4: 25% of tumors with
the lowest photoreceptorness). For each quartile, boxplots
are shown for photoreceptorness (left) and genomic instability
(right). Photoreceptorness was statistically different between
the photoreceptorness quartiles (one-way ANOVA, two-tailed
p-value<2.2E-16). Total genomic instability, in our study defined
as the number of megabases of the genome altered by SCNA,
was inversely correlated with the photoreceptorness quartiles
(one-way ANOVA, two-tailed p-value<4.61E-05).
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testing of copy number estimates on expression estimates was performed
(Figure 5B). In total, 1773 genes showed a significant gene dosage effect
and for 1727/1773 (97.4%, indicated by red dots in Figure 5B) the gene
dosage effect was in the expected direction (positive linear regression slope:
more copies correlated with more expression and less copies correlated
with less expression). The strongest gene dosage effects were observed
at the 2p24.3 region harboring the MYCN gene and at 13q14 where RB1 is
located. Furthermore, strong gene dosage effects were identified at 6p and
16q. In supplementary Table S5 a complete list of the results is given.
The degree of photoreceptorness is associated with clinical and
histopathological features
Visual inspection of photoreceptorness and several clinical and
histopathological variables (Figure 3) called for further investigation of
photoreceptorness in relation to tumor characteristics. To determine the
statistical significance of the relations between photoreceptorness and clinical
and histopathological determinations, hypothesis testing was performed
(Table 2). For numeric independent variables (age at diagnosis and tumor
volume), table 2 describes the mean and standard error of the mean for
each photoreceptorness quartile. Quartile stratification was performed for
illustrative purposes and was not required nor used for Wilcoxon signed
rank test. Patients with tumors that showed high photoreceptorness
were diagnosed at significantly younger age (p-value=1.26E-11) and
had significantly larger tumors (p-value=3.53E-12) than patients with low
photoreceptorness.
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Figure 5. Karyogram overview of SCNA and its relation to photoreceptorness and gene
expression. (A) For each photoreceptorness quartile, SCNA frequencies (gains in red, losses in blue)
are visualized for all chromosomes except the Y-chromosome. (B-C) For each approved HGNC symbol
that was probed by both RNA and DNA microarrays, the association between (B) copy number estimates
and gene expression and (C) copy numbers and photoreceptorness is visualized. Negative log10transformed p-values of linear regression slope tests are plotted along genomic coordinates. Red dots
indicate significant p-values (p-value=0.05 gives -log10(0.05)=1.3).

For other characteristics, the level of photoreceptorness was
calculated (Table 2). In agreement with young age, tumors from bilateral
patients showed higher photoreceptorness than tumors from unilateral
patients (p-value=4.01E-03). There was no significant difference in
photoreceptorness between hereditary and non-hereditary patients
(p-value=0.06). Photoreceptorness was positively associated with the
degree of differentiation, as to be expected. Consistently, rosettes (in
particular Flexner-Wintersteiner rosettes) which are a characteristic of
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photoreceptor differentiation25,26, were more often seen in tumors with
high photoreceptorness than in tumors with low photoreceptorness
(rosettes p=4.50E-03, Flexner-Wintersteiner rosettes p=2.18E-03). Tumors
located in the central part of the retina (close to the macula) had higher
photoreceptorness than tumors located in the periphery (p=0.02).
We could not detect a significant association between
the histopathological risk factor optic nerve/choroid invasion and
photoreceptorness, possibly due to low numbers of invasion in our cohort,
with only 9/76 (12%) of tumors showing post-laminar optic nerve invasion
and 1/76 (2%) showing extensive choroid invasion. Also, different stages of
disease, as defined by the International intra-ocular retinoblastoma ABCclassification and the Reese Ellsworth classification did not correspond to a
specific gene expression profile.
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Table 2: Hypothesis testing of photoreceptorness and clinical – and histopathological variables.
Independent variable

Descriptive statistics
Mean ± SEM

Hypothesis testing
p-value (statistical test)

Volume measured by MRI (mm3)
Q1:
Q2:
Q3:
Q4:

1016.6 ± 109.8
1147.0 ± 80.4
1182.2 ± 160.8
2056.4 ± 326.7

3.53E-12* (WSRT)

Age at diagnosis (months)
Q1:
Q2:
Q3:
Q4:

10.4 ± 1.2
10.8 ± 1.2
25.2 ± 5.3
35.1 ± 4.2

Differentiation
Poor
Moderate
Well

photoreceptorness:
6.0 ± 0.06
6.2 ± 0.08
6.3 ± 0.03

1.96E-03* (LBL)

Flexner-Wintersteiner Rosettes
Absent
Present

photoreceptorness:
5.9 ± 0.07
6.2 ± 0.04

2.18E-03* (WSRT)

Laterality
Unilateral
Bilateral

photoreceptorness:
6.1 ± 0.04
6.3 ± 0.04

4.01E-03* (WSRT)

Rosettes
Absent
Present

photoreceptorness:
5.9 ± 0.08
6.1 ± 0.04

4.50E-03* (WSRT)

1.26E-11* (WSRT)
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Independent variable

Descriptive statistics
Mean ± SEM

Hypothesis testing
p-value (statistical test)

Tumor location
Central
Periphery
Could not determine (full blown)

photoreceptorness:
6.2 ± 0.06
6.0 ± 0.09
6.1 ± 0.04

0.02* (WSRT)

Heredity
Non-hereditary
Hereditary

photoreceptorness:
6.1 ± 0.05
6.2 ± 0.04

0.06 (WSRT)

Uni/multifocal
Unifocal
Multifocal

photoreceptorness:
6.2 ± 0.06
6.0 ± 0.05

0.10 (WSRT)

RE-classification
III
IV
V

photoreceptorness:
6.3 ± 0.06
6.4 (only 1 tumor)
6.1 ± 0.04

0.21 (LBL)

Optic nerve invasion
None
Pre-laminar
Intra-laminar
Post-lamina

photoreceptorness:
6.2 ± 0.05
6.2 ± 0.07
6.1 ± 0.09
6.1 ± 0.12

0.48 (LBL)

ABC-classification
B
C
D
E

photoreceptorness:
6.0 ± 0.15
6.3 ± 0.07
6.1 ± 0.06
6.2 ± 0.05

0.57 (LBL)

Choroid invasion
None
Focal
Extensive

photoreceptorness:
6.1 ± 0.04
6.1 ± 0.11
6.3 (only 1 tumor)

0.70 (LBL)

Gender
Female
Male

photoreceptorness:
6.1 ± 0.05
6.1 ± 0.05

0.71 (WSRT)

Tested variables are sorted by statistical significance. FW=Flexner-Wintersteinter, RE=ReeseElsworth, WSRT=Wilcoxon signed rank test, WRST-Wilcoxon rank sum test, LBL=Linear-by-linear,
KWRST=Kruskal-Wallis rank sum test, SEM=Standard error of the mean. * indicates significant
(p-value<0.05)

Loss of photoreceptorness is related to drug sensitivity ex vivo, in
particular actinomycin D
To determine whether photoreceptorness was associated with drug
sensitivity, we used data from a study in which the ex vivo drug sensitivities
of retinoblastoma specimens from our cohort were determined14. These
data were complemented by drug sensitivity data that were not reported
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before. Data were available for 30/72 (41.7%) retinoblastoma samples. MTT
assays were performed using fresh tumor material from enucleated eyes
and median lethal concentrations (LC50 values) were determined from dose
response curves of twelve chemotherapeutic drugs based on triplicates
relative to untreated controls. The number of retinoblastoma samples for
which an LC50 value could be determined differed between the 12 tested
drugs due to sample availability and ranged from N=12 for 6-thioguanine
to N=29 for carboplatin, cisplatin, cytarabine, doxorubicin, ifosfamide and
vincristine. Linear regression was performed of photoreceptorness on
log10-transformed LC50-values (Figure 6). To test whether tumors with
low photoreceptorness in general were more chemosensitive, the slopes
of the association between photoreceptorness and log-transformed LC50
values were calculated. For 10/12 (83.3%) drugs, the slope was positive. In
case photoreceptorness would have been unrelated to chemosensitivity in
general, one would expect that the slopes have had a similar chance to be
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Figure 6. Photoreceptorness in relation to drug sensitivities. Relation between photoreceptorness
and drug sensitivity determined by ex vivo MTT-assays. For each of twelve tested drugs, the
photoreceptorness is given on the x-axis and log10-transformed LC50 values on the y-axis. Drugs are
sorted by the significance of slope tests for regression between photoreceptorness and LC50-values.

positive as well as negative. To test this, the exact binomial test (also known
as sign-test) was used. This test indicated that it is unlikely (p-value=0.02)
that the degree of photoreceptorness is not related to chemosensitivity.
The log-transformed LC50s of thiotepa (slope=0.63, p-value=7.92E−04),
actinomycin D (slope=2.23, p-value=8.28E−03), doxorubicin (slope=0.64,
49

p-value=0.026) and carboplatin (slope=0.41, p=0.034) showed a significant
linear association with photoreceptorness. In case of actinomycin D the
slope of the linear association was steepest and therefore indicative of the
most pronounced effect: a reduction of the mean photoreceptor expression
signature by one unit increased the potency of actinomycin D more than
100-fold (10^2.23 = 169).
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Validation of differential expression signatures by an independent
expression profiling dataset
To validate the expression differences between retinoblastoma samples in
our cohort, we compared our results with an independent publicly available
primary retinoblastoma gene expression dataset (Gene expression omnibus,
GSE29686, N=55)13. Unsupervised hierarchical clustering subdivided the
McEvoy cohort into 4 separate Ward’s retinoblastoma clusters (Figure
S5A). Detailed inspection of cell cycle markers, rod and cone photoreceptor
markers and immune cell markers suggested that Ward’s retinoblastoma
cluster 3 could reflect samples that contained a large proportion of normalretina cells (Figure S5D). Ward’s retinoblastoma cluster 4 displayed high
expression of immune cell markers, indicative of contamination with blood
cells or tumor infiltrating lymphocytes. Ward’s retinoblastoma cluster 1 and
2 both displayed high expression of cell cycle makers, but only Ward’s
retinoblastoma cluster 2 showed high gene expression of cone photoreceptor
markers (Figure S5D). Therefore, Ward’s retinoblastoma cluster 3 (alleged
normal-retina samples) and Ward’s retinoblastoma cluster 4 (immune/blood
cell infiltrates) were excluded from further analysis and differential expression
analysis was restricted to the remaining Ward’s retinoblastoma clusters 1
and 2. Strikingly, 2887 genes were differentially expressed between group
1 and 2 (Figure S6 and Table S6). Gene ontology enrichment analysis of
the identified differentially expressed genes yielded results (Table S7) very
comparable to our Ward’s retinoblastoma cluster 1 versus 2 comparison
(Table S4). Similarly to our data, a gradual loss of a gene expression
signature highly enriched for photoreceptor ontologies (Figure S5, top
branch of the gene dendrogram) correlated with gradual increase of genes
related to M-phase, mRNA and ribosome synthesis (Figure S5, bottom
branch of the gene dendrograms). Furthermore, genome-wide fold-changes

of the McEvoy cohort were compared with fold-changes of our cohort (Figure
S7). In total, 18465/19488 (94.8%) genes could be matched and showed
a strong positive correlation (Pearson correlation=0.77, linear regression
slope=0.69, p-value<2.2e-16) demonstrating the high concordance between
both datasets. These results show that in both datasets the retinoblastoma
tumor cohort was not homogeneous with respect to gene expression and
that similar expression differences were identified in independent datasets.

DISCUSSION
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Our study showed that expression of a photoreceptor gene signature
was associated with differentiation and inversely correlated with an
M-phase and mRNA/ribosome synthesis gene signature, tumor volume
and age at diagnosis. The continuous rather than dichotomous loss of
photoreceptorness in our retinoblastoma cohort may have been caused
by gradual dedifferentiation of all tumor cells simultaneously or by the
emergence of dedifferentiated subclones that could gradually overgrow the
original differentiated tumor.
Explanations for the relation between gene expression and clinical
and histopathological variables
In a retrospective histopathological review on 297 primary enucleated
eyes, the inverse relation between photoreceptor-related differentiation
and age at enucleation was also described27. In this review examples are
shown of eosinophilic areas of photoreceptor differentiation and basophilic
undifferentiated cells within the same tumor. Apparently, differentiated and
undifferentiated cells can co-exist within the same tumor. Furthermore,
SCNA amplitudes of chromosomes/chromosomal arms were always below
1 copy (data not shown), indicative of intra-tumoral heterogeneity. We
therefore could envisage that the mean expression of the photoreceptor
gene signature in a given tumor was determined by the ratio of differentiated
cells and undifferentiated cells. High expression of genes involved in
mitosis observed in undifferentiated tumors is in agreement with previous
observations of many mitotically active cells in undifferentiated tumor
areas27. This suggests that higher expression of the M-phase and mRNA/
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ribosome synthesis signature could have been a result of lower proportions
of more differentiated and higher proportions of less differentiated cells.
It has been suggested that differentiated areas in retinoblastomas
are benign precursor lesions of the undifferentiated areas2. This was
based on the observation that differentiated eosinophilic areas only had biallelic inactivation of RB1, while adjacent basophilic undifferentiated areas
had additional genetic lesions that probably caused tumor progression. A
progression model where benign differentiated precursor cells can progress
and expand to malignant retinoblastoma cells might explain the strong
correlation of photoreceptorness with tumor volumes. It is uncertain why
larger and less differentiated tumors with more SCNA were diagnosed
at later age. Possibly, in case RB1 inactivation occurred later in life, the
affected cone precursors were in a more mature, less proliferative state.
Therefore, neoplastic lesions that arose from semi-matured cone precursors
might be less proliferative than those arising from more immature cone
precursors. When additional genetic lesions (e.g. SCNA) occur after late
RB1 inactivation, the resulting highly proliferative cells may quickly overgrow
the still small precursor lesion ultimately leading to tumors with relatively few
differentiated cells and many undifferentiated cells.
In addition, it could be that there was diagnosis delay for tumors that
were initiated later due to tumor localization at the periphery28,29. Possibly,
both explanations are true and in combination explain the observed gene
expression patterns and their relation with clinical and histopathological
variables.
In concordance with a progression model where genetic alterations
accumulate after loss of RB1 and cause malignant transformation, increased
frequencies of common SCNA at 1q, 2p (in particular the minimal region of
gain at 2p24.3 harboring MYCN), 6p, and 16q were associated with loss of
photoreceptorness (Figure 5).
Our results in relation to previous retinoblastoma gene expression
profiling studies
RNA signatures have been determined in several distinct retinoblastoma
cohorts10–13. Our results are in agreement with a recent smaller-scale
study12, although our interpretation of the identified differential expression
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signatures differs. Kapatai et al., similar to the first steps in our study, used
unsupervised hierarchical clustering on genome-wide expression estimates
to stratify 23 retinoblastoma samples. Similarly to our Ward’s retinoblastoma
clusters 1, 2 and 3, Kapatai et al. found three retinoblastoma groups
including a small (n=2) retina-like group that had been discarded from
further analyses. Explanation for the identified differences in expression
was mainly focused on the cell of origin. Kapatai’s group 1 tumors were
suggested to originate from retinal progenitor cells (RPCs) and group 2
tumors from a cone photoreceptor lineage. However, in a recent paper it
was shown that when RB1 was inactivated in retinal cell populations, cone
precursor numbers increased, while in RPCs TP53-responsive genes were
triggered causing a significant decrease in RPC population30. This suggests
that only cone photoreceptor precursors become proliferative subsequent to
RB1 loss and are likely the only cells that can transform into retinoblastoma.
Furthermore, the authors suggested that RB1-deficient cone precursors
form differentiated retinoblastomas that subsequently dedifferentiate and
acquire non-cone characteristics, in line with our observations. The study
by Kapatai et al. did not discuss the possibility of a tumor progression model
where group 1 tumors are advanced stages of group 2 tumors nor did they
test the continuity of the differential signatures.
In contrast, McEvoy et al. claimed that all retinoblastomas displayed
similar profiles, with co-expression of multiple normally incompatible
developmental pathways, also suggesting a retinal progenitor cell of origin13.
The authors concluded that their retinoblastoma cohort was homogeneous,
based on a principle component analysis where they observed that the
majority of retinoblastomas clustered around a central core. However,
detailed inspection of the raw data (Gene expression omnibus series
GSE29686) revealed that also in their cohort, unsupervised clustering
identified retinoblastoma clusters with gene expression differences similar to
Kapatai’s and our study. In addition to the three clusters found by Kapatai et
al. and our study, a fourth cluster consisting of 8 samples was identified with
high expression of lymphocyte markers, suggesting tumor infiltration with
normal lymphocytes. Expression of genes related to the immune system
was also found in our data set (Table 2, gene cluster 2), although in lower
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quantities and amplitude than in the McEvoy dataset. This gene signature
could possibly relate to the microenvironment that might play an important
role in tumorigenesis. However, we have previously detected similar
lymphocyte infiltration in breast cancer expression profiles31. When samples
with unclear origin (“normal retina” and “lymphocyte”) were discarded,
differential gene signatures were identified very comparable to our study.
Similarly to our study, tumors with high expression of a photoreceptor
signature showed low expression of genes involved in M-phase, mRNA
and ribosome synthesis, also signifying a progression model. In conclusion,
similar differential signatures could be detected in three distinct cohorts with
comparable relations to clinical characteristics.
Relation between drug sensitivity and gene expression profiles
The RNA signatures were also related to data from ex vivo drug sensitivity
assays for twelve different drugs, obtained from ex vivo drug assays of fresh
retinoblastoma specimens of our cohort. Melphalan had not been included,
because when the experiments were performed, the emphasis in the
clinic was on other drugs. However we did include other alkylating agents,
such as carboplatin, cisplatin, ifosfamide and thiotepa. For 10/12 (83.3%)
chemotherapeutics, tumors with low photoreceptorness were more sensitive
(although the association was not statistically significant for each individual
drug) than tumors with high photoreceptorness (p-value=0.02). This suggests
that in general undifferentiated retinoblastoma is more chemosensitive
compared to differentiated retinoblastoma, at least ex vivo. Assuming
that low photoreceptorness is a surrogate marker for a high proportion of
undifferentiated mitotically active and highly proliferative cells, this hypothesis
seems plausible since chemotherapeutics act on proliferating cells.
Furthermore, it has long been recognized that photoreceptor differentiation
is more common in eyes enucleated after radiotherapy or chemotherapy
because the well-differentiated part of the tumor is relatively radio- or
chemoresistant32. More recently, it was observed that retinoblastomas
containing cavitary spaces, indicative of well-differentiated retinoma areas,
did not show a substantial decrease in size after chemotherapy33.
The association between photoreceptorness and drug sensitivity is
particularly clear in case of actinomycin D, a drug that binds to DNA and
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inhibits transcription by interfering with RNA elongation34. The actinomycin D
sensitivity of tumors with low photoreceptorness, and thus high expression of
M-phase and mRNA/ribosome synthesis genes, could possibly be explained
by the particular sensitivity of ribosomal RNA synthesis to actinomycin D
treatment.
Yet, the drug sensitivity data have to be interpreted with great caution,
since it remains to be determined to which extent the ex vivo MTT-assays can
predict therapy response. Furthermore, a significant association between
photoreceptorness and drug sensitivity only means there is statistical
evidence for variance in drug response. This does not necessarily mean
that this drug is the best alternative for those patients. In case a drug would
be effective for all retinoblastoma patients, no significant relation between
drug sensitivity and photoreceptorness would be detected.

2

In short
Based on our comprehensive study of a relatively large cohort of
retinoblastoma cases, we provide evidence for a tumor progression model
in which early well-differentiated lesions advance to undifferentiated lesions
with higher proliferative capacity. In this model, variability in gene expression
of RB1-/- retinoblastomas can be best explained by variability in photoreceptor
differentiation and tumor progression. Tumor progression could be driven
by SCNA, since tumors with low photoreceptorness and poor differentiation
grades showed high frequencies of SCNA.
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ABSTRACT
While RB1 loss initiates retinoblastoma development, additional somatic
copy number alterations (SCNAs) can drive tumor progression. Although
SCNAs have been identified with good concordance between studies at a
cytoband resolution, accurate identification of single genes for all recurrent
SCNAs is still challenging. This study presents a comprehensive meta-
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analysis of genome-wide SCNAs integrated with gene expression profiling
data, narrowing down the list of plausible retinoblastoma driver genes.
We performed SCNA profiling of 45 primary retinoblastoma samples
and eight retinoblastoma cell lines by high-resolution microarrays. We
combined our data with genomic, clinical and histopathological data of ten
published genome-wide SCNA studies, which strongly enhanced the power
of our analyses (N=310).
Comprehensive recurrence analysis of SCNAs in all studies integrated
with gene expression data allowed us to reduce candidate gene lists for 1q,
2p, 6p, 7q and 13q to a limited gene set. Besides the well-established driver
genes RB1 (13q-loss) and MYCN (2p-gain) we identified CRB1 and NEK7
(1q-gain), SOX4 (6p-gain) and NUP205 (7q-gain) as novel retinoblastoma
driver candidates. Depending on the sample subset and algorithms used,
alternative candidates were identified including MIR181 (1q-gain) and DEK
(6p gain). Remarkably, our study showed that copy number gains rarely
exceeded change of one copy, even in pure tumor samples with 100%
homozygosity at the RB1 locus (N=34), which is indicative for intra-tumor
heterogeneity. In addition, profound between-tumor variability was observed
that was associated with age at diagnosis and differentiation grades.
Since focal alterations at commonly altered chromosome regions
were rare except for 2p24.3 (MYCN), further functional validation of the
oncogenic potential of the described candidate genes is now required.
For further investigations, our study provides a refined and revised set of
candidate retinoblastoma driver genes.

INTRODUCTION
Retinoblastoma is a pediatric cancer of the retina. Although the disease
is relatively rare accounting for 2% of childhood cancers1, retinoblastoma
is the most common intra-ocular malignancy in children2. Retinoblastoma
development is initiated by two sequential hits3 of RB1 (RB1-/- patients) and
in few cases by amplification of MYCN (RB1+/+MYCNA patients)4. Hereditary
patients carry a deleterious germ line mutation in one RB1 allele and
therefore only require one somatic mutation in the wild type RB1 allele for
retinoblastoma to develop while non-hereditary patients require two somatic
mutations in RB1. However, while bi-allelic inactivation of RB1 can cause
benign retinoma lesions, additional genetic alterations can be required for
progression to retinoblastoma5.
Several studies aimed at identifying genetic alterations subsequent
to RB1 inactivation have yielded useful insights. Early comparative genome
hybridization (CGH)6–10, array-CGH11–13 and more recent single nucleotide
polymorphism (SNP)-array profiling studies14–16 showed that retinoblastoma
genomes frequently (>10%) contain somatic copy number alterations
(SCNAs) including gains at chromosomal arms 1q, 2p, 6p, 13q and 19q and
losses at 13q, 16q and 17p. Except for the 2p-arm (2p24.3, MYCN), focal
SCNAs (< 3 Mb) are rare15 complicating the refinement of minimal regions
of gain/loss (MR[G/L]) to a single gene level. Moreover, sample sizes of
published studies were small which further impeded identification of driver
genes within recurrent SCNA-regions.
In addition, it is has been demonstrated that there is profound variability in
the total amount of genomic disruption by SCNAs between retinoblastoma
tumors15. In several studies it was discussed whether and how the extent
of genomic disruption relates to clinical and histopathological variables.
However, due to strong connectivity between the independent variables (like
age at diagnosis, heredity, laterality and differentiation) and small sample
sizes, explanations for the variability in genomic disruption in retinoblastoma
were inconclusive due to limited power.
Our study aims to refine the set of putative driver genes of recurrent SCNAs
and get insight into the variability in genomic disruption. Data from high-
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resolution genome-wide SNP-arrays of 45 human retinoblastoma samples
matched with peripheral blood DNA were used and complemented with
clinical and histopathological features. In order to increase the power of
our study, results were analyzed together with results of ten published
genome-wide SCNA-profiling retinoblastoma studies6–11,13,15–17 adding up to
a considerable number of 310 primary retinoblastoma samples.

MATERIALS AND METHODS

3

Tissue collection
Tumor samples were obtained from retinoblastoma patients after primary
enucleation and peripheral blood samples were collected at initial
presentation before treatment. In the Netherlands, all patients are referred
to the VU University Medical Center. Hence a well-documented cohort of
unselected primary enucleated eyes was available for molecular studies.
Tumor samples were snap frozen in liquid nitrogen and stored at -80°C
until further analysis. All patient samples and clinical and histopathological
features were collected and stored according to local ethical regulations.
All patients gave consent verbally, as this was the standard in the time the
included patients were diagnosed. Since genetic analyses of our study
focused on tumor DNA and not germ line DNA, waiver of informed consent
was specifically given for genetic analyses by The Medical Ethics Review
Committee of the VU University Medical Center which is registered with the
USA OHRP as IRB00002991. The FWA number assigned to VU University
Medical Center is FWA00017598. A cohort description including clinical and
histopathological information is given in Table S2. RB cell lines RB1021,
RB383, and RB24741 were kindly provided by the laboratory of Brenda
Gallie and cell lines RB191, RB176, and RB38142 by the laboratory of David
Cobrinik.
DNA isolation
Genomic DNA from frozen tumor retinoblastoma specimens was isolated
with the NucleoSpin Tissue kit (Macherey-Nagel, Düren, Germany) or Wizard
Genomic DNA Purification Kit (Promega, Madison, USA). DNA quality was
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analyzed for high molecular bands >20 Kb by agarose gel electrophoresis.
DNA concentration and OD 260/280 ratio was determined with the Nanodrop
ND-1000 spectrophotometer (NanoDrop Technologies, Wilmington, USA).
DNA yields and quality were within the same range for all samples.
SNP-arrays
Microarray-based DNA genotyping experiments were performed at ServiceXS
(ServiceXS B.V., Leiden, The Netherlands) using the HumanOmni1-Quad
BeadChip (Illumina, San Diego, USA), according to the manufacturer’s
instructions. The BeadChip images were scanned on the iScan system and
the data was extracted into Illumina’s GenomeStudio software v2010.1.
The software’s default settings were used with the cluster file as developed
by Illumina for genotype calling. Resulting copy number estimates (Log2ratios between tumor and matched blood) and B Allele frequencies were
normalized with tQn normalization43 and segmented with DNAcopy44 with a
minimum segment length of five markers. For loss of heterozygosity detection,
segmentation of converted B allele frequencies (mBAF) was performed
using BAFsegmentation using a mBAF threshold of 0.845. A minimum of five
consecutive markers was used for segmentation together with a minimum
mBAF-amplitude of 0.6. In parallel to DNAcopy segmentation, genoCN
segmentation was used with default parameters to infer copy number states
gain, loss and unchanged of the SNP-array datasets. To identify significantly
altered regions, GISTIC analysis was performed (q-value < 0.05) using
the combined segmentation (by DNAcopy) results of the Mol, Zhang and
Kooi data sets. Gene expression data is available at GSE59983 (primary
samples) and GSE77094 (cell lines). DNA copy number data is available at
EGAS00001001715.
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Data collection and analysis
By manual google scholar search, studies profiling SCNAs by CGH, arrayCGH, SNP-array or NGS were identified (Figure 1). Studies that reported
SCNAs by cytoband location were digitalized by manually looking up the
current genomic coordinates of the reported cytobands (hg19). Careful
examination of sample identifiers was performed to prevent duplicate
records, yet no duplicate records were identified. In case SCNAs were
63
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reported in genomic coordinates, they were converted to hg19 coordinates
by the UCSC liftover tool46. For studies where raw data was available13,15,16,
copy number estimates were segmented with DNAcopy as described above.
Since biopsies are uncommon in retinoblastoma, the included samples
are possibly biased for later staged tumors that had to be enucleated.
Furthermore, earlier studies used lower resolution profiling compared to
more recent studies and therefore more subtle genomic alterations might
have been more readily identified by later studies.
All published SCNAs were concatenated with SCNAs detected by our
study. SCNAs were called in three states; loss, normal and gain using copy
number thresholds 1.8 (Log2-ratio = -0.15) for losses and 2.2 (Log2-ratio
= 0.14) for gains for segments with a p-value < 0.05 (Figure S6). For each
official HGNC gene, the segmentation mean was calculated by overlapping
genomic coordinates of the genes with detected SCNAs using BEDOPS47.
For hierarchical clustering, Ward’s agglomerative clustering was performed
using Euclidean distances. Statistical analysis and visualization was done
in R (Pumpkin Helmet, version 3.1.2). For hypothesis testing where both
independent and dependent variables are numeric, Wilcoxon signed-rank
tests were used. For 2-level categorical independent variables and numeric
dependent variables, Wilcoxon rank-sum tests were used. For independent
categorical variables with more than 2 unordered levels and numeric
dependent variables, Kruskal-Wallis tests were used. For independent
categorical variables with more than 2 ordered levels (e.g. differentiation
grade low < medium < high) and dependent numerical variables, linear-bylinear association tests were used implemented by the “coin” R-package.
Two-sided p-values below 0.05 were considered statistically significant.
Extreme p-values lower than 2.2E-16 could not be calculated and are
reported as <2.2E-16.
For the determination of gene-dosage effects, linear regression was
performed of continuous copy number estimates (segmented Log2-ratios)
on RMA-normalized expression estimates. The linear regression slope was
tested for significance, and Benjamini-Hochberg multiple-testing corrected
p-values were calculated. Genes with a positive regression slope (the more
DNA copies, the more gene expression) and multiple-testing corrected

p-values < 0.05 were considered to display a gene-dosage effect.

RESULTS
Good agreement in SCNA-frequencies between 11 independent
studies
Our study describes SCNAs of 45 primary retinoblastoma samples together
with SCNAs from 10 published studies (Table S1) adding up to 310 tumor
samples (Figure 1, cohort description is given Table S2). This allowed for a
detailed genome-wide comparison of SCNAs determined from independent
and international studies. For each HGNC approved gene, the percentage
of the cohort affected by gains/losses is visualized along the genomic
coordinates stratified by study (Figure 2). Percentages of SCNAs showed
good agreement between studies, except for studies with small sample size
and/or platform related differences. In the two small-sized studies (Gratias;
N=2, van der Wal, N=13), SCNA percentages more easily reached high
numbers. For example, in the Gratias study13, gain of chromosome 1 and
6 was observed in 100% of the cohort, yet only affecting two patients. In
addition, some platform specific differences between studies were reflected
in the SCNA-percentages. For example, high-resolution studies (SNParrays, Kooi, Mol, Zhang) were able to detect small (< 100 Kb) SCNAs which
resulted in more spikes in SCNA-frequencies. Three notable SCNA-gain
spikes at 7p14.1, 7q34 and 14q11.2 overlapping with the TCR-γ, TCR-β
and TCR-α/δ gene clusters respectively, likely were not cancer related. It
was shown that loss of these three regions is a frequent and somatic event
that occurs in lymphocytes18. As a result, the three spikes of SCNA-gains
appeared in the tumor-blood matched SNP-array analyses. Most likely
these gains were the result of lymphocyte specific deletions and therefore
the TCR-α/β/γ/δ genes were omitted from further analyses in this study.
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Identification of candidate retinoblastoma driver genes
A major challenge in the interpretation of SCNAs is to distinguish driver from
passenger genes since a single SCNA usually covers tens to hundreds
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Figure 1: PRISMA flow chart: Searching google scholar for “retinoblastoma”, “copy number”, “(a)CGH”,
and “SNP-array”, 11 studies were identified that performed genome-wide profiling of retinoblastoma
adding up to 290 samples. No duplicates samples were identified. For the Ganguly study14, copy number
results could not be linked to individual tumors and therefore this study, including 25 samples was
discarded. The remaining 265 samples were all included in quantitative analysis and were complemented
with 45 SNP-arrays from our current study, adding up to 310 samples.

of genes. To do so, SCNA-gain and SCNA-loss frequencies were used to
compile a list of most plausible candidate genes and were integrated with
micro-array gene expression data. For each approved HGNC gene, the
number of patients with SCNA-gains subtracted from the number of patients
with losses was calculated, which we call the SCNA-gain-loss difference.
By subtracting the number of patients with gene losses from the number of
66
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Figure 2: SCNA frequencies per study: Genome-wide SCNA-frequencies (DNA copy number gains in
red, losses in blue) detected in primary retinoblastoma samples in our current study (Kooi, N=45) and in
ten published studies. Studies are ordered by sample size where the largest study is placed at the top.

patients with gene gains, non-disease associated SCNAs that arose from
random genomic instability, which usually are both gained and lost in a
cohort, were not prioritized. In addition to the SCNA-gain-loss difference, the
percentage of patients affected by gain/loss of the respective gene (SCNApercentage) was used as an extra threshold for candidate gene selection.
We considered genes with an SCNA-percentage >10% (out of 310
retinoblastoma samples) as candidate genes. This frequency threshold was
empirically determined by plotting the number of genes that meet increasing
SCNA percentage criteria (Figure S1). This figure shows that the number of
genes passing the SCNA percentage filter decreases rapidly but stabilizes
at SCNA percentage between 5 and 15%. Chromosomes that contained
candidate genes included chromosomes 1, 2, 6, 7, 13, 16 and 19. For these
chromosomes, the SCNA-gain-loss difference is visualized along genomic
67

coordinates (Figure 3).

3
Figure 3: Identification of SCNA peak regions: For chromosomes that contained commonly altered
genes, the gain-loss difference (number of patients with gains minus the number of patients with losses)
is plotted for each official HGNC along chromosomal coordinates. For each of these chromosomes,
peak regions were defined (also see Table S3) indicated by the dashed rectangles and were used for
retinoblastoma driver discovery.

For each chromosome, peaks were defined by the gene with the highest
SCNA-gain-loss difference and neighboring genes that showed at
maximum 1% decrease in SCNA-gain-loss difference relative to the peak
gene, visualized by the dashed numbered rectangles (Figure 3). Genomic
coordinates with annotated gene symbols are given (Table S3). For the
Mol study15 and our current study, matching gene expression profiling was
available for 56 samples (Table S4)19. Using this dataset, gene dosage
effects (more/less gene copies is correlated with more/less gene expression)
were quantified. For each peak region, genes with a significant gene dosage
effect are listed in the last column of Table S3. Whereas the candidate list for
chromosomes 1, 2, 6, 7 and 13 (relatively small peak regions) was narrowed
down to a handful of genes, for chromosomes 16 and 19 (relatively large
peak regions) there were still many candidate genes remaining. In Table
S5, more detailed information is given on the candidate genes including
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the mean expression of the respective gene in the expression profiling
cohort. For candidate genes on chromosome 1, 2, 6, and 7, genes with the
highest mean expression were NEK7, MYCN and DDX1, E2F3 and SOX4,
and CHCHD3 respectively. For chromosomes 13 containing deletions,
RB1 had the lowest mean expression. For candidates on chromosomes
16 and 19 there were no genes that clearly showed the lowest or highest
expression. Therefore, narrowing down retinoblastoma-associated genes
any further than presented in Table S3 was considered too speculative and
was therefore omitted for chromosomes 16 and 19.
To test the robustness of the peaks identified by the described
meta-analysis (Table S3) and to identify smaller or additional peak regions,
subset analyses were performed on the high-resolution SNP-array studies
for which raw data was available (Mol, Zhang, Kooi, N=111). In addition to
DNAcopy (circular binary segmentation), genoCN (Hidden Markov-Model)
was used to infer the copy number states gain, loss and unchanged. The
resulting gene-wise frequencies of gain and loss (Figure S2) are visualized
per study. The gain-loss differences determined by genoCN were strongly
correlated (correlation test p-value < 2.2E-16, r = 0.95) with the gain-loss
differences determined with DNAcopy (Table S5). Yet for 1q and 6p, the
gain-loss differences determined by genoCN reached a maximum at slightly
different genes; for 1q at MIR181 and for 6p at KDM1B, DEK, RNA6-263P,
RNF144B and MIR548A1 (Table S5). The DEK gene displayed the most
significant gene-dosage effect (FDR-adjusted p-value 3.25E-05) and is one
of the most highly expressed genes interrogated by the micro-array (rank
38/18,290). In addition to genoCN segmentation, GISTIC analysis was
performed on the Mol, Zhang and Kooi subset (Figure S3, Table S5 and S6).
This algorithm uses not only SCNA frequency and recurrence but also the
SCNA amplitude to identify significantly altered regions. GISTIC analysis
confirmed the significance of arm-level gains at 1q and 6p and loss at 13q
and 16q and also confirmed peak 2 (MYCN, 2p24.3), which was identified by
the meta-analysis. While GISTIC analysis could not identify a clear focal peak
at 6p, multiple peaks were identified at 1q and 13q, signifying the difficulty
of single-gene identification. The highest peak at 1q in GISTIC analysis
at 1q32.1 included 39 genes, but did not overlap with peak 1 identified by
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the meta-analysis (Table S3). The GISTIC peaks at 13q also did neither
overlap with corresponding peak 5 (13q) from the meta-analysis nor with the
RB1 locus. Additionally to the peaks identified by the meta-analysis (Table
S3), GISTIC identified focal gain of 14q22.3 including OTX2 (gene dosage
effect FDR-adjusted p-value 0.07) also discussed in the Mol study, loss of
1p36.32 (138 genes, Table S5 and S6) and loss of 17p13.3 (80 genes, Table
S5 and S6). Of note, the GISTIC gain peaks at 7p14.1, 7q34 and 14q11.2
are the regions that are commonly lost in lymphocyte DNA, not gained by
retinoblastomas (also see section 4.1, Figure 2)18.

3

70

Clustering of tumors based on SCNAs is mainly driven by total
genomic disruption
Previous studies have shown that there is profound variability in copy
number profiles of retinoblastoma samples associated significantly
with age at diagnosis7,8,12,15, heredity15 and laterality12,15. In addition,
profound differences in gene expression profiles between retinoblastoma
samples were identified19,20. To identify genomic retinoblastoma subtypes,
unsupervised hierarchical clustering (UHC) of retinoblastoma samples was
performed using per gene SCNA-calls, displayed by a heat map (Figure
4A). The resulting retinoblastoma sample clustering is visualized by the
dendrogram on top of the SCNA heat map together with corresponding
color-coded sample information. The dendrogram was pruned to yield 4
UHC groups, optimizing for the differences between within cluster - and
between cluster distances. Yet, it is arguable whether these 4 UHC groups
represent truly distinct molecular retinoblastoma subtypes. To test for mutual
exclusivity between frequently altered chromosomes, correlation tests were
performed. None of the frequently altered chromosomes were significantly
anti-correlated (Figure S4). Instead of mutually exclusive SCNAs, clustering
(Figure 4A) could be mainly driven by gradual variability in total genomic
disruption. Indeed, total genomic disruption (in our study defined as the
number of genes affected by SCNAs) was significantly different between the
four UHC clusters. (Kruskal-Wallis p-value < 2.2E-16, Anova F-test: p-value
< 2.2E-16). To further investigate a possible gradual variability in total
genomic disruption, clustering (Figure 4A) was complemented by ordering
the samples based on total genomic disruption (Figure 4B). There was a

3
Figure 4: Clustering of genome-wide SCNA: Heat map of genome-wide SCNAs for 310 primary
retinoblastoma samples (columns). Gains are indicated in red and losses in blue. (A) Samples are ordered
by unsupervised hierarchical clustering (UHC) visualized by the dendrogram on top. The dendrogram
was pruned in 4 UHC-groups indicated by UHC-group numbers and colored branches. Color-coded
sample information: invasion: red=not-invasive, blue=invasive; rosettes: red=no rosettes, blue=rosettes;
differentiation: red=poor, blue=moderate, green=well; focality: red=multifocal, blue=unifocal; laterality:
red=bilateral, blue=unilateral; heredity: red=hereditary, blue=non-hereditary, tumor volume by MRI and
age at diagnosis: continuous green-to-red scale where green means small tumors diagnosed at early
age and vice versa. (B) Instead of ordering by UHC, samples are ordered based on total genomic
disruption by SCNAs. P-values indicate the significance of association between total genomic disruption
and the clinical variable.

Figure 5: Relation of total genomic disruption with clinical data: Total genomic disruption by SCNAs
with significantly correlated (p-values in table 1) clinical and histopathological variables. Total genomic
disruption is defined by the number of genes with either increased or decreased copy number. For
numerical variables (B) age at diagnosis and (C) SCNA-amplitude, samples were categorized in quartiles
based (A) on total genomic disruption. For example, Q1 denotes the 25% of tumors with the least genomic
disruption and Q4 vice versa. SCNA-amplitudes are expressed as Log2-ratios. The horizontal red line
illustrates the SCNA-threshold used for calling gains and losses (also see paragraph 2.4 in materials and
methods and Figure S6). For factorial variables (D) laterality, (E) heredity, and (F) differentiation grade
the number of genes with SCNAs is stratified per factor level.
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remarkable gradual increase in total genomic disruption that correlated with
age at diagnosis (p-value < 2.2E-16). For each individual recurrent SCNAgene, the frequency of occurrence increased with increasing total genomic
disruption and age at diagnosis. Furthermore, recurrent 2p (mean age
25, standard error of the mean (SEM) 2.2 months) and 6p gains (mean
26, SEM 2.2 months) were observed in more stable and early diagnosed
tumors (one-way ANOVA p-value 0.01) than 1q gains (mean 30 months,
SEM 1.9 months) and 16q losses (mean 34, SEM 2.3 months). Possibly,
total genomic disruption could be a better descriptive for SCNA-profiles than
stratified groups identified by UHC.
Genomic disruption increases with age at diagnosis, loss of
differentiation, and SCNA-signal strength
To assess the statistical significance of the association between total
genomic disruption and clinical and histopathological variables, hypothesis
testing was performed and presented in Table 1. Data of variables that
significantly associated with total genomic disruption were also visualized
(Figure 5). In case the clinical variable was numeric (e.g. age at diagnosis)
the tumors were stratified in 4 disruption quartiles (Q1=25% least disrupted
tumors, Q4=25% most disrupted tumors, Figure 4B) each showing boxplots
of the clinical variable of interest. By definition, total genomic disruption
differed significantly (p-value < 2.2e-16) between these disruption quartiles
(Figure 5A). The average SCNA-amplitude per tumor was calculated
from the segmentation mean of SCNAs with amplitudes both below and
above the used segmentation threshold. Total genomic disruption linearly
increased with SCNA-amplitudes (Figure 5B). This panel also shows that
SCNA-amplitude rarely exceeds change of one copy (copy number 3, Log2ratio 0.58). This means that there must be sample heterogeneity, either by
intra-tumor clonal heterogeneity or contamination with non-cancer cells (e.g.
retina or blood). For 40/66 (61%) samples in the Mol and our current study,
DNA diagnostics identified LOH at the RB1 allele as one of the disease
causing events (Table S7). For these tumors, the homozygosity at the RB1
locus (mBAF values, Table S7) is indicative for tumor cellularity. Tumor
purity was estimated to be very high (mBAF >=0.99) for 22/40 (55%) tumors,
high (mBAF >=0.90) for 14/40 (35%) and moderate (mBAF >=0.74) for 4/38

tumors. Also in the tumors for which the tumor cellularity was estimated to
be very high, the SCNA amplitudes rarely exceeded one copy. An example
is given for tumor 101032-02 (Figure S5) which clearly shows LOH at 13q
and incomplete LOH at 16q. Since the tumor cellularity for the rest of the
cohort (272/310, 88%) could not be determined, possible non-cancer cell
contamination could not be ruled out for the majority of the cohort.
Possibly, the gradual differences in SCNA-amplitudes are caused
by differences in within-tumor heterogeneity. It has been demonstrated
before that within the same tumor, fields of SCNA-devoid differentiated
benign precursor lesions were located adjacent to more undifferentiated
malignant retinoblastoma fields full of SCNAs5. In agreement, increase in
SCNA-amplitudes and total genomic disruption correlated with decreased
differentiation grades (p-value 0.04).
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Table 1: Total genomic disruption in relation to clinical and histopathological variables
Independent variable

Descriptive statistics
Mean ± SEM

Hypothesis testing
p-value (statistical test)

Age at diagnosis (months)
Q1 (25% least disrupted tumors)
Q2
Q3
Q4 (25% most disrupted tumors)

8 ± 1.4 months
14 ± 1.8 months
26 ± 2.6 months
38 ± 3.4 months

<2.20E-016* (WRST)

Laterality
bilateral
unilateral

# genes with SCNAs:
1267 ± 230 genes
2845 ± 223 genes

8.16E-008* (WRST)

Heredity
hereditary
non-hereditary

# genes with SCNAs:
1618 ± 252 genes
2752 ± 285 genes

0.0045* (WRST)

Differentiation grade
well
moderate
poor

# genes with SCNAs:
1998 ± 490 genes
3307 ± 523 genes
3556 ± 420 genes

0.046* (LBL)

FW-rosettes
yes
no

# genes with SCNAs:
1293 ± 327 genes
2661 ± 844 genes

0.048 (WRST)

Focality
multifocal
unifocal

# genes with SCNAs:
1016 ± 157 genes
2650 ± 658 genes

0.1144 (WRST)
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Independent variable
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Descriptive statistics
Mean ± SEM

Hypothesis testing
p-value (statistical test)

Volume measured by MRI (mm3)
Q1 (25% least disrupted tumors)
Q2
Q3
Q4 (25% most disrupted tumors)

1028 ± 91 mm3
976 ± 123 mm3
773 ± 153 mm3
1120 ± 173 mm3

0.1828 (WRST)

Sex
male

# genes with SCNAs:
2732 ± 278 genes

female

2231 ± 228 genes

Rosettes
yes
no

# genes with SCNAs:
1325 ± 225 genes
2303 ± 986 genes

0.4004 (WRST)

Familiarity
familial
non-familial

# genes with SCNAs:
1045 ± 651 genes
1507 ± 220 genes

0.4437 (WRST)

Invasion
invasive
non-invasive

# genes with SCNAs:
3094 ± 326 genes
2939 ± 457 genes

0.5951 (WRST)

0.2191 (WRST)

Tested variables are sorted by statistical significance. Q1-4 denote cohort quartiles based on the number
of genes whose copy number is altered where Q1 denotes the cohort quartile with the least copy number
altered genes and Q4 the cohort quartile with the most copy number altered genes. WRST-Wilcoxon
rank-sum test, LBL=Linear-by-linear. * indicates significance (p-value < 0.05). P-values lower than 0.001
are given in scientific notation.

Retinoblastoma cell lines showed high total genomic disruption
Cell lines derived from retinoblastoma primary tissue are considered
valuable model systems to study retinoblastoma in vitro. To assess the
genomic resemblance of retinoblastoma cell lines to primary tumors, we
determined genome-wide SCNA-profiles for 8 retinoblastoma cell lines and
compared those to the 45 primary retinoblastoma samples. Furthermore,
retinoblastoma cell cultures have been extensively selected for proliferation
by in vitro culturing and might reveal focal SCNAs driving retinoblastoma
proliferation that remained undiscovered in primary samples. Segmented
SCNAs are visualized in a heat map for autosomal chromosomes per cell line
(Figure 6). Chromosomes 1, 2 and 6 were gained in 7/8 cell lines (RB1021,
RB383, RB247, RB191, RB176, WERI-RB1, and Y79) and chromosome
16q was (partially) lost in 5/8 (63%) cell lines (RB1021, RB191 and RB176,
WERI-RB1, and Y79). Gain of chromosome 7 was observed in 4/8 (50%)
cell lines (RB1021, RB191, RB176 and RB381) whereas cell line RB191
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showed focal increase of copy number at 7q33 (135-136.5 Mb). This region
includes 11 genes (CNOT4, SDHDP2, NUP205, C7orf73, RNU6-1154P,
SLC13A4, FAM180A, MTPN, LUZP6, RNU6-223P, and PSMC1P3). Only
NUP205 showed a significant association (FDR-adjusted p-value 2.62E5) between copy numbers and expression and was also identified as a
candidate in the primary tumor data set (Table S3). Gain of chromosome
19q was not observed in any of the cell lines. The mean number of genes
altered in cell lines (5813, S.E.M 1021) was significantly higher than in
Q1 (p-value=2.2E-06), Q2 (p-value=3.7E-06) and Q3 (p-value=1.3E-04),
while not different from Q4 (p-value 0.65). This analysis indicates that
retinoblastoma cell lines resemble primary tumors with high total genomic
disruption or that they are a representation of the genomic disrupted part of
the original tumors.
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Figure 6: Copy numbers in retinoblastoma cell lines: Genome-wide heat map of SCNAs in 8
retinoblastoma cell lines. Sex chromosomes are not displayed since no matching reference was available.
SCNA-amplitudes are expressed as Log2-ratio and mapped to a blue-to-red continuous color-scale.

DISCUSSION
In our study, SCNA-profiles of 45 primary retinoblastoma samples were
determined, which were analyzed together with SCNA profiles reported in
ten published studies. In addition, the copy number data was integrated
with publicly available matching gene expression data to further aid driver
discovery. Candidate driver genes included CRB1, NEK7 (1q), MYCN
(2p), SOX4 (6p), RB1 (13q) and numerous genes for 16q. By dedicated
subset analysis with the high-resolution platforms and by using alternative
analysis algorithms, MIR181 (1q) and DEK (6p) were identified additionally.
Furthermore, our study shows examples of tumors with SCNAs do not
exceed change of one copy, despite little non-cancer cell contamination,
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indicative for intra-tumor heterogeneity. Also, our meta-analysis allowed for
a comprehensive association of retinoblastoma genotypes to the clinical
phenotypes, which furthers our understanding of retinoblastoma.
Candidate genes reported in previous studies
Several studies aimed to identify genetic alterations promoting retinoblastoma
development beyond loss of RB1. While most studies have focused on
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genetic alterations, it was also shown that epigenetic alterations might be
important for retinoblastoma carcinogenesis16. Yet, the main focus of our
current study is genetic alterations. Some of the previous retinoblastoma
copy number alteration studies limited their discussion of SCNA-profiles to
correlations with total genomic disruption (Mairal, van der Wal, Zhang), while
other studies also provided suggestions for putative candidate genes beyond
focally altered MYCN or RB1 (Chen, Herzog, Lillington, Zielinski, Gratias,
Sampieri, Mol). Although our study showed that the detected genome-wide
SCNA-profiles showed good agreement between these studies (Figure 2),
there was a clear variability in the suggested candidate genes between
different studies (Figure 7).
Candidate genes identified by the meta-analysis
For chromosome 1q-gains, eight different candidate genes have been
proposed by previous studies. All of them are not located within the SCNAgain candidate peak 1 region. Nevertheless, KIF14, MDM4, REN, and
ZNF281 were close (<5 Mb, see Figure 7, Table S5) and MDM4 and REN
were located in the GISTIC peaks (Figure S3, Table S5 and S6). In the metaanalysis, the most frequently gained genes with a significant gene dosage
effect at chromosome 1q were ZBTB41, CRB1 and NEK7. The NEK7 gene
showed the highest mean expression among these three candidates (Table
S5). The NEK7 gene is part of the NIMA-related mitotic kinase gene family.
In agreement, it was found that malignant retinoblastoma fields consist of
mitotically active cells, in contrast to retinoma fields21. Also, overexpression
of family member NEK6 was shown to antagonize p53-induced senescence
in human cancer cells22. Interestingly, benign precursor retinoma lesions
stained positively for senescence-associated proteins p16INK4A and p1305.
Possibly, gain of NEK7 and subsequent protein overexpression can
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antagonize p53-induced cellular senescence and causes benign retinoma
cells to progress though the cell cycle. Furthermore, the oncogenic potential of
NEK[6/7] has been recognized in various cancers, including breast cancer23,
gallbladder cancer24, Wilm’s tumors25 and head and neck cancers26. Using
our integrative genome-wide approach, our study now also identified NEK7
as novel 1q candidate gene potentially driving retinoblastoma progression.
Next to NEK7, the second most highly expressed gene in peak 1, CRB1,
is a noteworthy candidate driver gene as well. CRB1 is involved in the
development of photoreceptor cells27, which are suggested to be the
cells of origin of retinoblastoma28.Expression of CRB1 interrupts naturally
occurring apoptosis and photoreceptor apoptosis required for proper retinal
morphogenesis29. Mutations in the CRB1 gene cause abnormally thick retina
with abnormal lamination, in particular in the photoreceptor-dense are at the
fovea29. Possibly, overexpression of CRB1 driven by copy number gains
accelerates photoreceptor-derived retinoblastoma.
Good concordance between our results and previously proposed
candidate genes was observed for chromosome 6p gains. Out of 13 previously
proposed candidates, E2F3, ID4, and SOX4 are located in the candidate
peak 2 region. For ID4, no significant gene dosage effect was observed in
this study. To compensate for possible residual RB1 activity, gain of E2F3
might be important for retinoblastoma to develop. However, SOX4 is also
an interesting candidate gene. In hepatocellular carcinoma it was shown
that SOX4 over-expression led to a significant repression of p53-induced
Bax expression and subsequent repression of p53-mediated apoptosis
induced by gamma-irradiation30. Possibly, gain of SOX4 in retinoblastoma
could be a relevant hit beyond loss of RB1, allowing RB1-inactivated cells
to better escape p53-induced apoptosis or senescence. Similarly to NEK7,
SOX4 has been identified as an important oncogene in a variety of other
cancers including endometrial cancer31, brain cancer32,33, breast cancer34,
bladder cancer35, ovarian cancer36, colorectal cancer37, liver cancer30 and
leukemia38. Therefore we suggest that SOX4 should be considered as a
serious candidate gene of the 6p gain region.
In case of chromosome 7q and 19p gains and 16q losses assignment
of the driving gene is more speculative. Since focal SCNAs are not observed

3

77

3

at these genomic loci, the resulting candidate peak regions contain
numerous candidate genes. Several previous studies proposed RBL2
(protein p130) as a candidate gene for the 16q loss (Figure 7) which is often
seen in patients diagnosed at later age. Since p130 is primarily expressed
in G0-cells restricting them for cell cycle entry39, loss of p130 could prevent
cellular senescence and promote the benign-to-malignant transition. Our
study showed that copy numbers of RBL2 are commonly reduced and are
associated with decreased expression. Therefore, also in our analysis, it
remains one of the many candidates for 16q loss. For chromosome 7q gains,
out of 10 proposed candidates based on primary retinoblastoma samples,
only NUP205 is included in a focal gain observed in cell line RB191. In lung
cancer cell lines it was shown that through TMEM209 stabilization of NUP205,
protein levels of MYC were increased and promoted cell growth. Attenuation
of TMEM209 stabilization corresponded to blocked growth, indicating
the TMEM209-NUP250 complex might play a role in cell proliferation40.

Figure 7: Reported candidate genes: Overview of putative candidate genes proposed by previous
studies for commonly gained chromosomal arms 1q and 6p and commonly lost 16q.

Limitations of candidate gene identification
By integrating data from our DNA profiling study with published studies and
integration with gene expression data, we present a comprehensive effort
to identify retinoblastoma driving genes. A potential disadvantage of data
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pooling is that the resolution of the pooled data is lower than the resolution
of the three high-resolution SNP-array studies. Another disadvantage is that
SCNA amplitudes are not available for all studies. This meant that in the
pooled analyses, SCNA amplitudes were not taken into account. Therefore,
the pooled analysis was complemented by a subset GISTIC analysis using
the high-resolution Mol, Zhang and Kooi datasets only (Figure S3, Table
S5 and S6). While GISTIC analysis confirmed the significance of 1q, 6p
and 16q alterations and peak 2 (2p24.3, including MYCN) from the pooled
analysis, the peak regions at 1q and 13q were slightly shifted in GISTIC
analysis. For 1q, GISTIC even identified multiple regions to be significantly
altered. Also when a different segmentation algorithm was used (genoCN,
Figure S2 and Table S5), the peaks at 1q and 6p slightly shifted, in this case
towards the MIR181 and DEK genes respectively. Except for 2p where only
MYCN is included in all gained regions, multiple candidate genes remain
for the commonly altered chromosomes. Therefore, functional assays are
needed to empirically determine the oncogenic potential of the described
candidate genes.
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Models explaining the association between total genomic
disruption and age at diagnosis
Previous studies showed that retinoblastoma tumors have profound
variability in total genomic disruption. It was unclear whether this variability is
dichotomous or gradual, suggestive of two subtypes or gradual progression
respectively. The study of van der Wal et al. suggested that variability in total
genomic disruption was bimodal, although this was based on a small study
(N=13) and was not substantiated by any statistics. In the study of Mol et
al. (N=21), it was shown that unsupervised hierarchical clustering divided
retinoblastoma samples into three branches with increasing total genomic
disruption. Our study conclusively shows that total genomic disruption is
gradual and co-occurrence and/or mutual exclusivity of SCNAs is not
apparent. Increasing total genomic disruption was related to decreasing
differentiation grades and suggests a de-differentiation process. Since our
data includes indications for intra-tumor heterogeneity of genomic alterations,
possibly there was also heterogeneity in differentiation grades between cells
within tumors. In agreement, examples have been described where fields of
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differentiated cells lie adjacent to undifferentiated cells21.
It is interesting why tumors with much genomic disruption and poorly
differentiated cells were particularly observed in patients diagnosed at
late age. Possibly, in tumors where the second RB1 hit occurred at later
age the resulting precursor lesion was less proliferative than lesions that
developed more early in retina development. When SCNAs occurs in these
late-onset precancerous lesions, the initial SCNA-devoid cells are easily
overgrown by the progressed proliferative cells. The hypothesis that the
proliferative consequence of RB1 inactivation in the retina is age-dependent
is underscored by the fact that retinoblastoma does not occur after the
retina is fully developed. Additionally, diagnosis could have been delayed in
patients with older age at diagnosis and thereby allowed the tumors more
time to acquire SCNAs and progress.

IN CONCLUSION
Our integrated approach allowed us to refine and improve the lists of putative
retinoblastoma driving genes. This limited set of genes can serve as leads
for future studies on retinoblastoma progression and precision medicine.
However, we also found that for at least a subset of tumors, abnormal gene
copy numbers were not always present in all tumor cells. Therefore, a multitarget treatment strategy might be required for efficient retinoblastoma
treatment.
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ABSTRACT
Retinoblastoma is a rare childhood cancer initiated by RB1 mutation or
MYCN amplification, while additional alterations may be required for tumor
development. However, the view on single nucleotide variants is very limited.
To better understand oncogenesis, we determined the genomic landscape
of retinoblastoma.
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We performed exome sequencing of 71 retinoblastomas and
matched blood DNA. Next, we determined the presence of single nucleotide
variants, copy number alterations and viruses.
Aside from RB1, recurrent gene mutations were very rare. Only a
limited fraction of tumors showed BCOR (7/71, 10%) or CREBBP alterations
(3/71, 4%). No evidence was found for the presence of viruses. Instead,
specific somatic copy number alterations were more common, particularly
in patients diagnosed at later age. Recurrent alterations of chromosomal
arms often involved less than one copy, also in highly pure tumor samples,
suggesting within-tumor heterogeneity.
Our results show that retinoblastoma is among the least mutated
cancers and signify the extreme sensitivity of the childhood retina for RB1
loss. We hypothesize that retinoblastomas arising later in retinal development
benefit more from subclonal secondary alterations and therefore, these
alterations are more selected for in these tumors. Targeted therapy based
on these subclonal events might be insufficient for complete tumor control.

INTRODUCTION
Retinoblastoma is a childhood cancer of the retina. Although the disease
is relatively rare accounting for 2% of childhood cancers2, retinoblastoma
is the most common intra-ocular malignancy in children3. From a clinical
genetics perspective, three retinoblastoma types can be distinguished:
familial (10%), sporadic heritable (30%) and non-heritable (60%). Patients
with familial or sporadic heritable retinoblastoma have a germ line monoallelic RB1 mutation and have acquired a second RB1 hit in the retina.
While familial patients have inherited the mutant allele, sporadic heritable
patients have acquired a de novo RB1 mutation. The majority of nonheritable retinoblastoma (95%) is also caused by bi-allelic inactivation of
RB1 but in this case occurring through two subsequent somatic events in
the developing retina. A minority of non-heritable retinoblastoma (2%) is
caused by amplification of the oncogene MYCN4. Recently, chromothrypsis
of chromosome 13 disrupting the RB1 locus has been described as an
alternative mechanism for RB1 inactivation5. Possibly, 13q chromothrypsis
accounts for the remaining patients for whom no RB1 or MYCN alterations
can be found by Sanger sequencing, Multiplex Ligation-dependent Probe
Amplification (MLPA) or RB1 promotor methylation assays.
Yet, while inactivation of RB1 in the developing retina is sufficient for
neoplastic onset, it has been suggested that additional genetic alterations are
required for malignant progression6. In agreement, based on comprehensive
genome-wide next-generation sequencing (NGS) efforts, it was claimed
that two to eight genetic alterations are required to drive tumorigenesis7.
Throughout the last decade, useful insights about secondary genetic
alterations in retinoblastoma have been obtained by studies profiling large
(>50 Kb) somatic copy number alterations (SCNAs). Unlike many other
cancers, very little is known about smaller genetic alterations (<50 Kb) that
are typically identified by genome-wide NGS. To date, only 14 retinoblastoma
samples have been profiled for single nucleotide variations (SNVs) and
insertions and deletions (INDELs) in a genome-wide fashion8,9.
Our current study set out to determine the prevalence of SNV and
INDELs in order to facilitate the identification of the genetic alterations that drive
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retinoblastoma development. To this end, whole-exome sequencing (WES)
of a diverse set of retinoblastoma and matching blood DNA was performed
(N=71). Using dedicated bioinformatics and statistics, this dataset allowed for
the identification of SNVs/INDELs, SCNAs including chromothrypsis, loss of
heterozygosity (LOH) and viral content. By integrating genomics with clinical
and histopathological data, our study aims to provide a detailed molecular
landscape, which may help better understand retinoblastoma development.

MATERIALS AND METHODS

4

Tissue collection
Tumor samples were obtained from retinoblastoma patients after primary
enucleation and peripheral blood samples were collected at initial
presentation before treatment. Tumor samples were snap frozen in liquid
nitrogen and stored at -80°C until further analysis. All patient samples and
clinical and histopathological features were collected and stored according
to local ethical regulations. All patients gave consent verbally, as this was
the standard in the time the included patients were diagnosed. Since genetic
analyses of our study focused on tumor DNA and not germ line DNA, waiver
of informed consent was specifically given for genetic analyses by The
Medical Ethics Review Committee of the VU University Medical Center
which is registered with the USA OHRP as IRB00002991. The FWA number
assigned to VU University Medical Center is FWA00017598. It was required
that germ line variants were anonymized and pooled during somatic small
variant identification. All experimental protocols used in this study were
approved by the Medical Ethics Review Committee of the VU University
Medical Center and all methods were carried out in accordance with the
approved guidelines.
Sample preparation for whole-exome sequencing
Genomic DNA from frozen tumor retinoblastoma specimens (N=72) and
matching white blood cell DNA (N=71, 1 bilateral patient: one tumor sample
per affected eye, 1 blood sample) was isolated with the NucleoSpin Tissue
kit (Macherey-Nagel, Düren, Germany) or Wizard Genomic DNA Purification
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Kit (Promega, Madison, USA). DNA quality was analyzed for high molecular
bands >20 kb by agarose gel electrophoresis. DNA concentrations were
determined by Qubit 3.0 Fluorometer (Life technologies, Bleiswijk, The
Netherlands). DNA yields and quality were within the same range for all
samples. Genomic DNA was sheared using Covaris Focused-ultrasonicator
(Covaris, Woburn, USA). Quality control of fragmented DNA was performed
with Genomic DNA ScreenTape (Agilent technologies, Santa Clara, USA).
DNA end-repair and ligation of sequencing and indexing adapters was
done using Truseq Nano DNA library prep kit (Illumina, San Diego, USA).
Exon enrichment was performed using SeqCapEZ v3.0 (Roche Nimblegen,
Madison, USA). Sample preparation was performed in two batches, the first
batch comprised tumor samples T1-T24, the second batch T25-T72. Within
batches, tumor IDs were randomly assigned. Six samples were pooled per
sequencing library and sequenced with 125 bps paired-end sequencing,
HiSeq 2500 HT v3/4 (Illumina) yielding on average 40.6 million read pairs
(range 28.6–56.8 million reads, N=143).
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Pre-processing of sequencing reads and quality control
Sequencing data is stored at the European Genomics Archive under
accession number EGAS00001001690 and access is controlled by Data
Access Committee EGAC00001000431. Adapter removal and 5’-end quality
trimming was performed using Trimmomatic51 using default parameters. Read
quality control of cleaned data was done with FastQC. Clean sequencing
reads were mapped to UCSC genome version hg19 with Burrows-Wheeler
aligner (BWA)52 in paired-end mode. Post-mapping quality control was done
by Picard CalculateHsMetrics. Sequencing targets are considered all exons
in RefSeq release 70. Genomic locations of the baits are defined in the
specification of the SeqCap EZ v3.0 documentation.
Gender tests for sample quality control
Based on the number of reads mapped to chromosome Y relative to all
mapped reads, gender estimations were made. Tumor T53 was obtained
from a female patient according to the patient information records but based
on WES data its gender was estimated to be male (Supplementary Fig. 2).
This observation questions the identity of the T53 sample, and therefore
89

it cannot be guaranteed that the correct germ line sample was included.
Therefore T53 was discarded in all further analyses.
Somatic and pathogenic SNVs/INDELs
For variant calling, GATK53 was used to recalibrate base call scores, to realign reads around INDELs and to call variants using the haplotype caller.
Variants with low coverage (depth < 5 reads), low GATK variant quality
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(GATK variant QUAL < 50) and/or strand bias (FisherStrandBias > 60)
were discarded and remaining variants were annotated with ANNOVAR54.
According to the rules of the local medical and ethical committee, genomewide variants of germ line samples were anonymized and were merged
into a single retinoblastoma germ line variant database. To identify somatic
variants, only tumor variants that were not recorded in the retinoblastoma
germ line variant data base were considered if they were at least covered
by 10 reads. Two variants were considered identical when they had similar
genomic coordinates, reference and mutant allele sequences, and the same
GATK genotype calls (AA, AB, BB). To filter for somatic pathogenic variants,
the somatic variants were required to be infrequent (<0.1%) in Exome
Sequencing Project version 6500 and 1000 genomes 2014Oct. Variants
were also were required to be marked “PASS” by GATK and were truncating
(stop-gain/loss, frameshift-gain/loss, and INDELs) or splice site mutations
or amino acid substitutions that were scored pathogenic by at least 2 out of
4 pathogenicity predicting programs (SIFT, LJB_LRT_Pred, PolyPhen2, and
MutationTaster).
Validation of RB1 mutations by conventional DNA diagnostics
Validation of somatic and possibly pathogenic mutations was done by
comparing RB1 mutations identified by WES with results from diagnostics
testing on tumor and germ line DNA by conventional methods described
previously55. Germ line RB1 genetic testing was performed for all patients
but one (T29, bilateral patient). Tumor DNA diagnostics was available for 36
patients. 12/35 patients for whom no tumor DNA diagnostics was performed,
a germ line RB1 mutation was found. The remaining 23 patients without
detectable germ line mutation and no available DNA diagnostics were all
non-heritable unilateral patients diagnosed before 2007.
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Somatic copy number alterations
For somatic copy number alteration detection, the depth of coverage for 20
Kbps genomic windows was summarized using off-target reads only. The
percentage of off-target reads per sample was on average 18% (range 11.9–
23.4%, N=141). Genomic windows that are hard to quantify with NGS (low
mappability regions) according to the uniqueness of the ENCODE reference
genome were discarded. Depth of coverage was normalized for GC content
and mappability and log2-transformed ratios of tumor and matching germ
line (Log2-R-ratios, LRR) were used for segmentation with DNAcopy under
default parameters. These analyses were implemented by CopywriteR11.
Allelic imbalance and loss of heterozygosity
All variants detected by GATK for all samples (N=143) were pooled in a
single database using VCFtools56. For each unique variant position and
each sample, the B/variant allele frequency (BAF or VAF) and genotypes
were calculated by SAMtools mpileup. Variant positions with at least 20x
depth of coverage in at least 80% of the samples were considered, adding
up to 208,822 unique markers. Using BAFsegmentation57, mirrored BAF
(mBAF) were computed and mBAF segmentation was performed using
allelic imbalance threshold 0.6 and a minimum of 5 consecutive markers for
calling. Allelic imbalance was called loss of heterozygosity when segmented
mBAF values exceeded 0.8.
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RESULTS
Identification of significantly mutated genes by somatic SNV/INDEL
analysis
To identify genes relevant for retinoblastoma carcinogenesis, we compared
SNVs/INDELs observed in 71 primary retinoblastoma samples with a variant
database established from blood DNA of the same patients (N=70, from
one bilateral patient, one tumor sample per eye was analyzed). Sequencing,
alignment and enrichment statistics are provided (Table S1). The number of
exonic variants ranged between 18,510 and 23,772 variants per tumor sample,
adding up to a total of 1,386,285 variants in the tumor cohort. By comparing
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tumor variants with the pooled blood variant database, only 5,797/1,386,285
(0.41%) variants were considered somatically acquired. Using the criteria
for possible pathogenic variants (see Materials and methods, chapter 1.4),
only 258/5,797 (4.45%) of the somatic variants remained (Table S2). These
258 somatic variants were distributed over 202 unique genes, of which only
3 genes were recurrently (i.e. at least two different patients) mutated; RB1
(51 variants, 44 patients), BCOR (5 variants, 5 patients), and CREBBP (2
variants, 2 patients). For tumors with SNVs/INDELs in RB1, tumor cellularity
could be estimated based on the variant allele frequency (VAF). Patients
that were compound heterozygous for RB1 (confirmed by conventional DNA
diagnostics) had a mean VAF close to 0.5 (mean 0.48) and patients with
homozygous RB1 mutations (confirmed by conventional DNA diagnostics)
had a mean VAF close to 1 (mean 0.98), indicating high tumor cellularity
in our cohort. Variant details for BCOR and CREBBP genes are given in
Table 1. VAFs of BCOR and CREBBP were well below 1, indicating that not
all alleles were mutated and therefore possibly not all tumor cells harbored
these secondary variants. In short, although relatively lenient thresholds
were used for pathogenicity and recurrence, aside from RB1, only two
genes were identified as recurrently hit by somatic and possibly pathogenic
mutations.
In parallel to our custom defined filtering strategy MutSigCV10
was used, a tool purposed to find significantly mutated genes based on
frequency and adjusting for sequence content and coverage. Somatic
variants that were not located in segmental duplication regions, had at least
10x sequencing depth and were flagged “PASS” by the GATK variant filter
were used as input for MutSigCV (2085 variants). Only RB1 was significantly
mutated (q-value 3.35E-11) (Table S3). Although BCOR was not considered
significantly mutated after multiple testing correction (p-value 1.30E-03,
q-value 1), notably this gene ranked sixth in the MutSigCV gene list.

Table 1: Somatic and possibly pathogenic variants for genes that showed at least 2 variants,
excluding RB1
Gene

Type

Refseq cDNA annotation

Depth

VAF

Sample

BCOR

stopgain SNV

NM_001123384:c.T4472A:p.
L1491X

36

0.92

t66

BCOR

nonsynonymous
SNV

NM_001123383:c.G3001C:p.
E1001Q

71

0.46

t63

BCOR

frameshift deletion

NM_001123384:c.3314delA:p.
D1105fs

82

0.50

t61

BCOR

stopgain SNV

NM_001123383:c.C2926T:p.
R976X

56

0.38

t57

BCOR

frameshift deletion

NM_001123384:c.4047_4053del:p
.1349_1351del

48

0.19

t23

CREBBP

nonsynonymous
SNV

NM_001079846:c.T4308G:p.
C1436W

81

0.17

t62

CREBBP

nonframeshift
deletion

NM_001079846:c.6629_6631del:p
.2210_2211del

11

0.27

t47

Somatic copy number alterations
Although WES was primarily designed for the identification of exonic SNVs/
INDELs, WES data can also serve well for copy number alteration profiling.
Using off-target sequencing reads that are not subject to systematic
biases due to bait hybridization efficiencies, we performed SCNA analysis
implemented by CopywriteR11. Segmented results are available (Table S4)
and when the file suffix is rename to .seg it can be used for convenient
browsing of the SCNA results in Integrative Genome Viewer (IGV)12. For
each HGNC approved gene, the sum of Log2-ratios (calculated based on
normalized read depth in tumor divided by matched germ line) is plotted
along genomic coordinates (Figure 1).
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Figure 1: Significantly altered copy number regions identified by GISTIC. A karyogram overview of
the cumulative copy number changes (Log2-ratios of tumors versus germ line summed over 71 samples,
Y-axis) is shown separately for gains (red) and losses (blue). Based on SCNA focality, amplitude and
recurrence, GISTIC identified significantly altered regions, which are highlighted by cytoband labels. For
regions that contained a single gene only, the gene symbol is given.

The sum of Log2-ratios is proportional to the total number of acquired DNA
copies in all tumor samples (N=71) for the respective gene. To identify
significantly altered genes, which appear as spikes in Figure 1, GISTIC
analysis was performed. Highlighted cytoband labels in Figure 1 indicate
regions identified by GISTIC as significantly altered. Putative target genes
are highlighted only if a single protein-coding gene was located at the
identified region. All significantly altered regions are given including RefSeq
gene annotation (Table S5). One of the significantly altered regions was
located at Xp11.4 and included BCOR exclusively. Instead of SNVs, two
tumors (T22 and T67) showed focal homozygous loss of BCOR adding up
to a mutations frequency of 7/71 (10%) tumors.

Figure 2: Examples of high-level gains. Segmented (orange lines) somatic copy number estimates
(black dots, Log2-ratios, Y-axis) are plotted along genomic coordinates (X-axis). Focal and high-level gains
were scarce and were restricted to chromosomes 1 (2/71 tumors), 2 (6/71) and 14 (1/71). Established
oncogenes contained in the focal gains are highlighted. Only for chromosome 2, the intersection of
amplicons included a single gene only (MYCN). Tumors T58, T21, and T5 showed co-amplification of
multiple loci at chromosome 1, 2, and 14 respectively.

4
Figure 3: Chromothrypsis of chromosome 4 (1/71 tumors) and 13 (5/71 tumors). Segmented
(orange lines) somatic copy number estimates (black dots, Log2-ratios, Y-axis) are plotted along
genomic coordinates (X-axis). Chromothrypsis, characterized by clustered chromosomal alterations,
was observed for 6 chromosomes in five different tumors. One tumor (T64) showed chromothrypsis at
both chromosome 4 and 13. Blue rectangles indicate the RB1 locus.

Figure 4: Amplitudes of 16q loss indicate tumor clonality. For each tumor (dots) the copy number
of 16q is plotted, ordered by increasing copy number. A green-to-red color scale was mapped to age at
diagnosis, showing a significant positive association between age at diagnosis and 16q loss amplitude
(Kendall’s rank correlation test, p-value 1.2E-06). The tumor labels included VAFs of RB1 variants
from which contamination with non-tumor cells can be inferred. Although the majority of tumors were
considered very pure (>90%, green labels), 16q loss did rarely reach change of one copy (11 tumors with
ploidy <=1), suggesting of within-tumor heterogeneity.
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High-level amplifications (in our study defined by > 10 copies, Log2-ratio >
2.32) were observed at 1q, 2p and 14q and are visualized in more detail in
Figure 2. Amplifications of the four regions at 1q were divided over two tumors,
one tumor (T58) with similar copy number for all four regions indicating coamplification and one tumor (T21) with only 1q32.1 amplification including
MDM4 and 26 other genes (Table S5). High-level amplification of 2p24.3
(MYCN) occurred in 6/72 (8%) tumors of which 4/6 (67%) lacked mutations
in RB1 (RB1-/-MYCNA)4. The tumor with focal 1q32.1 amplification (T21) also
showed focal MYCN-amplification and several additional focal amplifications
at 2p with similar copy numbers, indicating co-amplification. One previously
described tumor13 had high-level amplification of five focal amplifications at
14q with similar copy numbers as well (Log2-ratio 2.75, ploidy 2*22.75= 13.5
copies). All high-level focal amplicons showed LOH, indicating that only one
of the two alleles was amplified (haplotype amplification) consistent with
earlier reports of MYCN amplification in neuroblastoma14.
Six cases of chromothrypsis, defined as (sub-) chromosomal
shattering, were observed in five different tumors (T6, T34, T44, T59, T64,
Figure 3) for chromosome arm 13q (5/6) and 4q (1/6). For each of the five
13q regions showing chromothrypsis, the RB1 allele was included, indicated
by the blue rectangles in Figure 3. For 2/5 tumors with chromothrypsis at 13q,
SCNAs were all losses consistent with initial reports about chromothrypsis15
while for 3/5 tumors SCNAs were both gains and losses. Tumor T64 had
chromothrypsis of both 13q and 4q.
The most frequent large-scale SCNAs were gain of 1q, 2p, and 6p and loss
of 16q, in agreement with published studies1,9,13,16–20. This SCNA profile is
typical for retinoblastoma and is not observed in other cancers21, indicating
that these alterations may confer a growth advantage for retinoblastoma
lineages specifically. For the majority of 1p, 2p, 6p, and 16q alterations
(91/132, 69%, Table S6), the SCNA did not exceed change of one copy.
For illustration, copy numbers of 16q are visualized for each tumor (Figure
4). 69/71 (97%) of the tumors showed 16q copy number less than two,
although only 11/71 (15%) showed copy number below one. VAFs of RB1
are included in the labels and indicate the high tumor cellularity for the
majority of the cohort, meaning contamination of non-cancer cells cannot

explain incomplete loss of 16q. The remaining explanation is that not all
tumor cells showed 16q loss indicating within tumor heterogeneity for the
majority of the cohort. The amplitude of 16q loss may reflect the fraction of
cells with 16q loss.
By comparing SCNAs of 46 retinoblastoma samples made by single
nucleotide polymorphism (SNP) arrays with 153 high-grade serous ovarian
cancer, it was claimed that retinoblastoma genomes are remarkably stable9.
To compare the level of SCNAs of retinoblastoma with other cancer types, the
total level of genomic disturbance of our cohort was compared with all tumor
samples available at The Cancer Genome Atlas (TCGA, N=22,455 tumors)22.
For each individual tumor the total genomic disturbance, represented by the
number of DNA segments with equal copy number, is plotted per tumor type
(Figure 5). The tumor types are ordered by the median of total genomic
disturbance, confirming that retinoblastoma genomes attained relatively
few SCNAs compared to other cancers. It is unclear whether this is a
characteristic of pediatric cancer as no cancers types that exclusively occur
in children are covered in the TCGA data set.

4

Figure 5: Number of SCNAs across different cancer types. For each tumor (dots) the number of
contiguous DNA segments (so wild type is 22 + X + Y = 24 segments, log10(24)=0.38) is plotted for our
retinoblastoma cohort and all cancer types available at TCGA in alternating colors. Cancer types are
ordered by increasing median of SCNAs, showing that the retinoblastoma genome has relatively few
SCNAs compared with cancers available in TCGA.
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Validation of identified SNVs/INDELs and SCNAs by RB1
To demonstrate the sensitivity and specificity of the used sequencing
methodology for somatic and pathogenic variant detection, WES was
compared with standard molecular RB1 diagnostics based on Sanger
sequencing and multiplex ligation-dependent probe amplification analysis.
For heredity determination, blood DNA diagnostics was performed for all
patients, except for T29 (foreign patient). For a subset of patients (36/71,
44%), tumor RB1 diagnostics was performed as well, to aid diagnosis of
retinoblastoma heredity. Using a combination of previously described SNV/
INDEL and SCNA analysis, the primary disease causing genetic event (RB1
or MYCN alterations) was determined based on WES data and compared
with conventional RB1 diagnostics (Supplementary Fig. 1).
For 59/71 (83%) tumors, RB1 inactivation (either by SNV/INDEL or
SCNA detection) or high-level focal amplification of MYCN was detected
by WES (WES positives). In 31/59 (53%) of WES positives, conventional
tumor RB1 diagnostics was performed and the mutation detected by WES
was exactly the same as identified by conventional diagnostics, indicating
a high true positivity rate. For 28/59 (47%) of WES positives, no tumor DNA
diagnostics was available. However, for 6 WES positives without tumor DNA
diagnostics, a germ line mutation in RB1 was identified that was always
consistent with the somatic RB1 mutation detected by WES, again indicating
a high true positivity rate. However, for tumor T7 an RB1 variant was detected
by germ line DNA diagnostics in exon that was not detected by WES in
the tumor (high GC content, poor coverage), although WES data showed
LOH at the RB1 allele. Since, tumor T7 had acquired focal high-level gain
of MYCN, based on WES data this amplification would have been falsely
considered the primary event.
For a 12/71 (17%), no RB1 mutations or MYCN amplification could
be found by WES (WES negatives). For 4/12 WES negatives, tumor DNA
diagnostics was performed. For one tumor (T16), indeed no second RB1
hit or MYCN amplification was found by conventional DNA diagnostics (true
negative). For the other 3 WES negatives, RB1 mutations were found by
conventional diagnostics including a tumor with promotor hypermethylation
followed by LOH, one tumor with deletion of the promotor region and

subsequent LOH and one tumor with compound heterozygous splice-site
INDELs that were not annotated by Annovar in the WES-data. For the
remaining 8/12 WES negatives, no tumor DNA diagnostics was performed
but for 6 of them, a germ line mutation was found. All these 6 patients that
were WES negative but had a germ line RB1 mutation showed clear LOH at
the RB1 allele in the WES data. Apparently, somatic mutations of RB1 were
missed by WES for these 6 tumors. One patient had a pathogenic deep
intronic mutation (intron 18 inversion and splice site mutation), three had
complicated insertions and two had mutations that were missed by WES
because of thresholds for calling variants homozygous (RB1 variant in T39
VAF 81% and in T45 VAF 78%) and therefore somatic.
In short, all RB1 variants identified by WES that passed criteria to be
called somatic and pathogenic were confirmed by conventional methods.
Assuming that all tumors in our cohort either had RB1-inactivation or MYCN
amplification, the sensitivity of WES was 83% (59/71). Incomplete sensitivity
can be explained by epigenetic events, complex insertions, variants outside
WES target areas and used thresholds for calling variants somatic.
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Quantification of viral traces in retinoblastoma tumor and blood
After an HIV outbreak in Zambia, the incidence of retinoblastoma was
increased, suggesting a role for oncoviruses in retinoblastoma development23.
It was also shown that the use of barrier methods of contraception, associated
with decreased risk for human papilloma virus (HPV) infection, significantly
decreased the risk of having a child affected by retinoblastoma24. Since
HPV is known to inhibit the RB1 pathway25–27, HPV infection is a plausible
driver for retinoblastoma development alternative to - or in concert with RB1
mutations. However, controversies exist surrounding the presence of viruses
in retinoblastoma tissue28,29. To test whether viral DNA was present in our
tumor cohort, we aligned all reads to all available viral reference genomes
(2547 viruses) and counted the number of well-mapped reads per virus. As
a positive control for the detection of viruses in our WES data cohort, the
Enterobacteria phage phiX174 sensu lato (phiX174) virus was used. The
phiX174 virus DNA was spiked into sequencing libraries to guarantee enough
library complexity required for proper Illumina sequencing. Virtually all reads
that mapped to viral reference genomes (99.8%) mapped to phiX174. The
99

remaining viral reads (0.2%) mapped to 26 viruses, which have not been
associated with cancer previously (Table S7). In all, no evidence could be
found for the presence of tumor viruses in our retinoblastoma cohort.
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Testing for mutual exclusivity of identified somatic events and
correlation with phenotype data
The identification of negative correlations between genetic events
can give important insights into the molecular signaling pathways that
underlie carcinogenesis. For example, the RB1 pathway is inactivated in
all glioblastoma tumors but is caused either by somatic RB1 mutations,
CDKN2A/B mutations, or CDK4 amplification30. The power of analyses
aimed to identify negative correlations depends on the overall sample size
and the frequency of occurrence of the event pairs. To be more specific, if
two events rarely occur, a relatively big sample size is required to detect
a significant negative correlation. Since retinoblastoma is a rare disease
and identified genetic events beyond RB1 inactivation appear to be rare
except for large SCNAs, identification of mutually exclusive events might be
challenging.
Nevertheless, to identify negative correlations and ultimately
signaling pathways, a binary event matrix was compiled from the identified
SNV/INDEL and SCNA analysis (Figure 6). For each pair-wise combination
of somatic events, the phi correlation coefficient was calculated and tested
for significance. After correcting for multiple hypothesis testing, significant
negative correlations were only found between RB1 SNVs/INDELs
with either RB1 loss (FDR=0.01) or chromothrypsis at chromosome 13
(FDR=0.03). High-level focal amplification of MYCN and RB1 mutations by
was not considered significantly inversely correlated because tumor T21
acquired both alterations (single nucleotide frameshift deletion in exon 15
of RB1; NM_000321:c.1397delA:p.E466fs). Also for tumor T7, from a nonfamilial unilateral patient, both high-level amplification of MYCN and RB1
inactivation was observed (20 nucleotides frameshift insertion in exon 1;
NM_000321:c.25ins20:pT9fs), although RB1 inactivation was missed by
WES because of low exon 1 coverage. However, LOH at the RB1 locus
was clearly identified through WES which is a strong indication of RB1
inactivation.

Figure 6: Landscape of somatic alterations in retinoblastoma. A binary event matrix (red: event
occurred, white: event did not occur, grey: data not available) for SNVs/INDELs and SCNA, aligned
with color-coded sample information. Columns represent tumor samples and rows represent events.
For focal SCNAs containing a single gene only, the gene symbol is given in parentheses. Events that
showed significant negative correlation are paired with black lines highlighted on the right of the matrix.
Significant correlations between events and clinical variables are indicated by red labels on the left of the
matrix. For large SCNAs (1p, 2p, 6p, and 16q), tumors with a mean ploidy more than 2.3 or less than 1.7
were called altered (red boxes).
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Each event in the binary event matrix was tested for statistical
association with the phenotypic variables aligned on top of the event matrix
(Figure 6). The phenotypic variable that correlated with most of the events
was age at diagnosis. While focal high-level MYCN amplification and RB1
germ line mutations by DNA diagnostics were associated with young age at
diagnosis, homozygous RB1 loss, chromothrypsis of chromosome 13, and
alterations of chromosomal arms were associated with old age at diagnosis.
By definition, RB1 germ line mutations detected by DNA diagnostics were
associated with familial and heritable retinoblastoma. No significant relations
between SNVs/INDELs of BCOR or CREBBP with clinical variables were
found.
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DISCUSSION
The introduction of NGS enabled researchers to study genetics at
unprecedented speed and dramatically reduced costs31. In particular,
cancer research has benefited from the NGS development and as a result,
genetic defects underlying many cancer types were revealed32. However,
retinoblastoma is largely underrepresented in whole-exome/genome
sequencing efforts with only 14 retinoblastoma samples profiled to date5,9. Our
study is the first WES study that determined the somatic genomic landscape
of retinoblastoma. Considering the low incidence of retinoblastoma, the
sample size of our study was relatively large and therefore enabled powerful
analyses.

4

102

About frequently mutated genes except RB1
Genes recurrently hit by SNVs/INDELs aside from RB1 were restricted to
BCOR and CREBBP and were only observed in the minority (5/71 (7%)
and 2/71 (3%) tumors respectively) of tumors. Somatic pathogenic BCOR
mutations were reported in retinoblastoma before with similar frequency
(6/46 tumors, 13%)9. For the BCOR gene, next to 4 truncating (two stopgain mutations, two frameshift deletions) and one non-synonymous SNV,
homozygous somatic copy number losses were observed in two tumors
(T22, and T67). This indicates that the observed BCOR mutations are lossof-function mutations, in agreement with reports about deleterious BCOR
mutations in acute myeloid leukemia33. Germ line mutations in BCOR can
give rise to two X-linked syndromes characterized by microphthalmia49
and other malformations: Lenz microphthalmia and oculofaciocardiodental
(OFCD) syndrome34, characterized by retarded eye growth. The function of
BCOR appears to be crucial during early development, since knock-down
of BCOR expression during embryogenesis in drosophila caused severe
developmental perturbations of the eye, skeleton and central nervous
system. Given that BCOR gene function is associated with proper eye
development, it seems plausible that inactivation of this gene can be related
to retinoblastoma.
For an even smaller fraction of our cohort (2/72, 3% tumors), CREBBP
mutations were found. Heterozygous germ line mutations in CREBBP are

known to cause the Rubinstein-Taybi syndrome (RSTS)35, characterized by
mental retardation, growth retardation and distinct dysmorphology. There
have been several reports of RTST patients with rare pediatric neural
tumors36. Analysis of CREBBP mutations in RSTS patients showed that
the mutations were concentrated (44.7% of RSTS patients) in the histone
acyltransferase (HAT) domain (295/2442 (12%) of amino acids make up
the HAT domain in CREBBP)37, indicating that the HAT domain is crucial for
proper CREBBP function. The somatic CREBBP mutation in sample T62
is located in the most highly conserved (11 organisms, up to frog) region
of the HAT domain. The CREBBP mutation in tumor T47 was not located
in any of the CREBBP protein domains. Assuming CREBBP mutations
were heterozygous (expected VAF 0.5) similarly to RSTS patients, given
the VAFs (0.17 and 0.27) a quarter to about half of the cells were mutated
for CREBBP. In addition to SNVs, tumor T48 had a heterozygous focal
SCNA loss at 16p13.3 covering CREBBP exclusively. Focal SCNA losses
of CREBBP in retinoblastoma tissue were also recognized previously at low
frequency (2/94, 2% tumors)5. Since this event is so rare and amplitudes of
loss are not very high (1/72, 1%), GISTIC analysis (Figure 1, Table S5) did
not consider this locus as significantly altered.
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Relevance of infrequently mutated genes is not apparent
Apart from the three genes (RB1, BCOR, CREBBP) that showed somatic
mutations in at least 2 different tumors, there were 199 other genes that were
mutated in a single tumor only. Since these genes were mutated so infrequently,
the molecular and clinical significance of these genes for retinoblastoma
carcinogenesis is not apparent. Yet, in case these genes comprise different
key components of a particular molecular signaling pathway, they could be
very valuable for understanding retinoblastoma biology. Enrichment analysis
of gene ontologies, including biological processes, pathways, diseases and
many more, did not result in any significantly overrepresented ontology. This
doesn’t necessarily mean all infrequently mutated genes are irrelevant but
means no coherence could be found and therefore their relevance could
not be demonstrated. Possibly, this gene list is polluted with false positives
that are introduced due to artifacts in local INDEL realignment (GATK) PCR,
sequencing, mapping and/or stochastic processes that influenced genotype
103

calling. The possibility of false positive variants that can randomly affect
genes signifies the importance to focus on recurrently mutated genes.
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Explanations for genomic instability, intra-tumoral heterogeneity
and relation to patient age at diagnosis
The number of SCNAs in our retinoblastoma samples was relatively low
compared with other cancer types from the TCGA data set. Since loss
of RB1 under certain conditions may lead to genomic instability through
missegregation of chromosomes eventually causing aneuploidy38–41, the
relatively few SCNAs might appear surprising. Although our data showed
that retinoblastoma is the second least disrupted cancer out of all TCGA
cancer types, it is of note that no pediatric cancer types are covered in the
TCGA data set. It is known that pediatric tumors have lower mutation rates
than adult tumors7 and therefore, comparison with other pediatric cancers
like neuroblastoma (unfortunately unavailable in TCGA) might provide
another perspective. Also, although the genomic fraction hit by SCNAs in
retinoblastoma might be relatively low compared with adult tumors, SCNAs
in retinoblastoma were concentrated at specific genomic regions indicating
their significance. For example, gain of chromosome arm 6p was observed
in the majority of tumors (48/71, 68%) and only the minority (12/71, 17%)
did not show any SCNA at 1p, 2p, 6p or 16q. Although most of the samples
had little non-cancer contamination, losses of 16q often did not exceed loss
of one copy, indicating that 16q loss is subclonal. Similarly, VAFs of BCOR
and CREBBP and amplitudes of most of the large SCNAs were consistent
with intra-tumor heterogeneity.
Although SCNAs were not detected in all tumors, we hypothesize
that all tumors were aneuploid although with varying degrees. For example,
in 58/69 (84%) tumor samples with 16q copy number decrease, the 16q
copy number was between one and two copies, even in samples with
very high tumor cellularity. We hypothesize that previously described RB1
loss induced genomic instability can affect any chromosome but selection
pressure of growth favoring SCNAs is required for SCNAs to exceed
our detection thresholds. Since SCNAs were less abundant in tumors of
patients diagnosed at young age, we hypothesize that clonal selection
was less persevere in these patients. Possibly, tumors that arose during

early stages of retina development originated from more undifferentiated
precursors. The intrinsic proliferative capacity of these cells probably was
sufficient for development of full-blown tumors and therefore there was no
window for clonal selection on SCNAs. Lesions that arose at later stages
of retinal development might have been neoplastic, but specific SCNAs
favored growth of these cells and therefore cells with favorable SCNAs were
selected for.
Identification of putative gene targets of SCNAs is challenging
The significance of regions and genes hit by SCNAs was determined by
GISTIC which makes use of SCNA focality, amplitude and recurrence. For
few GISTIC regions, a single gene was included (e.g. MYCN, RB1, BCOR),
while most GISTIC regions harbored multiple genes complicating target gene
identification. Focal gains at chromosome 1q in human retinoblastoma are rare
but in murine retinoblastoma, focal gains of MDM2 were reported42. Human
paralog MDM4 has been proposed as putative retinoblastoma driver6,43 and
was one of the 27 genes included in the significantly altered 1q31.2 region
(Figure 1 and 2, Table S5). By inhibiting p53-induced apoptosis, gain of
MDM2/4 is suggested to prevent major cell death in RB1 inactivated retina44.
However, cone photoreceptor precursor cells, the alleged retinoblastoma
cells of origin, show intrinsic p53-inhibition by high expression of MDM2 that
might leave gain of MDM2/4 redundant. Furthermore, since TP53 mutations
in retinoblastoma never have been found, inactivation of p53 seems not
to be a requirement for retinoblastoma development. Opposed to glioma
where minimal regions of 1q gain exclusively included MDM4, target gene
identification of 1q gain in retinoblastoma is not conclusive yet. Possibly,
focal or single gene gains at 1q are rare because multiple genes at 1q
are relevant for retinoblastoma development, illustrated by tumor T21 that
showed focal gains at four separate 1q regions. Similarly, focal alterations
for 6p in retinoblastoma were not found in our cohort, indicating multiple 6p
loci could be relevant for retinoblastoma carcinogenesis. Although E2F3 has
been presented as 6p candidate gene19,45, the neighboring gene SOX4 was
gained with similar frequency in our cohort and was the exclusively gained
gene in urothelial carcinoma46. Also for 16q loss, identification of the target
gene is not completely conclusive. In our cohort, two GISTIC regions at 16q
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were identified exclusively including CDH1 and CDH8 respectively. However,
CDH11 which is located in between CDH1 and CDH8 was identified as the
most frequently lost gene of 16q previously47. It was shown that inactivation
of CDH11 in murine retinoblastoma accelerated tumor growth validating
its retinoblastoma suppressive function48. However, this does not directly
discriminate CDH1 and CDH8 as retinoblastoma suppressors, and these
discrepancies signify the difficulty of pinpointing a single gene as driver. We
conclude that, unless the intersection of SCNAs exclusively covers a single
gene like for RB1, MYCN or BCOR, identification of SCNA target genes
remains challenging.
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Secondary alterations in perspective
This study aimed to identify recurrent genetic alterations subsequent to RB1
loss that drive tumor progression. Targeted disruption of gain-of-function
alterations that are crucial for retinoblastoma cells to survive may lead to
cell death. Our analyses of enucleated retinoblastoma showed that SNVs/
INDELs beyond RB1 inactivation were extremely rare. Also, since the VAFs
of the secondary variants were well below 1, these variants most likely were
not present in all tumor cells. Therefore, targeted treatment based on these
secondary alterations, possibly can only disrupt parts of the tumor in parts
of the retinoblastoma population. For several tumors, inactivation of RB1
alone was sufficient to develop tumors that were so advanced they had to be
enucleated. In agreement with the drastic consequences of RB1 loss during
early childhood, only 1% of the children who carry an RB1 mutation remain
unaffected49, indicating not much additional factors are involved. Given the
high penetrance and the requirement for bi-allelic RB1 inactivation, the
second hit almost inevitably occurs. Possibly, the high chance of acquiring
a second RB1 inactivation can be explained by RB1 haploinsufficiency. It
was shown that heterozygous inactivation of RB1 in RPE cells resulted
in increased incidence of chromosome missegregation during mitosis50.
Possibly, heterozygous RB1 inactivation increases the risk for (copy neutral)
LOH and partly explains the high disease penetrance.
In contrast to SNVs/INDELs, larger genetic alterations concentrated at
specific genomic regions were more common, in particular for patients
diagnosed at a later age. Only when RB1 inactivation occurred at later age,

additional genetic alterations might have had sufficient proliferative value
to get selected for. Although SCNAs might be relevant for tumor growth in
at least a subset of the retinoblastoma population, the clinical relevance
remains to be determined. Furthermore, SCNAs might be associated with
increased tumor progression but inhibition of these genetic events does
not necessarily reverts the phenotype. Also, similarly to secondary SVNs/
INDELs, the majority of SCNAs were subclonal and therefore targeting
these alterations specifically might be insufficient for complete control of
retinoblastoma.
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ABSTRACT
Several murine retinoblastoma models have been generated by deleting
the genes encoding for retinoblastoma susceptibility protein pRb and one
of its family members p107 or p130. In Rb-/-p107-/- retinoblastomas, somatic
copy number alterations (SCNAs) like Mdm2 amplification or Cdkn2a
deletion targeting the p53-pathway occur, which is uncommon for human
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retinoblastoma. In our study, we determined SCNAs in retinoblastomas
developing in Rb-/-p130-/- mice and compared this to murine Rb-/-p107-/tumors and human tumors.
Chimeric mice were made by injection of 129/Ola-derived Rb/p130-/- embryonic stem cells into wild type C57BL/6 blastocysts. SCNAs
of retinoblastoma samples were determined by low-coverage (~0.5x) whole
genome sequencing.
In Rb-/-p130-/- tumors, SCNAs included gain of chromosomes 1
(3/23 tumors), 8 (1/23 tumors), 10 (1/23 tumors), 11 (2/23 tumors), and 12
(4/23 tumors), which could be mapped to frequently altered chromosomes
in human retinoblastomas. While the altered chromosomes in Rb-/-p130-/tumors were similar to those in Rb-/-p107-/- tumors, the alteration frequencies
were much lower in Rb-/-p130-/- tumors. Most of the Rb-/-p130-/- tumors (16/23
tumors, 70%) were devoid of SCNAs, in strong contrast to Rb-/-p107-/- tumors,
which were never (0/15 tumors) SCNA-devoid.
Similarly to human retinoblastoma, increased age at diagnosis
significantly correlated with increased SCNA frequencies. Additionally,
focal loss of Cdh11 was observed in one Rb-/-p130-/- tumor, confirming
tumor suppressor activity of this gene as previously suggested for human
retinoblastoma. Moreover, based on a comparison of genes altered in
human and murine retinoblastoma, we suggest exploring the role of HMGA1
and SRSF3 in retinoblastoma development.

INTRODUCTION
While 99% of humans with heterozygous germ line inactivation of RB1
develop retinoblastoma1, Rb1+/- mice do not develop retinoblastoma2–4. Rb1/mice die during gestation due to placental malformation5 and therefore
chimeric mice were made by introducing RB1-/- embryonic stem cells (129/
Ola strain) into wild type blastocysts (C57BL/6 strain)6, in order to make a
viable murine retinoblastoma mouse model. However, the contribution of
the mutant stem cells in the developing murine retina was low (<20%) since
Rb1-/- retinoblasts showed extensive cell death and decreased in numbers
over time. It was not until chimeric double knockouts (DKOs) of Rb1 and
family member Rbl1 (p107, Rb-/-p107-/- mice) were made that the first murine
retinoblastomas were observed that were not induced by ectopic expression
of viral oncogenes7, albeit with low penetrance. Again, retinal chimerism in
Rb-/-p107-/- mice was low (even two-fold lower than Rb-/- chimeras) and it
took 56 chimeric animals to get five mice that developed retinoblastoma.
Conditional DKO models using Cre-lox technology, for example α-Cre Rblox/
lox
p107-/-, that did not suffer from low retinal chimerism were made8–10, but
still retinoblastoma penetrance was incomplete. In these mice, bilateral
retinoblastoma was uncommon (15%) and almost half (40%) of the animals
escaped retinoblastoma development11. Controversies exist surrounding the
additional molecular barriers that prevent full penetrance of retinoblastoma
in these mouse models. It was shown that chimeric Rb-/-p107-/- retinas
showed extensive cell death suggestive of an apoptotic barrier7. Rather
than apoptosis, it was also suggested that growth arrest and terminal
differentiation are the barriers to malignancy10. Chen et al. showed that while
photoreceptor, ganglion and bipolar precursors disappeared (by apoptosis)
during retinogenesis in conditional Rb-/-p107-/- mice, amacrine precursors
survived. Since murine retinoblastomas show hallmarks of amacrine
differentiation, it was suggested they originate form a death-resistant tumor
cell of origin. However, soon after the death-resistant tumor cell of origin
hypothesis was presented, it was shown that conditional Rb-/-p107-/-p53-/mice developed bilateral retinoblastoma with 100% penetrance12. Several
years later, focal high-level Mdm2 amplifications and focal loss of Cdkn2A13
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where observed in Rb-/-p107-/- tumors, further underscoring the significance
of loss of the of p53-pathway in the conditional Rb-/-p107-/- model. Given
p53’s well-known role in apoptosis, these results seemed contradictory with
the death-resistant tumor cell of origin hypothesis. Taking into account the
incomplete penetrance of retinoblastoma in conditional Rb-/-p107-/- mice and
the additional dependency of p53-pathway inactivation, which is uncommon
for human retinoblastoma, the Rb-/-p107-/- model has been criticized. An
alternative murine retinoblastoma model depending on inactivation of Rb1
and Rbl2 (p130, Rb-/-p130-/-) might better resemble human retinoblastoma
genetics. Again, both chimeric Rb-/-p130-/-14 and conditonal knockout Rb/p130-/-9 models have been created. For conditional Rb-/-p130-/- mice, full
penetrance of bilateral retinoblastoma was observed with rapid kinetics11.
Also in chimeric Rb-/-p130-/- mice, bilateral retinoblastoma was observed,
albeit less frequently, which may be due to poor chimerism14. It is however
unknown whether additional genomic alterations, including for example loss
of the p53 pathway, are involved in the Rb-/-p130-/- model. To test whether
additional genomic alterations exist in Rb-/-p130-/- tumors and how they relate
to tumors from humans or Rb-/-p107-/- mice, we determined somatic copy
number alterations (SCNA) profiles in murine retinoblastoma of chimeric Rb/p130-/- mice.

MATERIAL AND METHODS
Tumor sample collection and NGS preparation
Chimeric mice were made by injecting previously described Rb-/-p107-/- or
Rb-/-p130-/- embryonic stem cells (derived from 129/Ola strain) into wild type
blastocysts (C57BL/6 strain)7,14,15. Directly after diagnosis of retinoblastoma,
mice were sacrificed and the affected eyes were enucleated and snap frozen
in liquid nitrogen. Subsequently, tumor mass was excised and homogenized
in Trizol Reagent (Invitrogen, Carlsbad, California, U.S.A.) with a rotorstator homogenizer and DNA was extracted using the QIamp DNA Micro Kit
(Qiagen, Venlo, The Netherlands). DNA was fragmented using the Covaris
S220 and (Covaris, Woburn, Massachusetts, U.S.A.) sequencing libraries
were made using the TruSeq Nano kit (Illumina, San Diego, California,
114

U.S.A).
Data analysis
Sequencing reads were mapped to UCSC genome version mm9 with
Burrows-Wheeler aligner (BWA)16. Genome-wide windows of 100 Kbps
(26,558 windows) were defined using the makewindows command from
bedtools and for each window, the number of uniquely (BWA mapping
score > 35) mapped reads was counted using BEDOPS17. Windows with
ENCODE mappability <= 0.85 or windows for which the median read count
was 0 (5,052/21,506 windows, 19%), were discarded. For reference-free
copy number determination, copy number estimates (commonly referred to
as Log2-ratios) were calculated by dividing window counts by the median
window count of autosomal chromosomes of the respective sample and
corrected for GC-content by loess regression. For somatic copy number
alteration determination, window counts were divided by the corresponding
window count of the matching DKO embryonic stem cell sample. Copy
number estimates were segmented using DNAcopy18. Segments that were
smaller than five windows or were less than 3 standard deviations different
from neighboring segments were undone (parameter “undo.splits”).
Data for tumors obtained from conditional knockout models (N=15,
Pax6 α-enhancer Cre Rblox/loxp107-/-) was previously described11,13,19. Log2ratios were calculated based on comparison of tumor and tail DNA and were
wegmented identical to Log2-ratios obtained from samples in our current
study.

5

RESULTS
Inherited and de novo copy number alterations in Rb-/-p130-/embryonic stem cells
Copy number alterations (CNAs) for autosomal chromosomes of C57BL/6
and 129/Ola wild type mice (tail DNA) and 129/Ola-derived DKO embryonic
stem cells were determined by reference-free analysis (Figure 1, see
materials and methods section 2.2). The genome of C57BL/6 mice was
completely devoid of CNAs, except for one small loss at chromosome 9
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(Figure 1A). 129/Ola showed 2 gains and 5 losses (Figure 1B) that were
inherited by the 129/Ola-derived DKO embryonic stem cells (Figure 1C-D)
except for 2 losses (chromosomes 8 and 14) that were just below the CNA
calling threshold. For both DKO embryonic stem cell samples, several de
novo CNAs (i.e. not detected in 129/Ola wild type DNA) were identified.
For example, Rb-/-p107-/- embryonic stem cells showed a de novo gain at
chromosome 10 (115.0 - 116.3 Mb) while Rb-/-p130-/- embryonic stem cells
showed a de novo gain at chromosome 3 (30.5 – 48.9 Mb). Details of CNAs
in C57BL/6 and 129/Ola wild type samples and the DKO embryonic stem
cells are given in Table S1. CNAs in the germ lines of healthy humans are
always smaller than 3 Mb and often do not include coding regions20. CNAs
larger than 3 Mb almost inevitably include coding regions and are therefore
most often pathogenic. All de novo CNAs in the DKO embryonic stem cells
were smaller than 3 Mb except for the CNA gain at chromosome 3 in Rb/p130-/- embryonic stem cells. This CNA gain is remarkably large, stretching
over 18.4 Mb (12% of mouse chromosome 3) containing 95 genes including
Sox2, a gene that is essential for the maintenance of pluripotency in mouse
embryonic stem cells21.

Figure 1: Copy number alterations in parental cells of chimeric tumor samples: For autosomal
chromosomes that showed CNA(s) in any of the control samples, reference-free copy number estimates
are given indicated by grey circles. Segmentation is visualized by horizontal lines with gains and losses
indicated by red and blue colors respectively. (A-B) C57BL/6 (host DNA) and 129/Ola samples were
obtained from tails while (C-D) Rb-/-p130-/- and Rb-/-p107-/- were obtained from in vitro DKO embryonic
stem cell populations. CNAs in C57BL/6 and 129/Ola are strain specific germ line CNAs. CNAs in either
Rb-/-p130-/- and Rb-/-p107-/- while not observed in parental 129/Ola are acquired de novo during DKO
embryonic stem cell derivation and culturing.
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Assessment of tumor cellularity
Twenty four retinoblastomas were harvested from the chimeric Rb-/-p130-/mice and three tumors from the Rb-/-p107-/- mice. Tumor cells can only have
originated from the 129/Ola-derived DKO embryonic stem cells, not from the
host C57BL/6 cells. Therefore, 129/Ola-specific genomic markers can be
used to estimate tumor cellularity of retinoblastoma samples, which was
used as a quality control measure. From this point onwards, the CNAs
identified in any of the three 129/Ola controls (129/Ola wild type and the
129/Ola -derived DKO embryonic stem cells) are referred to as the 129/Ola
markers. For each sample, the copy numbers at these 129/Ola marker
regions were used for hierarchical clustering of the complete cohort (N=33)
including previously described controls, spleens of chimeric mice and the
tumor samples (Figure 2A and Table S1). Supervised clustering based on
the 129/Ola markers divides the cohort into a 129/Ola cluster (N=26) and a
C57BL/6 cluster (N=7). All seven samples in the C57BL/6 cluster were CNAdevoid for the 129/Ola marker regions and the rest of the genome. The two
samples from chimeric spleens M1-Spleen and M-24-Spleen, sampled from
Rb-/-p107-/- and Rb-/-p130-/- chimeric mice respectively, clustered with
C57BL/6 samples, indicating poor chimerism (low percentage of 129/Olacells) in the spleens of these mice. Given that retinal chimerism is usually
low as well7, the intensity of copy number signals at the 129/Ola marker
regions in tumor samples can be used as a quantitative readout for the
presence of 129/Ola-derived tumor cells. Four tumor samples (M1-RB-L,
M1-RB-R, M3-RB-L, M21-RB-L) clustered in the C57BL/6 branch, which
indicated poor tumor cellularity in these samples. To illustrate the low tumor
cellularity in these samples, copy number plots for Rb-/-p130-/- embryonic
stem cells and four tumor samples with variable tumor cellularity were
visualized for 129/Ola markers chr17:28-34 Mb and chr4:100-130Mb (Figure
2B). For example, the estimated copy number of the 129/Ola marker region
chr17:30.6-31 in Rb-/-p130-/- embryonic stem cells was 4.04 copies. In tumor
sample M12-RB-L, the estimated copy number of this region was only
slightly deviant (3.93 copies) from the parental Rb-/-p130-/- embryonic stem
cells indicating high tumor cellularity ( (3.93-2)/(4.04-2) = 95%). On the other
hand, tumor sample M24-RB-R was likely about a 50:50 mixture
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Figure 2: Tumor cellularity quality control: In the chimeric model, tumor cells can only have originated
from the parental 129/Ola DKO cells, not from the host C57BL/6 cells. (A) Based on CNAs only observed
in 129/Ola DNA (Figure 1), the origin of the tumor samples was determined by hierarchical clustering
of the copy numbers at the 129/Ola marker regions. Tumor samples (indicated by a purple color in the
color-coded sample information) that clustered in the 129/Ola branch were enriched for 129/Ola DNA and
therefore probably had good tumor cellularity. Conversely, tumor samples that clustered with C57BL/6
were suspected to contain significant amounts of non-cancer DNA. (B) For five samples (Rb-/-p130-/embryonic stem cells, M12-RB-L, M24-RB-R, M21-RB-L and M3-RB-L) that clustered into different
branches, examples are given for two 129/Ola markers regions (chr7:30.6-31 Mb and chr4:111.8-113.3
Mb). The original CNA amplitude of both regions in Rb-/-p130-/- embryonic stem cells was not detectable
in M21-RB-L and M3-RB-L, indicative for non-cancer cell contamination.

of tumor cells and non-tumor cells since copy numbers at 129/Ola markers
were about halved (e.g. chr17:28-34Mb: (3.14-2)/(4.04-2) = 56%) relative to
the Rb-/-p130-/- embryonic stem cells. Tumor samples that clustered in the
C57BL/6 branch, like M3-RB-L and M21-RB-L, had no detectable 129/Ola
trace and were therefore omitted from further analysis. Unfortunately, none
of the tumor samples obtained from Rb-/-p107-/- chimeras (N=3) passed this
tumor cellularity quality control test (i.e. all three Rb-/-p107-/- tumor samples
clustered in the C57BL/6 branch). Conversely, the 23 tumor samples that
clustered in the 129/Ola branch had sufficient tumor cellularity to allow for
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the detection of (focal) CNAs and therefore provide a reliable set for the
identification of SCNAs in murine retinoblastoma.
Somatic copy number alterations in chimeric and conditional
murine retinoblastoma
For the 23 tumor samples that passed the tumor cellularity quality control
test (N=23), SCNAs were determined using the Rb-/-p130-/- embryonic stem
cells as a baseline control. Depending on the gender of the host mouse and
the tumor cellularity of the tumor sample, the copy number estimate of sex
chromosomes in the tumor samples relative to the male DKO embryonic
stem cells can differ, complicating SCNA identification. Therefore, only
autosomal chromosomes were considered for SCNA identification (Table
S2). The frequencies of SCNAs in the Rb-/-p130-/- chimeric and Rb-/-p107-/conditional retinoblastoma models are given in Figure 3. SCNAs in the Rb/p130-/- chimeric model were restricted to chromosomes 1 (3/23 tumors),
8 (1/23 tumors), 10 (1/23 tumors), 11 (2/23 tumors), and 12 (4/23 tumors)
(Table 1 and Table S2). The SCNAs in the chimeric model were divided over
seven unique tumors, leaving 16/23 (70%) tumors devoid of any SCNAs.
This percentage was significantly larger (Fisher exact test p-value 1.97E-05)
than in the conditional model (0/15 tumors SCNA-devoid, 0%, Table S3). The
23 retinoblastomas were observed in 20 mice. Mice that had tumors with at
least one SCNA (6/20 mice, 7/23 tumors) were diagnosed at significantly
(Wilcoxon rank-sum test p-value = 0.01) older age (mean age at diagnosis
124 days, standard error of the mean 8 days) compared to mice with SCNAdevoid tumors (14/20 mice, 16/23 tumors, 70%, mean = 88 days, standard
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error of the mean = 7 days) (Figure 4).
Table 1: SCNAs. Overview of all SCNAs identified retinoblastomas from Rb-/-p130-/- chimeras
(N=23). Table is alphabetically ordered by sample name.
Sample

Region

# 100 Kb
windows

# DNA copies

Age at diagnosis
(days)

M10-RB-R

chr12

972

2.25

133

M18-RB-R

chr12

972

2.24

102

M20-RB-R

chr1

1643

2.56

131

M20-RB-R

chr11

1105

2.38

M23-RB-L

chr11

1105

2.21

M23-RB-L

chr12

972

2.24

102

119

5

Sample

Region

# 100 Kb
windows

# DNA copies

Age at diagnosis
(days)

M23-RB-R

chr1

1643

2.58

M23-RB-R

chr10

1101

2.40

M23-RB-R

chr12

972

2.47

M5-RB-R

chr1

1643

2.57

153

M9-RB-L

chr8:30.3-101

595

2.58

124

M9-RB-L

chr8:104.7-105.3
(CDH11)

7

1.09

One of the tumors from chimeric mice (M9-RB-L) showed a somatic focal loss
at chr8:104.7-105.3 Mb that included only one gene; Cdh11. The segmented
copy number estimates per 100kb-windows around the SCNA-loss locus are
visualized for M9-RB-L and for unaffected tumor sample M10-RB-R (Figure
5). In the conditional knockout mice, multiple tumors had focal alterations,
which were previously described11,13,19. To illustrate correlations between the
occurrences of the described alterations, an SCNA event matrix is given for
both models (Figure 6). Between each pair of events (e.g. chr12 gain and
focal Mycn-gain), correlation tests were performed (Table S4). No mutual
exclusivity (defined by a statistically significant negative correlation) was
observed between any pair of alterations. Although focal loss of Cdkn2a or
gain of Mdm2, Mycn and Mir17 did not coincide there is not enough evidence
to claim that any pair-wise combination of these alterations, like Cdkn2A loss
with Mdm2 gain, never coincide in murine retinoblastoma. On the contrary,
the significant correlations between several events are positive, indicating
co-occurrence of large chromosomal alterations in particular (Table S4). For
example, gain of chromosomes 6 and 14 were only observed once but in the
same tumor (kn1067). Similarly, loss of chromosomes 8 and 15 occurred in
one tumor only (dm0051) and were not observed in any other tumor.
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Figure 3: Acquired copy number alteration frequencies: (A) For autosomal chromosomes, the
fraction of tumors samples (N=23) from chimeric Rb-/-p130-/- mice with copy number of gains (red) and
losses (blue) is visualized. Copy number alterations are relative to parental Rb-/-p130-/- embryonic stem
cells. (B) Similar to (A) for tumors samples of conditional Rb-/-p107-/- mice described previously. Here,
copy number alterations are relative to tail DNA of the corresponding animal.
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Figure 4: Ages at diagnosis of mice with
tumors with or without SCNAs: The age at
diagnosis of mice with SCNA-devoid tumors was
significantly lower (124 – 88 = 36 days, p-value
0.01) compared with mice that had tumors with
SCNA(s).

Figure 5: Focal loss of Cdh11 in tumor sample M9RB-L: In one of the Rb-/-p130-/- tumors (M9-RB-L), a
focal loss was observed at chromosome 8 including
the Cdh11 gene exclusively. To show that this is
not a platform specific local trend, the copy number
estimates for another tumor sample (M10-RB-R) are
shown as well.

Comparison of SCNAs between murine and human retinoblastoma
Common SCNAs in human retinoblastoma include gain of 1q, 2p and 6p and
loss of 16q. Identification of the SCNA target genes at these chromosome
arms has however been challenging22. Since the murine genome is organized
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differently from the human genome,
intersecting the frequently altered
human regions with SCNAs identified
in murine retinoblastoma might aid
retinoblastoma driver gene discovery.
Genes at mouse SCNAs identified
in our cohort and the MacPherson
cohort were linked to the human
orthologs at the frequently altered 1q,
2p, 6p and 16q arms (Figure 7).
A summary of the number
of human genes that were altered
similarly in human and mouse
retinoblastoma
is
given
per
chromosome for both models (Table
2) and further details are given in
Table S5. Frequently altered human
chromosome arm 1q is largely
syntenic to mouse chromosome 1
that was gained in 3/23 Rb-/-p130-/tumors. The region of synteny
includes 558 gene transcripts,
and therefore a suggestion of the
candidate driver gene based on these
data is still challenging. For human
Figure 6: Landscape of acquired copy number chromosome 2p, it is well established
alterations in conditional and chimeric that MYCN is the driver gene, which
models: For each tumor sample (rows), a red
may explain gain of chromosome 12
square indicates acquired copy number alteration
of the corresponding genomic region (columns), seen in many of the murine tumors.
stratified per knockout model. Correlation tests On the contrary, candidate gene
were performed to identify co-occurrence and
identification of human 6p is still
mutual exclusivity of events and are given in Table
S4.
challenging, as no focal high-level
amplifications have been described22.
Human chromosome 6p corresponds to gained mouse chromosomes 1

and 11, including 20 and 3 gene transcripts, respectively. Assuming that the
candidate driver gene on mouse chromosome 1 maps to human 1q, only
the 3 gene transcripts at mouse chromosome 11 remain (two transcripts for
HMGA1, one for SRSF3). For both HMGA1 and SRSF3, a significant relation
between increased copy numbers and increased expression was found
previously in human retinoblastoma22. Thus, gain of HMGA1 and/or SRSF3
could possibly drive both murine and human retinoblastoma. For frequently
lost chromosome 16q, only CDH11 showed a reduction in copy number in
murine retinoblastoma as well, confirming its previously suggested role in
suppression of human retinoblastoma.
Table 2: Comparison of human and murine altered genes. Number of human-mouse orthologous
gene transcripts located at chromosomes frequently altered in human retinoblastoma (1p, 2p, 6p,
and 16q) compared to mouse SCNAs in chimeric and conditional retinoblastoma models. Human
chromosomes are in rows, mouse chromosomes in bold labeled columns. For cells with two
values: top value denotes chimeric mice, bottom values conditional knockouts.
Human
event

# humanmouse
orthologs

# genes altered
similarly
in murine
retinoblastoma

1

3

4

6

8

10

11

12

14

1q-gain

911

558 (39%)
805 (88%)

503
506

0
237

0
5

0
1

3
0

0
0

50
50

2
2

0
4

2p-gain

469

164 (35%)
309 (66%)

4
4

0
0

0
0

0
144

0
0

1
1

60
60

99
99

0
1

6p-gain

624

23 (4%)
29 (5%)

20
20

0
0

0
0

0
0

0
0

0
0

3
3

0
0

0
6

16q-loss

366

1 (CDH11)
361 (99%)

0
0

0
0

0
0

0
0

1
361

0
0

0
0

0
0

0
0
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Figure 7: Comparative oncogenomics map of copy number alterations: For individual tumor samples
from chimeric Rb-/-p130-/- (A) and conditional Rb-/-p107-/- mice (B), copy number gain (red) and loss (blue)
are indicated. Links are drawn between locations of copy number altered mouse genes whose human
gene orthologs are located at frequently altered human chromosomes 1q, 2p, 6p or 16q. Link colors are
similar to the corresponding human cytoband color. Detailed per-gene information is given in Table S5.
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DISCUSSION
Highlights
Similarly to human retinoblastoma, not all retinoblastomas from chimeric
Rb-/-p130-/- mice showed genomic alterations23,24. Our results indicate that
in this model, genomic alterations beyond loss of the Rb genes are not a
requirement for retinoblastoma development. One of the tumors showed
a focal loss including Cdh11 only, confirming earlier studies that identified
CDH11 as a candidate tumor suppressor gene driving the frequently
observed 16q-loss in human retinoblastoma25–27. We also compared our
data with previously described copy number data of retinoblastomas from
conditional Rb-/-p107-/- mice. We found that in Rb-/-p107-/- tumors, similar
chromosomes were altered but at a remarkably higher incidence. Here we
discuss explanations for the observed differences between Rb-/-p130-/- and
Rb-/-p107-/- murine retinoblastomas, relate our findings to the genomics of
human retinoblastoma and describe the probability of HMGA1 and SRSF3
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as novel putative driver genes of 6p gain in human retinoblastoma.
Differences and similarities between human and murine
retinoblastoma
In human retinoblastoma, SCNAs often involve complete chromosome arms
while focal SCNAs are rare24, which complicates the distinction between
passenger and driver events. In our study, we intersected murine regions
that showed copy number alterations with human regions, in order to better
define candidate driver genes. This strategy, referred to as comparative
oncogenomics28,29, assumes that the model system accurately recapitulates
the human disease. Although in case of retinoblastoma, differences exist
between mice and humans, similarities seem to prevail. First, whereas in
human retinoblastoma, RB1 inactivation is rate-limiting for tumor initiation, in
mice either Rbl1 (p107) or Rbl2 (p130) inactivation is additionally required.
Nonetheless, although p130 inactivation is not required for the initiation of
human retinoblastoma, loss of 16q including p130 is frequently observed30–32.
Moreover, it is remarkable that in both species, the retina is particularly
sensitive to loss of Rb genes. Secondly, human retinoblastomas often show
cone photoreceptor cell differentiation while the mouse counterparts appear
as amacrine or horizontal cells. Despite this difference a striking similarity
has been reported between mice and human retinoblastoma: both seem
to originate from a death-resistant cell of origin. In humans, this cell is the
precursor of cone photoreceptors; in mice, it is the precursor of amacrine
cells. In both cell types, death resistance may be caused by suppression
of p53 functionality through high levels of MDM233,34. Thus, although some
aspects of human and murine retinoblastoma appear different at first sight,
the affected molecular pathways are similar and therefore, comparing
the genomics of retinoblastoma in both species may provide a deeper
understanding of the etiology of this disease.
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Explanations for the differences in genomic alterations between
p130 and p107 models
The frequency of SCNAs in chimeric Rb-/-p130-/- retinoblastomas was strikingly
low compared to retinoblastomas from the conditional Rb-/-p107-/- model.
The low incidence of SCNAs in Rb-/-p130-/- retinoblastoma cells appears
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contradicting with reports that Rb-loss causes centromere dysfunction,
chromosome missegregation and eventually aneuploidy35. Since samples
were rigorously selected for high tumor cellularity, the low SCNA incidence
cannot be explained by confounding non-cancer cell contamination. Several
biological explanations may exist for the observed differences in SCNA
frequencies seen in Rb-/-p130-/- and Rb-/-p107-/- tumors.
One explanation may be related to the timing of gene knockout.
Opposite to the chimeric model where knockout ES cells were inserted into
blastocysts (aged embryonic day 3-4), in the conditional model, knockout
occurred by embryonic day 11 in the mid- to far- peripheral neural retina36.
However, since Rb1 expression in the retina does not start until embryonic
day 146,37, it is likely that both chimeric and conditional models inactivate Rb1
before the murine retina depends on its function. Nevertheless, the most
direct way to rule out that the differences between chimeric and conditional
knockout strategies relate to different SCNA frequencies, is to study both
DKO genotypes in both conditional and chimeric models. Unfortunately, our
three tumor samples from chimeric Rb-/-p107-/- mice contained considerable
non-cancer cell contamination and were therefore not included in the
analyses. Conversely, no primary tumor samples were available for SCNAs
in the conditional Rb-/-p130-/- model11.
Tentatively assuming that conditional Rb-/-p130-/- tumors are SCNA
devoid similarly to chimeric Rb-/-p130-/- tumors, the differences in SCNA
frequencies between chimeric Rb-/-p130-/- and conditional Rb-/-p107-/- tumors
may point towards differential roles for p130 and p107 in retinal development
and cell cycle control. There are indeed indications that different roles exist
for p130 and p107 during retinal development. It was shown that p130 is
more highly expressed in post-mitotic cells while p107 expression is highest
in cycling cells during embryonic stages of retinal development37. The p130
protein is needed for any type of senescence38 and therefore its role in postmitotic retinal cells is probably to prevent them from entering the cell cycle.
Thus, the presumed favorable growth capacity of Rb-/-p130-/- cells may be
related to a reduced ability to undergo cellular senescence.
Another relevant observation is that retinoblastoma in conditional
knockout Rb-/-p130-/- mice was diagnosed at much younger age compared to

conditional knockout Rb-/-p107-/- mice, although the timing of gene knockout
was similar11. Thus, murine Rb-/-p130-/- tumors appeared to grow faster than
Rb-/-p107-/- tumors. Also in the chimeric model there are indications that Rb/p130-/- cells have better growth potential than Rb-/-p107-/- cells, since the
Rb-/-p107-/- model suffered from poorer chimerism (7/56 births gave chimeric
animals)7. Related to this issue may be our remarkable observation that
the few SCNAs in Rb-/-p130-/- tumors were observed in a subset that was
diagnosed at later ages, and thus in more slowly developing tumors (Figure
4). This may indicate that in retinoblastoma, additional alterations are
specifically required by tumors that have sub-optimal growth conditions, i.e.,
all Rb-/-p107-/- tumors and a subset of Rb-/-p130-/- tumors. We speculate that
Rb-/-p130-/- tumors may profit from favourable SCNAs, in case tumor cells are
subjected to suboptimal growth conditions determined by for example tumor
vascularization, immune escape, paracrine growth stimulation and possibly
location of tumor initiation. Selection pressure on tumor cells that acquired
growth enhancing genomic alterations is required for the SCNAs to surface
above our limits of detection. Consistent with this type of reasoning is that in
metastases from conditional Rb-/-p130-/- tumors, focal high-level amplification
of Mycn (12qA1.1) and Mir153 (12qF2) and focal loss of Cdkn2a (4qC4) were
observed11, similarly to primary conditional Rb-/-p107-/- tumors. This indicates
that Rb-/-p107-/- and Rb-/-p130-/- tumors follow the same evolutionary path of
genomic alterations. Possibly, while in Rb-/-p107-/- tumors these SCNAs are
already required in early stages of oncogenesis, in Rb-/-p130-/- tumors they
only become critical under challenging growth conditions.
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HMGA1 and SRSF3 as putative candidate genes for gain of human
6p
Although the number of genomic alterations in Rb-/-p130-/- retinoblastomas
was low, the few alterations could be used to suggest putative candidate genes
for frequently altered human chromosome arms 6p (HMGA1 and SRSF3)
and 16q (CDH11). In mice, it has already been shown that through loss of
Cdh11, retinoblastoma growth is increased during post-natal day 8 to 84 as
a result of reduced tumor cell death26. In two independent studies, immune
staining in human retinoblastoma showed that HMGA1 protein expression
was correlated with retinoblastoma development39,40. The relation between
127

mRNA splicing factor SRSF3 and retinoblastoma progression is less well
studied, yet the crucial role of mRNA splicing factors in cancer cells is well
recognized41. Our chimeric mouse models provide the opportunity to test how
inactivation of these genes relates to retina and retinoblastoma development.
In the future, we will investigate whether genetic or even pharmacological
inhibition of these genes impact retinoblastoma development and behavior.
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Summary, discussion and
future perspectives
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SUMMARY
This thesis describes the results of genomic and transcriptomic profiling
of primary enucleated human and murine retinoblastoma samples.
Integration of the acquired high-dimensional data matrices from DNA, RNA
and phenotype variables provided detailed insights into the genomics of
retinoblastoma. Inherent to the complex nature of molecular biology, many
of these analyses involve complex methodologies and results. To support
a thorough discussion on this intricate matter, first the main findings of our
studies are recapitulated in Table 1.
Table 1: Summary of the key findings
Chapter

Key findings

2: Loss of
photoreceptorness and
gain of genomic alterations
reveal tumor progression

•
•
•

6

3: A meta-analysis of
retinoblastoma copy
numbers refines the
list of possible driver
genes involved in tumor
progression

•
•

•
•

SCNAs concentrated at retinoblastoma-specific genomic regions
A candidate list of genes driving retinoblastoma progression is
provided based on a meta-analysis of SCNA frequencies and
gene-dosage effects
Between-tumor variability in number of genomic alterations
correlated with age at diagnosis and differentiation grades
The amplitude of SCNAs was suggestive of within-tumor
variability

4: Somatic genomic
alterations in
retinoblastoma beyond
RB1 are
rare and limited to copy
number
changes

•
•

•
•
•
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Retinoblastomas displayed significant variability in DNA and RNA
composition
This variability was gradual, not categorical and therefore not
indicative for subtypes
Increasing age at diagnosis, tumor volumes and genetic
alterations correlated with decreasing differentiation grades and
photoreceptor gene expression

Recurrent somatic alterations were restricted to RB1, BCOR and
CREBBP
Variant allele frequencies of BCOR and CREBBP and SCNA
amplitudes were suggestive of within-tumor heterogeneity for the
majority of retinoblastomas.
13q chromothrypsis targeting RB1 can be identified by copy
number profile data
Increasing age at diagnosis correlated with increasing SCNA
frequencies
No evidence was found for the presence of tumor viruses

Chapter

Key findings

5: Genomic landscape of
retinoblastoma in Rb/p130-/- mice resembles
human retinoblastoma

•

•
•

Opposed to Rb-/-p107-/- mice but similarly to human
retinoblastoma, SCNAs are not an absolute requirement for fullblown retinoblastoma development in Rb-/-p130-/- mice
Mice that had tumors with SCNAs were diagnosed at later age
than mice that had SCNA-neutral tumors.
Focal Cdh11 (mouse) deletion confirms CDH11 at 16q (human)
as a retinoblastoma suppressor gene

In the individual chapters 2-5, the robustness of the results has been
rigorously examined and discussed in light of published studies. Some results
of individual chapters however, benefit from a joint discussion considering
data from all chapters. Furthermore, some results deserve extra points of
discussion in light of the newest literature. Also, some research questions
remain to be fully answered and/or some results raised new questions and
therefore, suggestions for future research are given throughout this chapter.

THREE INDEPENDENT GENE EXPRESSION
STUDIES WITH SIMILAR DATA BUT DIFFERENT
INTERPRETATIONS
In chapter 2, genome-wide gene expression was determined for a set of
76 retinoblastomas in order to study the between-tumor variability. While
McEvoy et al. suggested that retinoblastomas are highly similar1, Kapatai
et al. claimed to have identified two distinct subtypes2. We concluded that
there is profound between-tumor variability in gene expression, but that the
gradual transition from one expression signature to the other and the relation
to age at diagnosis, differentiation grades and tumor volumes supports a
tumor progression model rather than the existence of distinct subtypes with
different etiology. In summary, three genome-wide studies now have been
conducted, one concludes “strikingly similar”, one says two-subtypes and
we say “strikingly different, but no subtypes”. For the McEvoy study, gene
expression data was publicly available and our re-analysis of this dataset,
described in the discussion of chapter 2, showed that the McEvoy raw data
was strikingly comparable to our data, yet our interpretations were very
different. Although the raw data of the Kapatai study is not publicly available,
we are confident that the gene expression data of Kaptai et al. are very
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similar to both McEvoy et al. and our data. The genes and related ontologies
that were differential between the two subtypes defined by Kapatai et al.
virtually perfectly match the between-tumor variability in our and McEvoy’s
dataset. In short, although the raw data of three studies is very similar,
the interpretations are very different. This discrepancy between data and
interpretation requires some extra contemplation.
Figure 1: Gradual variability in gene expression
signatures. Unsupervised hierarchical clustering
was used to separate the tumor cohort into two tumor
groups. Differentially expressed genes between these
two groups were separated in two gene signatures:
photoreceptor (2753 genes) and M-phase, ribosome
and mRNA synthesis (2999 genes). For each tumor
sample, the mean gene expression for these two
signatures is plotted against each other.
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In favour of Kapatai et al., one could argue that although the betweentumor differences are gradual, separation into two groups is possible. Given
the uniform distribution of photoreceptor and M-phase, ribosome and mRNA
synthesis expression, there is just as much reason to make 3, 4, 5, or any
number of groups, depending on the sample size of the cohort. So, to divide
retinoblastoma in an arbitrary number of 2 groups and call these groups
cancer subtypes with possibly different etiologies is a misinterpretation of
the data. In case of robust subtypes, the similarity of members that belong
to the same subtype is large, while the similarity of members that belong
to different subtypes is small. For example, an apple is a type of fruit and
apples can be further categorized into robust subtypes such as granny smith
and red delicious apples. Granny smith apples are green and taste sour,
while red delicious apples taste sweet and are obviously red. So apples that
belong to the same subtype, say granny smith apples, are very similar, while
apples from different subtypes, a granny smith compared to a red delicious
apple, are very different. A clear categorical separation is not apparent for
gene expression signatures of retinoblastomas, evidenced by the linear, and

not sigmoidal, relation of photoreceptor signature with M-phase, ribosome
and mRNA synthesis signature (Figure 1). Furthermore, the strong relation
of decreasing photoreceptorness with increasing age at diagnosis, tumor
volumes and dedifferentiation is highly suggestive for tumor progression.

Figure 2: Clinical staging of retinoblastoma patients from chapter 2. Each dot represents a
retinoblastoma eye, where the y-axis denotes the mean gene expression of the photoreceptor signature.

In favour of McEvoy et al. concluding that retinoblastomas are similar,
one could say that although the between-tumor variability in gene expression
of our cohort might exist, this is not clinically relevant, because tumors
with different clinical staging did not have different photoreceptorness. In
our defense, we believe that the clinical staging data of our cohort should
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be reconsidered. The clinical stages by Reese-Elsworth and the ABCclassification are visualized in the content of photoreceptorness (Figure
2). For 20/72 (28%) tumors, staging is not available for both classification
systems. More importantly, 45/47 (96%) of group D and E eyes (X-axis
Figure 2) are staged as group V eyes in the Reese-Elsworth classification
(green dots Figure 2). This indicates that distinction of in particular group D
and E eyes can be challenging. Also because the staging data of our cohort
has been collected over the last two decades, we think this data needs to
be carefully revised in light of discussion about staging definitions in the last
few years3–9. At the time of writing, (May 2016) the gene expression cohort is
being characterized in more than 25 magnetic resonance imaging features
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by three independent radiologists. We anticipate that high-risk features

Figure 3: Expression values in our cohort for genes that were studied for the relation between
expression and clinicopathological risk factors. Boxplots of normalized gene expression values of
tumors described in chapter 2. Ward’s retinoblastoma clusters 1 tumors (advanced tumors) have more
genomic alterations, low photoreceptorness, are poorly differentiated, are diagnosed at late age and
are large in volume relative to Ward’s retinoblastoma cluster 2 tumors. P-values denote multiple-testing
corrected p-values in gene expression between tumor clusters 1 and 2.
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Figure 4: Gene signature expression of retinoblastoma cell lines. In terms of the gene expression
signatures, retinoblastoma cell lines (RB176, RB247, RB381, RB383, WERI-RB1, Y79 and three
isolations subsequent cell culture passages of MYCN-amplified cell line VUMC-RB-26) are at the
extreme end of retinoblastoma progression; cell lines have the lowest photoreceptorness and the highest
M-phase, ribosome and mRNA synthesis signature expression.
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such as large tumor volumes, the number of lesions and high numbers of
vitreous and/or subretinal seeds will significantly correlate with decreased
photoreceptorness.

CONFIRMATION OF THE RELATION BETWEEN
GENE EXPRESSION AND PHENOTYPE
VARIABLES RESULTS BY LATER STUDIES
After chapter 2 was published in July 2015, several studies that correlated
clinical and histopathological features with mRNA or protein levels were
performed. The results of these studies can now be used to test whether our
analyses were validated by these prospective cohorts. Table 2 summarizes
the results of these studies. Genes that correlated with advanced-stage
clinical or pathological features included CD2410, PLK111, HMGA112,
HMGA212, HMGB113, and FOXO314 , while no relation could be found for
PLK311. In agreement with these results, in our dataset, expression of
CD24, PLK1, HMGA1, HMGA2 and HMGB1 was significantly upregulated in
retinoblastoma cluster 1 (46 tumors, low photoreceptorness) compared to 2
(26 tumors, high photoreceptorness) (Figure 3). Furthermore, PLK3 was not
differentially expressed in our data set (Figure 3), in agreement with Singh
et al.11. While FOXO3 expression was found to be borderline significantly
(p=0.04) related to increased risk for choroidal invasion14, FOXO3 did not
show significantly variability in our dataset (Figure 3). These insights suggest
that chapter 2 can predict outcome of other further studies on molecular
markers for tumor progression. For example, based on chapter 2, we
predict that immune staining of HMGB3, in our dataset the most significantly
upregulated HMGB-gene (FDR 5.79E-09), will demonstrate significantly
increased expression in advanced stage retinoblastoma. We suggest that
the gene expression differences related to tumor progression described in
chapter 2 can be used to design tumor-tailored therapeutic intervention
strategies.
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Table 2: Studies on the relation between clinicopathological variables and mRNA or protein
expression of a selected gene of interest that were published after chapter 2 was published in
July 2015.
First author

Title

Publication date

Ishaq10

Correlation of CD24 expression with histological grading and
TNM staging of retinoblastoma

Jan 2016

Singh12

Role of High-mobility Group Protein A Isoforms and Their
Clinicopathologic Significance in Primary Retinoblastoma

Dec 2015

Batra15

Expression of FOXO3a and Correlation With Histopathologic
Features in Retinoblastoma

Nov 2015

Singh13

Correlation of High Mobility Group Box-1 Protein (HMGB1) with
Clinicopathological Parameters in Primary Retinoblastoma

Sep 2015

Singh11

Prognostic significance of polo-like kinases in retinoblastoma:
correlation with patient outcome, clinical and histopathological
parameters.

Aug 2015

POSITIONING OF RETINOBLASTOMA CELL
LINES IN THE SPECTRUM OF PRIMARY
RETINOBLASTOMAS
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In chapter 2 it is described that in primary retinoblastomas, decreasing
photoreceptor signature is correlated with increasing total genomic
disruption. In chapter 3, it is described that the total genomic disruption of
retinoblastoma cell lines is comparable to the 25% most disrupted primary
tumors. This implies that cell lines represent a late stage of retinoblastoma
progression and should therefore have a relatively low expression of the
photoreceptor signature and high expression of M-phase, ribosome and
mRNA synthesis signature. Although we also profiled gene expression
profiles of retinoblastoma cell lines, these data have not been discussed.
In Figure 4 it is shown that cell lines indeed have low expression of the
photoreceptor and high expression of the M-phase, ribosome and mRNA
synthesis signature relative to the primary tumors. So both on DNA and
RNA level, cell lines appear to represent advanced-stage retinoblastoma
and therefore can be a useful model for the pre-clinical evaluation of drug
sensitivity in advanced-stage retinoblastoma. The reason why cell lines
represent late-stage retinoblastoma can be that biopsies from advancedstage retinoblastomas are easier to put in culture. Alternatively, biopsies

from primary retinoblastomas might contain a mixture of early and advancedstaged cells, where the advantage-staged cells are selected for during in
vitro culturing.

RELEVANCE OF SECONDARY ALTERATIONS
In chapter 2 we present support for the hypothesis that retinoblastoma
cells can progress through accumulation of genomic alterations. Similarly
to others, we hypothesized that the identification of the genomic alterations
that drive tumor progression can help design targeted therapy. Chapter 3
describes a prioritization for candidate genes that are likely to drive tumor
progression, based on the frequency of copy number alterations and its
impact on gene expression. Importantly, chapter 3 also describes that
SCNAs were not evident in each individual tumor, and if present, not in
each tumor cell. This challenged the hypothesis that secondary alterations
are an absolute requirement for cancer development. However, we could
not rule out that tumor samples without SCNAs were contaminated with
non-cancer cells or had alternative genomic alterations, such as single
nucleotide variants. This is however ruled out in chapter 4, showing that the
majority (>95%) of retinoblastoma samples contain very little non-cancer
cell contamination (<5%). Furthermore, aside from RB1, recurrently mutated
genes are very rare in retinoblastoma. In addition, chapter 4 again showed
that not all retinoblastoma samples displayed SCNAs and if present,
SCNAs were mostly subclonal. Since secondary alterations could not be
detected in all tumors and also often appeared to be subclonal, targeted
inhibition of these alterations might not target all tumor cells and therefore
might not be sufficient for complete tumor control. On the other hand, the
identified secondary alterations might indicate what molecular circuitry is
most beneficial for retinoblastoma cells, which might be applicable to all
retinoblastoma cells. For example, it could be that retinoblastoma cells
require the proper function of MYCN and benefit from MYCN amplification.
The fact that in only some tumors and only some cells, MYCN might have
been accidently amplified and been selected for by clonal evolution doesn’t
discredit anti-MYCN treatment for retinoblastoma cells with normal number
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of MYCN copies. In fact, it may be quite the opposite, where MYCNamplified cells are more tolerant to MYCN inhibition since they have so
many MYCN copies. In all, molecular characterization of retinoblastomas
described in chapter 3, 4 and 5 has provided several candidate genes that
allegedly drive tumor progression. Given the frequency of occurrence, these
alterations are likely to be relevant for retinoblastoma cells. Whether these
gene candidates are useful targets for efficacious retinoblastoma treatment
now has to be determined in pre-clinical experiments.

A ROLE FOR EPIGENETICS?
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During the highly regulated development of a fertilized oocyte to an
adult organism, cells experience a massive reorganization of their
epigenetic landscapes16,17. During maturation, the ability of cells to adopt
any cell fate becomes more and more restricted through epigenetic
changes18–20. Epigenetics can also play a role in the cellular transition into
a malignant state21–23. The most well-known form of epigenetic regulation
is DNA-methylation24, which can control the level of gene expression.
Hypermethylation of a gene promoter region can form a physical block for
transcription factors, thereby interfering with gene function. Silencing of
RB1 expression through promotor hypermethylation is described as one
of the retinoblastoma initiating events25,26. Similarly to genomic alterations,
epigenomic alterations beyond RB1 might further drive tumor progression.
For 15 retinoblastoma samples that were exome-sequenced and described in
chapter 4, we also performed genome-wide DNA methylation quantification
by array, although this data has not been described in this thesis until now.
Unsupervised hierarchical clustering with Ward, Complete-linkage, averagelinkage and McQuitty consistently divided the 15 samples into 4 samples that
had focal MYCN amplification and 11 samples without MYCN amplification
(Figure 5A-D). Therefore, we performed supervised clustering of the 15
tumors with regions that were differentially methylated between tumors with
and without MYCN amplification (Figure 5E). We concluded that tumors with
MYCN amplification were hypomethylated and that loss of methylation was
correlated with increased age at diagnosis and thereby an increased number

of genomic alterations (Figure 5F). It is difficult to disseminate what is cause
or consequence of genomic and epigenomic alterations. Thereby, possibly
deregulation of both genomics and epigenomics jointly affect retinoblastoma
development. Transfection of a MYCN-amplified vector in retinoblastoma
cell lines might reveal the epigenetic consequence of MYCN amplification.
Thereby, an extra layer of complexity in the analysis of epigenetics in
primary tissue is that epigenetics changes over time during tissue normal
development27–29. Therefore, age-matched controls might be required for a
proper analysis of the relations between (epi)genomics and retinoblastoma
development.

6
Figure 5: Epigenetics of primary retinoblastoma. (A-D) Unsupervised hierarchial clustering of
methylation values (M-values < 0: no methylation, > 0 methylation) with Ward, Complete-linkage,
average-linkage and McQuitty algorithms separated tumors based on MYCN amplification (Samples, T7,
T11, T14 and T72, red colored branches of the dendrograms). (E) Heatmap of M-values for differentially
methylated regions between MYCN amplified and non-amplified tumors. Color-coded samples
information is given on top of the heatmap for MYCN amplification (red=amplification, black = nonamplification) and age at diagnoses (green=youngest, red=oldest). (F) Analysis of variance of M-values
in relation to MYCN amplification and age at diagnosis. MYCN-amplification was very significantly related
to decreased methylation values (p-value 6.67E-08). Adjusting for the MYCN-amplification relation with
methylation values, increased age at diagnosis was significantly related to decreased methylation values
(p-value 0.0374).

141

FUTURE RESEARCH ON RETINOBLASTOMA
DRIVER IDENTIFICATION AND PRECISION
MEDICINE

6

This thesis describes molecular profiling of retinoblastoma samples in order
to understand oncogenesis and to design precision medicine that targets
tumor cells specifically. We discovered that retinoblastomas progress from
photoreceptor-like cells to undifferentiated cells through SCNAs. We and
others hypothesized that the SCNAs include many passenger genes and
only a limited set of driver genes, whose expression is changed through
a gene-dosage effect and thereby promote tumor progression. In the last
decade, several studies were performed aimed at identifying the minimal
region of gain or loss for commonly altered chromosome arms 1q, 2p, 6p
and 16q30,31. The strategy was to include as many retinoblastoma samples
as possible and define the genomic intersect of the identified SCNAs. Since
retinoblastoma is a rare disease, cohorts were however usually small (<50
tumor samples)32–38, limiting the study power. Therefore, we performed
a meta-analysis using all available data and integrated these data with
new high-resolution data, matched with gene expression. Although this
strategy was successful to a limited degree, it was not so simple that one
or two genes per commonly altered chromosome arm could be assigned as
candidates, as is the case for focally amplified MYCN at 2p34,35,39,40. Since
we now know that tumors diagnosed at higher age, with larger volumes
and more poorly differentiated tumors contain more alterations with higher
amplitudes (chapter 3 and 4), we suggest that future studies may select
highly advanced staged tumors, to maximize the chance to detect focal
amplifications. Preferably, samples of extra-ocular retinoblastoma or
metastasis should be used for such analysis. Furthermore, since we believe
that within-tumor heterogeneity can exist, we suggest spatial sampling prior
to copy number determination, in particular for advanced-staged tumors.
Alternatively, multi-dimensional fluorescent activated cell sorting might be
used to sort separate cells from different tumor clones. Since retinoblastoma
biopsies can be relatively small, sub-sampling might only yield very limited
quantities of DNA. In that case, single-cell genomics should be considered41.
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Previously, SCNAs of metastases of murine retinoblastoma samples were
determined42–44, reasoning that in these advanced-stage tumor cells,
alterations that drive proliferation have been highly selected for. This yielded
multiple focal high-level gains and losses that included single genes only
such as Mdm244, Cdkn2A44, Mycn45 and Mir17-9243. These single-gene
SCNAs overlapped with the larger SCNAs that were found in the matching
primary tissues, and were therefore considered the most likely target genes
of the non-focal copy number alterations. These results are a showcase of
how careful sample selection can drastically improve identification rates of
driving forces of tumor progression.
On the other hand, it might not even be necessary to identify the
driving genes of SCNA regions in order to design retinoblastoma targeting
therapy. Differential gene expression analysis of photoreceptor-like and
photoreceptor-unlike tumors in chapter 2 provides a list of genes that
are deregulated during tumor progression and might prove to be very
resourceful. For example, the second-most significantly upregulated
gene was the somatostatin receptor 2 (SSTR2). Studies that successfully
exploited SSTR2 expression for targeted delivery of somatostatin analogous
conjugated to anti-tumor effector molecules are plentiful46–50 and could be
a promising lead for retinoblastoma as well. Furthermore, expression of
SSTR2 in retinoblastoma might be used as a target for nuclear imaging
using somatostatin-based radiopeptides, similarly as currently being used
for imaging of neuroendocrine tumors51–54. Instead of selecting the most
significantly upregulated genes, a cross-reference of any significantly
differentially expressed gene from chapter 2 with well-estabilished targets for
anti-cancer treatment might reveal promising leads. The inhibitory effect on
retinoblastoma cell viability could be tested in retinoblastoma cells or mouse
models using for example siRNAs, shRNAs or CRISPR-Cas9 knockdown/
out screens. In addition to evidence-based selection of anti-cancer targets
by genomics profiling, improvements in drug delivery might be essential
for effective retinoblastoma treatment. For example, through (epi-)genomic
analysis, inhibition of SYK was identified as a lead for retinoblastoma
therapy36. In a follow-up study, an attempt to treat retinoblastoma mice with
a SYK antagonist failed55 due to insufficient drug delivery to the vitreous.
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Considering the high success rates for eye-preserving treatments using
selective intra-arterial chemotherapy and intra-vitreal chemotherapty with
conventional chemotherapeutics56–58, sufficient drug delivery indeed appears
to be essential. Future studies on the late effects in terms of efficacy, toxicity
and complications of these recently (re-)explored treatments in combination
with non-invasive clinical and radiological predictive markers are now
urgently required to further improve retinoblastoma care.

RECOMMENDATIONS FOR CANCER GENOMICS
STUDIES
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Through the analysis of various types of high-dimensional (epi-)genomic and
transcriptomic data, I not only learnt about the complex molecular circuitry
of retinoblastoma, I also experienced the challenges that come into play
when designing, performing and analysing cancer genomics experiments,
in particular studies using next-generation sequencing approaches. Based
on my experiences, here I would like to provide some recommendations for
future cancer genomics studies that might help to design and perform the
experiments effectively. Expressions in this paragraph should be considered
as my personal opinion. References to scientific research articles and
reviews are therefore omitted.
•

Multidisciplinary: Cancer genomics should be contemplated as a
multidisciplinary research field. It requires active participation of at
least a pathologist, a clinician that treats the patient group, a biologist,
a statistician and a bio-informatician who all should have minimally 4
years of relevant working experience.

•

Study design: After the research aims have been defined by the
multidisciplinary cancer genomics team, discussion of study design
prior to the execution of any experiment should be top priority. What
sample preparation is required? Which genomics technique is most
applicable? How much sequencing data is required? What are the
endpoints of quality control? How many samples are required for an
experiment to have sufficient power? What are relevant comparisons?

Are technical replicates required? Is it possible to perform paired
experiments? What negative and positive controls are essential to
interpret the results?
•

Pilot study: In some cases, it can be hard to answer some of the
questions related to the study design. For example, the number
of sequencing reads required for accurate detection of transcript
structures in complex cancer samples depends on many factors,
which cannot all be predicted beforehand. Therefore it can be
very useful to perform a series of pilot experiments. For example,
instead of sequencing an NGS library at the estimated desired depth
instantly, the library can be sequenced in series where the number of
sequencing reads is gradually increased until a plateau in quality is
achieved. By doing so, not only the cost-quality balance is optimized,
this also warrants high quality data acquisition.

•

•

Between-tumor heterogeneity: Cancer is a heterogeneous
disease, where tumors not only differ between cancer types, but
also within cancer types. Studies that aim to identify common events
need to realize that in an unselected heterogeneous cohort, a large
sample size will be required to identify commonalities. Alternatively,
selection of samples in order to decrease the sample population
diversity can drastically increase the chances of finding common
traits. Conversely, studies aimed to relate genotypes to phenotypes
might benefit from large population diversity and should therefore
randomly sample or perform stratified subsampling to warrant
sample diversity to increase the study power.

6

Within-tumor heterogeneity: Next to between-tumor variability,
significant diversity between tumor cells within the same tumor has
been described59. Although there is increasing appreciation of withintumor heterogeneity, still many cancer genomic studies depend on
a single sample per tumor, or even per patient. A single sample of
a polyclonal tumor in a patient with multiple lesions might therefore
145

be inadequate to base either fundamental or clinical conclusions on.
•

of the cases, data about non-tumor cell contamination was not
available60. Particularly for DNA analysis, contamination with diploid
wild-type non-tumor DNA confounds the identification of tumor
variants and should be accounted for. Depending on the research
questions, non-tumor cells should either be removed from the sample
prior to profiling or should be accounted for during analysis. Of note,
there are numerous bioinformatic tools that claim to accurately
determine tumor cellularity using copy number and allele frequency
data. However, they often depend on assumptions about ploidy and
heterogeneity that cannot always be guaranteed, in my believe. The
best way to determine non-cancer cell contamination is to evaluate
the variant allele frequency of the tumor initiating mutation, which
should be present in all tumor cells and not in any non-tumor cells.
Admittedly, this method also depends on the assumption that tumor
evolution is hierarchical, where all tumor cells descended from a
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single initiating tumor cell and daughter cells inherited and maintained
the initiating mutation.
•
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Non-tumor cell contamination: In my opinion, one of the most
common pitfalls of cancer genomics studies is that non-tumor cell
contamination is not reported or even assessed. For example it was
recently reported that for whole genome sequencing from 14,000
patients by the International Cancer Genome Consortium, in 92%

Sample identification: Whatever can go wrong, will go wrong.
During the process of collecting tumor samples for genomic profiling,
it is not unlikely that samples can get swapped accidently. Therefore
it can be very useful to be able to validate the identity of the individual
samples. For example, in case independent genetic data is available
about included samples, this can be used to verify sample identities.
To the least, in DNA or RNA studies, respectively copy number or
gene expression of sex chromosomes should be correlated with
sex phenotypes. In case tumor-normal DNA or RNA profiling is

performed, hierarchical clustering of single nucleotide polymorphism
(SNP) genotypes can be used to validate that the appropriate sample
pairings were used.
•

Get best out of data: Although a genomics approach might be
designated to collect a particular kind of data, it might also be used
for other purposes. For example, SNP arrays were first only used
for SNP genotyping but are now widely used for copy number
determination additionally. Similarly, exome-sequencing is primarily
performed for SNV/INDEL detection but can be used for copy number,
loss of heterozygosity or even virus quantification analysis. Another
example is RNA sequencing, which is mostly used for determination
of transcript abundance or structure, but can also be used for SNV/
INDEL analysis.

•

•

Data sharing: There is increasing awareness that sharing highdimensional genomics data is essential for the cancer genomics
field to make sustainable translational contributions. This way, safe
long-term data storage is ensured, independent researchers can
reproduce and thereby validate analyses, perform powerful metaanalysis or use publicly available data to help interpret new data.

6

Phenotype data: Well-documented, complete and validated
phenotype data is absolutely essential for the translational
interpretation of genomic data. Considerable time and effort should
be devoted to collect high-quality phenotype data. Most importantly,
similarly to genomics data, sharing of phenotype data with due
consideration of patient consent can greatly enhance the force of
cancer genomics in the war on cancer.

As a final remark, I would like to stress that although cancer genomics
studies yielded many insights into the molecular pathways that drive cancer,
cancer genomics researchers might want to temper any optimism about
the contribution of cancer genomics to improved health care. Surely, next-
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generation sequencing revolutionized genetics, leading to an exponential
increase in sequencing throughput. However, although numerous clinical
trials with targeted therapies based on cancer genomics are currently in
progress, the revolutionizing impact of cancer genomics on long-term survival
rates remains to be demonstrated in the coming years. In combination
with targeted drug delivery, immune therapy and combinatorial medicine,
identification of the tumor-specific molecular essentials will hopefully open
up new avenues for the save and effective control of cancer.
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Retinoblastoom is een zeldzaam type kanker van het netvlies, dat vrijwel
uitsluitend bij jonge kinderen voorkomt. Omdat retinoblastoom vaak in een
relatief vroeg stadium wordt gediagnosticeerd, vooral in ontwikkelde landen,
blijft de tumor vaak beperkt tot het oog. Als therapeutische middelen om de
tumor te verdelgen niet werken, moet het oog chirurgisch verwijderd worden
(enucleatie), om te voorkomen dat patiënten overlijden aan uitzaaiingen.
Een behandeling die overleving garandeert zonder dat het oog verwijderd
hoeft te worden, geniet uiteraard de voorkeur. In dit proefschrift wordt
beschreven hoe wij het DNA en de daaraan gerelateerde gen-activiteit van
retinoblastoom cellen hebben onderzocht in mensen en muizen, in de hoop
dat onze resultaten aanleiding geven tot een verbetering van de huidige
oog-sparende behandelingen.
Voor vele andere kankertypes, zoals borst-, darm- of longkanker, is
gebleken dat niet alle tumoren vergelijkbare DNA afwijkingen hebben, wat
kan betekenen dat patiënten baat hebben bij verschillende behandelingen.
In het geval van retinoblastoom is er echter discussie over de vraag of
er een vergelijkbare diversiteit is tussen verschillende retinoblastoom
tumoren. Hoewel één studie concludeerde dat retinoblastoom tumoren zeer
vergelijkbaar zijn op basis van hun DNA en gen-activiteit, concludeerde
een meer recente studie dat er juist twee groepen zijn met verschillende
eigenschappen en mogelijk een verschillende ontstaansgeschiedenis. In
hoofdstuk 2 staat ons onderzoek beschreven waaruit blijkt dat retinoblastoom
tumoren wel degelijk sterke verschillen vertonen, en dat die verband houden
met onder andere de leeftijd van diagnose, de grootte van de tumor en de
mate waarin cellen lijken op voorloper cellen van “kegeltjes”, de lichtgevoelige
cellen van het netvlies die verantwoordelijk zijn voor kleurwaarneming.
Naarmate patiënten op latere leeftijd werden gediagnosticeerd, grotere
tumoren hadden en de cellen minder leken op voorlopers van kegeltjes,
bleken hun tumoren meer afwijkingen te hebben in het aantal kopieën van
verschillende genen. Aan de hand van deze bevindingen suggereerden wij
dat de diversiteit in retinoblastoom tumoren mogelijk verband houdt met het
verschil in het stadium van tumor progressie. In plaats van retinoblastoom
te categoriseren in twee groepen, denken wij dat retinoblastoom beter kan
worden geclassificeerd op een geleidelijke schaal, aan de hand van tumor

progressie markers.
Een normale cel heeft twee kopieën van elk gen. Afname of toename
van het aantal kopieën kan een sterke invloed hebben op de gen-activiteit
en uiteindelijk de eigenschappen van een cel, bijvoorbeeld hoe snel de
cel zich kan vermenigvuldigen. In het geval van retinoblastoom hebben
gemiddeld 2.500 van de ongeveer 25.000 genen (10%) een afwijking in
het aantal kopieën. Echter, niet voor elk gen heeft de afwijking in het aantal
kopieën gevolgen voor de cel en uiteindelijk progressie van de tumor. Er
zijn meerdere studies uitgevoerd waarin is onderzocht welke van de genen
met een afwijkend aantal DNA kopieën, een oorzakelijk verband hebben
met retinoblastoom ontwikkeling. In hoofdstuk 3 hebben wij de data van
deze studies samengevoegd met data die wij zelf verzameld hadden van
45 retinoblastoom monsters om zo nauwkeurig mogelijk te bepalen welke
van de 2.500 genen met afwijkingen in het aantal kopieën de groei van
de tumor ondersteunen. Mede door een relatie te leggen met gegevens
over gen-activiteit, waren we in staat om een lijst op te stellen van een
select aantal genen (<100 genen) die het meest waarschijnlijk relevant zijn
voor retinoblastoom progressie. In vervolgstudies kan worden getest of
dat moleculen die zijn gericht om het functioneren van deze genen tegen
te werken, de ontwikkeling van retinoblastoom kan stoppen of zelfs kan
omkeren. Daarnaast beschrijven we in hoofdstuk 3 aanwijzingen dat de
afwijkingen in DNA kopie aantallen niet in alle cellen van de tumor aanwezig
waren. Dit kan duiden op diversiteit in de tumorcelpopulatie, maar kan
mogelijk ook worden veroorzaakt door verontreiniging met niet-tumor cellen.
Naast afwijkingen in het aantal DNA kopieën, kunnen veranderingen van de
inhoud van het DNA, zogenoemde DNA mutaties, kanker veroorzaken en
tumor progressie aandrijven. Als er een DNA monster van een retinoblastoom
beschikbaar is, kan in ongeveer 95% van de gevallen worden aangetoond
dat de tumor is ontstaan door een mutatie in het RB1 gen. Echter, wij en
anderen veronderstelden dat voor de tumor ontwikkeling meerdere genen
gemuteerd moeten zijn. In hoofdstuk 4 beschrijven we DNA onderzoek van
71 monsters van retinoblastoom tumoren en vonden dat afgezien van RB1,
zeer weinig andere genen gemuteerd waren. Er waren slechts twee genen
die in ten minste twee afzonderlijke tumoren gemuteerd waren, namelijk
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CREBBP (in 2/71 tumoren) en BCOR (in 7/71 tumoren). Daarnaast vonden
we ook in deze dataset dat de DNA afwijkingen in retinoblastoom, afgezien
van RB1, niet in alle tumor cellen voorkomen. Aangezien de RB1 mutatie
wél in alle cellen van de tumor aanwezig waren, konden we verontreiniging
met niet-tumor cellen uitsluiten. Dit geeft aan dat er diversiteit bestaat tussen
verschillende tumorcellen van dezelfde tumor.
Om te kunnen experimenteren met retinoblastoom behandelingen
en om de ziekte nader te kunnen onderzoeken zijn proefdieren uitermate
belangrijk. Muizen kunnen zodanig genetisch gemanipuleerd worden, dat
ze retinoblastoom ontwikkelen. Daarvoor is nodig dat er een mutatie in het
Rb gen (equivalent aan het menselijk RB1 gen) én ofwel Rbl1 of Rbl2 in het
netvlies aanwezig is, voordat het netvlies van een muis volledig is ontwikkeld.
Eerder is aangetoond dat in het muismodel waarbij Rb en Rbl1 gemuteerd
is, additionele DNA afwijkingen, waaronder Trp53-inactiverende mutaties,
bijdragen aan de ontwikkeling van retinoblastoom. Dit in tegenstelling tot
retinoblastoom in mensen, waarbij RB1 mutaties voldoende zijn, en waarbij
bovendien de additionele afwijkingen die gevonden worden niet Trp53inactiverende mutaties zijn. Deze tegenstrijdigheden zijn de aanleiding van
de vraag of dat muizen met Rb en Rbl1 mutaties wel een goed model zijn
voor retinoblastoom in mensen. In hoofdstuk 5 staat beschreven dat ons
onderzoek heeft aangetoond dat DNA afwijkingen niet beslist noodzakelijk
zijn voor de ontwikkeling van retinoblastoom tumoren in muizen met Rb en
Rbl2 mutaties, in overeenstemming met retinoblastoom in mensen. Ook
vonden we geen Trp53 inactiverende mutaties, maar wel een verlies van
het Cdh11 gen, wat ook in menselijk retinoblastoom eerder is gevonden.
Tevens waren muizen, die DNA afwijkingen vertoonden in de tumor, op een
latere leeftijd gediagnosticeerd ten opzichte van muizen die tumoren hadden
zonder DNA afwijkingen, wat ook in overeenstemming is met menselijk
retinoblastoom. Op basis van het DNA profiel, concludeerden wij dat muizen
met Rb en Rbl2 mutaties een beter model zijn voor menselijk retinoblastoom
dan muizen met Rb en Rbl1 mutaties.
Ons onderzoek heeft aangetoond dat onder invloed van DNA
afwijkingen, retinoblastoom tumoren zich kunnen ontwikkelen van
kwaad tot erger. Daarnaast heeft ons onderzoek in zekere mate kunnen

vaststellen welke genen onder invloed staan van die DNA afwijkingen
en verantwoordelijk zijn voor de tumor ontwikkeling. We stellen daarom
voor dat toekomstig onderzoek naar op maat gemaakte behandeling van
retinoblastoom mede wordt gestoeld op basis van deze bevindingen.
Daarnaast heeft ons onderzoek laten zijn dat er diversiteit kan bestaan
tussen individuele cellen van eenzelfde tumor, wat mogelijk kan betekenen
dat individuele retinoblastoom cellen anders reageren op behandeling.
Terwijl wij de moleculaire biologie van retinoblastoom onderzochten om
aanknopingspunten te vinden voor oog-sparende behandeling, zijn er grote
vooruitgangen geboekt op ander gebied. Door chemokuur ofwel direct in het
glasvocht te spuiten, of toe te dienen via een de oogslagader met behulp
van een katheter, kan met een relatief lage dosis van onder andere een
stikstof-mosterd verbinding (melfalan) retinoblastoom vaak worden genezen.
Mogelijk kan in de toekomst op, basis van ons onderzoek, op maat gemaakte
geneesmiddelen worden ontworpen en met behulp van de innovatieve
toedieningstechnieken worden gebruikt, om uiteindelijk retinoblastoom zo
effectief mogelijk te behandelen met zo min mogelijk bijwerkingen.
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Dec 2011

Expected July 2016

PhD

Cancer genetics, VU University medical
center

Sept 2010

Sept 2011

MSc

Bio-informatics, The University of Edinburgh
(with distinction)

Sept 2008

July 2010

MSc

Bio-pharmaceutical Sciences, Leiden
University (with distinction)

Sept 2005

Sept 2008

BSc

Bio-pharmaceutical Sciences, Leiden
University (with distinction)

Sept 1999

July 2005

Gymnasium

Erasmiaans gymnasium

Work experience
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Start date

End date

Function

Employer

Description

Dec 2011

Expected
Q4 2016

PhD-candidate

VU University
medical center

Main: Applied bio-informatics in
cancer genomics
Side: Development and
implementation of pipelines
to process high-dimensional
genetics data. Give bio-informatics
and statistics support to fellow
researches in the VU University
medical center

Jan 2006

July 2011

Private driver
(side job)

AB-AZ

To drive (mostly) business (wo)men
using their own cars to and from
appointments and diners

Sept 2007

Aug 2010

Student
ambassador
(side job)

Leiden
University

Responsible for marketing and
communication of the study Biopharmaceutical Sciences. Involves
organizing open door days,
information events, visiting schools,
recruiting prospective students.

May 2004

June 2008

Bar tender
(side job)

Reyerbos

Bar tender and waiter at squash,
snooker and tennis bars

Computational skills
Java, perl, python, R, MySQL, bash, Visual Basics for Applications, Microsoft
Excel (advanced), linux, parallel environments (SGE). Next to scripting and
software development I know my way around with various genome analysis
tools/environments/systems like Samtools, Picardtools, GATK, vcftools,
bedtools/bedops, seqtk, plink, Galaxy, LIMS, EMBOSS, IGV and many
others.

Bio-informatics analyses
Mutations (SNV/InDel), (somatic) copy number alterations, allelic imbalance,
structural variants, differential gene/transcript/protein/methylation/peak
(ChIP-seq) any feature expression, alternative/novel splicing, de-novo
transcriptome/genome assembly, genome-wide associations, integrative
analysis, genotype-phenotype correlations, (multi-class) classification,
survival analysis
Hobbies and personal interests
Tennis, running, science, gym, squash, TV series, reading, Biostars, traveling
References
Name

works as a

works at

contact

Prof. H. te Riele

Professor of biological
stress response

Dutch cancer institute

h.t.riele@nki.nl

Prof. A.C. Moll

Professor of opthalmology

VU University medical
center

a.moll@vumc.nl

Prof. B. Ylstra

Professor of cancer
genomics

VU University medical
center

b.ylstra@vumc.nl

Prof. T. Wurdinger

Professor neuro-oncology

VU University medical
center

t.wurdinger@vumc.nl

Dr. G.J. Schenk

Assistant professor clinical
neuroscience

VU University medical
center

g.schenk@vumc.nl

Dr. J. Cloos

Assistant professor
hematology and pediatric
oncology

VU University medical
center

j.cloos@vumc.nl

Dr. J.C. Dorsman

Principal investigator
clinical genetics

VU University medical
center

jc.dorsman@vumc.nl
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bestaan, zo vaak en veel tijd kan vinden om het retinoblastoom onderzoek
in Nederland te leiden en te ondersteunen. Hein, je bent voor mij een
voorbeeld van een succesvol wetenschapper en een goed mens. Het was
een voorrecht om met jou samen te hebben mogen werken. Josephine en
Jacqueline, jullie zijn samen het meest betrokken geweest bij mijn project.
Lange discussies, waarbij niet altijd de makkelijkste ben geweest door soms
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maar ik wil graag erkennen dat ideeën en interpretaties sparren met jullie
noodzakelijk is geweest voor de vorming van dit proefschrift.
Saskia: Ik realiseer me dat ik enorm verwend ben geweest met jou als
de belangrijkste research technician van dit proefschrift. Je hebt een
onmisbare rol gespeeld door het uitvoeren van experimenten voor elk van
mijn hoofdstukken in dit proefschrift. Ik was ervan gegarandeerd dat werk
dat door jou werd uitgevoerd, ongeëvenaard zorgvuldig werd volbracht.
Maar minstens net zo belangrijk is dat je me voortdurend hebt benadrukt om

naar afronding van het onderzoek toe te werken en niet (te lang) te blijven
hangen in zijpaden.
Maarten: Net zoals bij Berber, geldt bij jou dat ik een beetje in een rijdende
trein ben gestapt die jij bestuurde, maar in dit geval wat betreft data analyse.
Toen jij begon aan je promotie, moest je eerst veel zelf uitzoeken over welke
type analyses logischerwijs gedaan moesten worden en hoe dat moest. Ik
heb stiekem een beetje over je schouder mee kunnen kijken hoe genomische
data vertaald kan worden naar biologische inzichten.
Najim: Via jou ben ik betrokken geraakt met diverse onderzoeksprojecten,
wat mijn wetenschappelijke blik heeft verrijkt en me wegwijs heeft gemaakt
in diverse bio-informatica uitdagingen. Je bent een goede onderzoeker, een
man van aanpakken en een heerlijk mens om mee te werken. Ik hoop dat je
je wetenschappelijke carrière snel kan komen voortzetten in Amsterdam en
me tegelijkertijd af en toe nog een paar keer les kan geven op de squashbaan.
Khashayar Roohollahi: I appreciate the way you contemplate life. I would
like to apologize for the few times I drove you mad and want to thank you for
the many times you showed me how to enjoy life. Good luck with finishing
your PhD-project!
Atiq: Mn broeder, de poema uit Afghanistan, haha er verschijnt altijd een
lach op mijn gezicht als ik je spreek of aan je denk.
Rob Wolthuis: Ik denk dat je al hebt laten zien dat je een goede leider
van het oncogenetica team bent en ik denk dat je dit in de toekomst zult
blijven bewijzen. Ik heb nog geen onderwerp kunnen ontdekken waar met
jou niet nuttig over te sparren valt. Belangrijk voor mij is geweest dat je hebt
gezorgd dat mijn PhD-contract dusdanig werd verlengd dat ik mijn promotie
gedurende mijn dienstverband kon afmaken. Ook wil ik je bedanken dat
je me hebt verwezen naar Nature Scientific Reports, wat een schot in de
roos bleek, aangezien ons hoofdstuk 4 bijna zonder enkel commentaar werd
geaccepteerd.
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Quinten: Bedankt voor je interesse in mijn werkbesprekingen en je nuttige
en vernieuwende invalshoeken, die je bescheiden weet te brengen, maar
vaak van groot inzicht getuigen.
Overige oncogenetica collega’s: Anneke Haitjema, Anneke Oostra,
Chantal, Charlotte, Davy, Dominique, Henri, Iris, Janine, Jesper, Job, Johan
, Klaas, Martin, Monique en Yne, jullie zijn allemaal kanjers!
Retinoblastoom team: Uiteraard moet ik de nog-niet-genoemde mensen uit
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