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Abstract
Cancer remains a leading cause of morbidity and mortality in the world despite advances in understanding its biology and treatment. Therefore, it is essential to continue to investigate this diverse group
of diseases and discover new therapeutic targets. Here we present a novel list of potential therapeutic
genetic targets in cancer where we focused on genes which are essential in very specific cancer types.
Paralog genes are not essential in most cell types due to the buffering factor of their duplicate. We
combined the genome-scale cancer dependency map (DepMap), numerous protein-protein interaction
databases, several paralog databases and various datasets of gene expression in cancer to propose a list
of 429 paralog genes interacting with common essentials as highly selective dependencies. For each of
these candidate paralogs, we developed a set of features by which 20 candidate genetic dependencies
were selected for further investigation.
One of the higher scoring genes in our selection is the nuclear RNA export factor NXT1, which is essential
in multiple neuroblastoma cell lines. The behavior of NXT1 in the MYCN-amplified neuroblastoma
cell line Kelly is investigated in more detail by performing ChIPseq data analysis. The chromosomal
binding locations of NXT1 are investigated to recover the gene types it is most present at. Gene set
enrichment analysis showed that NXT1 bound at distal intergenic regions are important for many
gene sets related to neuron development. Moreover, the correspondence with the core transcriptional
regulatory circuit (CRC), a main driving force behind neuroblastoma survival, is evaluated where we
found a large overlap with MYCN binding locations especially at promoter regions. Finally, the effect of
NXT1 binding on gene expression is investigated based on RNAseq and protein mass spectrometry. The
proteomics data indicated that genes where NXT1 and all the CRC members bind at distal intergenic
regions are repressed the most when NXT1 is depleted using a dTAG-13 degradation system. This gene
group is also the most enriched for neuroblastoma related gene sets which could explain why NXT1
plays a crucial role for neuroblastoma. These results shows that our proposed method works well for
identification of potential therapeutic targets in cancers.
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Chapter 1

Introduction
Cancer is a group of often life-threatening diseases that severely affect people of any age. Although
each cancer type is a unique disease in many forms, all cancers share the property of abnormal cell
growth and a disturbed cell cycle caused by a genetic or epigentic changes [1, 2]. Cancerous tumors can
go into metastasis and spread throughout the body, which is often fatal. The aim is therefore to apply a
treatment before this occurs. On the other hand, in many pediatric cancers this is not the case, instead,
here the thought is that this metastatic disease is caused by different biology instead of the fact that it
was not caught in time [3].
One possibility for cancer treatment is to therapeutically target specific genes crucial for cancer development, maintenance and growth. To systematically identify genetic vulnerabilities in a certain cancer
types, the Broad Institute1 has been developing a genome-scale CRISPR-Cas9 cancer dependency map,
called DepMap [4], over the past few years. This resulted in large datasets of dependency scores for
over eighteen thousand genes in hundreds of cancer cell lines. Dependency scores were determined
through CRISPR-Cas9 loss-of-function screens and in some datasets through RNA interference (RNAi)
screens where the effect of gene knock-out on cell vitality is measured [5, 6].
During a CRISPR-Cas9 loss-of-function screen, a CRISPR-Cas9 genome editing system is coupled
with a library of single guide RNAs (sgRNAs) [7, 8]. These sgRNAs direct the CRISPR construct to
specific places in the genome to make a double-strand DNA break, which due to the highly error-prone
automatic DNA repair mechanism in the cell causes the disruption or knock-out of a gene. These
sgRNA libraries are designed carefully to target every gene in the genome at specific loci to result in a
gene knock-out. Thus CRISPR-Cas9 loss-of-function screens provide a powerful method for performing
genome-scale multiplexed screening through its relative ease and high precision [9].
As there are millions of data points in DepMap, a problem that arises is the identification of potential
therapeutic targets. A key property for a drug is to have a therapeutic window, i.e. kill the disease cells
whilst sparing normal cells. While this cannot be directly inferred from a genetic screen, genetic targets
1 https://broadinstitute.org
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with high selectivity for particular cancer types and not others are often prioritized. In particular, genes
which are essential for the proliferation of all cancer cell lines (termed common- or pan-essential genes)
are most likely also crucial for other normal cells [10].
A class of genes which may have such unique vulnerabilities are paralog genes. Paralog genes are a
particular class of homologous genes with one or more copies in the genome. These copies are the result
of gene duplication but can have diverged to slightly different biological functions [11]. Paralog genes
play an important role in biology as their similarity can result in different genes with parallel functions,
and often, paralog genes can replace each other’s function. In the context of cancer biology and genetic
dependency this means paralog genes are less likely to be essential than non-paralog genes due to this
buffering factor [12].
However, due to differing genetic backgrounds the expression of paralogs is not equal in every cell type
which can lead to a significantly different dependency on the other gene [12]. As such, the sensitivity
of a cell to the inhibition of a gene (i.e. its essentiality) is strongly linked to the mutation of another
gene [13]. This property can cause a unique genetic dependency for certain genes in specific cancer
types where their paralog is underexpressed due to transcriptional regulation or a deleterious mutation.
Additionally, because of the genetic alterations in cancer the expression or copy number of paralogs or
its transcriptional regulators may vary which is something we can leverage [14, 15].
Multiple studies have indicated that genes with a paralog are generally less essential due to the functional
compensation effect of the paralog demonstrating the buffering effect of paralogs genes [16–18]. However,
in cancer cells, inactivation through deleterious mutations or transcriptional deregulation of the paralog
can lead to significant dependency on a gene [12, 14]. In addition, synthetic deactivation of a paralog is
shown to have similar effects [19–21]. This suggests that paralog genes could be efficient therapeutic
targets in cancers where their paralog is altered.
The nuclear RNA export factor, NXT1, is an example of such a paralog gene. It has the gene NXT2 as a
paralog [22] and its primary function is to transport general mRNA from the nucleus to the cytoplasm
by forming a heterodimer with the common essential NXF1 [23–25]. NXT1 is selectively essential in
neuroblastoma [26] and the properties of this gene can be analyzed using various methods. Genomic
binding of the NXT1 product can be investigated using chromatin immuno-precipitation combined with
massively parallel DNA sequencing (ChIPseq). Here the regions where NXT1 binds can be identified
which could serve as a marker for the genes which rely on NXF1:NXT1 export.

1.1 Motivation and research questions
As mentioned above, it is a challenge to find potential therapeutic genetic targets from genome-scale
dependency screens such as DepMap. Because of the reasons stated above, paralog genes are an
interesting group of genes to be further investigated and the unique genomic properties in cancer can
be leveraged to find very selectively essential paralog genes in cancer.
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Pan-cancer essential genes are critical in for the development of most cancers. By identifying molecular
mechanisms containing such a common essential and a paralog we hypothesized that novel highly
selective cancer treatments can be found. This motivation led to the following problem statement (PS)
for this thesis:
PS: To what extend can we define a novel class of dependencies for cancer based on selective
essential paralog genes interacting with common essentials?
In order to address this PS we want to develop a method for selection of genes based on information
from multiple biological databases. In order to develop an optimal selection pipeline the following
research questions (RQs) were defined:
RQ1: What is the best way to select for selective essential paralogs interacting with common
essentials?
(a) What features can we define to select the most interesting candidates?
(b) How can these features be used for selection of candidates?
RQ2: What are the properties and cellular functions of the genes in this new group of
dependencies?
(a) What are the genomic binding regions of these genes and how do they correspond
with cancer development?
(b) What is the effect of these interactions on other cellular processes such as gene
expression?

1.2 Thesis outline
In chapter 2 we will give a description of the datasets used in our research and list our methods of
analysis. The research in this thesis can be split into two sections. First, methods were developed for
defining a list of candidate paralog genes interacting with common essentials and we propose a filtering
method to select the top candidate genes for further investigation, the results of this are presented in
chapter 3. Next, in chapter 4 the results of a more in-depth study on the gene, NXT1, are given, where
we investigate the functioning of NXT1 in MYCN-amplified neuroblastoma. All our results will be
discussed in the subsequent chapter 5. Finally, we will give an overview of our conclusions and hint to
future work in chapter 6.
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Chapter 2

Materials & methods
In this chapter, the data and methods used will be described. This will cover all the general properties
of the data. In the second part of this chapter, all methods will be described. All code used to generate
results is available on github here: https://github.com/hspaink/novel_cancer_dependencies.git.
References are provided to all public data that has been reused and novel data is available upon request.

2.1 Overview of the data
Cancer research is a quickly evolving field of data science as there are rich datasets available, such as
genomics, transcriptomics and proteomics, in cell line models. In this project we made extensive use
of such available datasets, and by leveraging and combining large data sets, we were able to exploit
existing knowledge and contribute new insights.
The first part of this study is based on published datasets including gene dependency data, protein
interaction data, and gene expression data in cancer cell lines. For all of these published datasets we
will give a brief summary of their contents and construction below.
The second part of this study uses novel analyses and non-published data generated in this study. Here
next-generation sequencing (NGS) data on a specific neuroblastoma cancer cell line is used, namely
chromatin immunoprecipitation combined with sequencing (ChIPseq), RNA sequencing (RNAseq) and
proteomics data. This data was generated by Clare Malone PhD et al. in the pediatric oncology laboratory
of Kimberly Stegmaier MD at the Dana-Farber Cancer Institute. An overview of these datasets will be
given in subsection 2.1.5.

2.1.1

DepMap datasets

The genome-scale cancer dependency map initiative, DepMap, [4] developed at The Broad Institute
contains many datasets of different types, such as CRISPR-Cas9 loss-of-function screening [5, 6], gene
expression data [27] and drug effect screens [28]. These datasets are updated every three months,
5

CHAPTER 2. MATERIALS & METHODS

6

resulting in four releases per year. All the results in this research were produced using the 20Q2 public
release [29]. All raw data can be retrieved from the DepMap website1 .
Multiple datasets were used from DepMap. The most fundamental ones being data resulting from the
genome-scale CRISPR-Cas9 and RNA interference (RNAi) screens. This includes the gene effect and gene
dependency datasets described in further detail below.

Gene effect and gene dependency
Both the gene effect as the gene dependency data are constituted of a large matrix of thousands of genes
against several hundred cell lines. For each gene in the dataset there is a score in the respective cell line.
Three large scale screening datasets were used in this research: the DepMap CRISPR screens [5, 6], the
DepMap RNAi screens [30], and the Sanger CRISPR screens [5, 31, 32].
In the DepMap CRISPR screens the gene effect and dependency data were defined by the results of
genome-scale CRISPR-Cas9 knockout screens of 18,119 genes in 769 cell lines. The scores in the gene effect
dataset refer to CERES [5] effect scores which resemble the relative effect the knockout of a gene has
within in a particular cell line, i.e. how essential the gene is for the cell line. This score is calculated from
the sgRNA cell line specific and shared effect and then scaled such that the median for nonessential
knockout effect is 0 and the median for an essential knockout effect is -1. CERES reduces false positives
and corrects for the copy effect [5]. Because sometimes it is more interesting to know how likely it is that
knocking-out a gene has a true effect on the viability of the cell instead of asking how strong the effect
is, such probability scores were defined in the gene dependency dataset. These scores are derived from the
effect score and indicate the probability that the given gene has an actual depletion effect on the cell line.
Here a value of > 0.5 indicates that the gene is most likely a dependency in that particular cell line [6].
Before CRISPR screening technology existed, RNAi screens were conducted by the Broad Institute. The
current available RNAi dependency data is a collection of DEMETER2 [30] essentiality scores calculated
from three large-scale RNAi screening datasets: The Broad Institute Project Achilles [4], Novartis Project
DRIVE [33], and the Marcotte et al. breast cell line dataset [34]. The final dataset provided a combined
score for 16,497 genes across 501 cell lines where the scoring types (gene effect and gene dependency)
were similarly defined as in the DepMap CRISPR screens.
The third cancer dependency dataset used in this project came from the Sanger CRISPR screens. This
data was processed using the same Achilles pipeline as was used for the DepMap CRISPR data, but
using the quality control (QC) of the Sanger project [31]. The Sanger QC differs in the way the single
guide RNAs (sgRNAs) were selected. In summary this means read counts from the Sanger’s project
SCORE were used and the final gene effect scores were calculated using the same CERES pipeline. This
dataset contained gene effect and gene dependency scores for 17,799 genes across 318 cell lines.
1 https://depmap.org
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Common essentials and selective dependencies
From the DepMap CRISPR screens, a list of common- or pan-essential genes is defined which are a
dependency in almost all of the screened cancer cell lines. These common- or pan-essentials constitute a
list of 2,123 genes and are selected in a data driven way as follows. First, for a given gene its gene effect
score is ranked in each cell line, then the cell lines are arranged in order of increasing gene effect score
for that gene. When considering the 90th percentile of least depleted cell lines this shows a bimodal
distribution of genes (see Figure 12b in [6]). A threshold for defining the common essentials is defined
by taking the point of minimum density in this distribution using a Gaussian smoothing kernel with a
width of 0.1.
Although these genes are still essential in the 90th percentile of the screened cancer cell lines this does
not mean they are a dependency in just these cancer lines. Rather these genes generally have functions
which are essential in any cell type, also healthy cells. Their range of functions is very diverse, but they
are often key in very essential cellular processes. This makes targeting these genes particularly difficult
as one would expect on-target effects to other healthy cells in a similar manner as to cancer cells.
Many genes are, however, not pan-essential but rather a dependency in select groups of cell lines due
to tumor-specific differences in biology. This gives rise to a group of selective dependencies. In order to
define this group a normality likelihood ratio test (NormLRT) was performed on the gene knockout
CERES results [33]. This score indicates whether a gene has a divergent from normal score profile based
on the deviance between the normal distribution and the skewed t-distribution. NormLRT represents
the likelihood that a gene’s effect scores come from a skewed distribution and by convention a cutoff of
100 is chosen to define a selective dependency.
Omics datasets
Other datasets used from DepMap were the Cancer Cell Line Encyclopedia (CCLE) expression and
mutation datasets [27]. The first represents RNAseq gene expression data of 19,144 protein coding
genes across 1,372 cancer cell lines. For each gene a score is given indicating the expression in that cell
line. This score is the Log2 transformed RSEM [35] value of RNAseq transcript per million (TPM) gene
expression.
The mutation dataset which was used contained mutation data for 19,540 genes in 1,754 cancer cell lines
in Mutation Annotation Format (MAF). This format contains various features for each mutation, and for
the purposes in this research the data is binarized to being a deleterious mutation or not based on the
Variant Classification field. The mutations in this dataset are aggregated from different sources. The
primary one being the quarterly updated whole exome sequencing (WES) data generated by the Broad
where each mutation call is generated via the CGA WES Characterization Pipeline2 . These WES-based
mutation calls are combined with the existing mutation data from previous releases which includes all
mutation calls as described by Ghandi et al. in [27].
2 This pipeline is described here:
https://docs.google.com/document/d/1VO2kX_fgfUd0x3mBS9NjLUWGZu794WbTepBel3cBg08/edit. Last accessed: 06-14-2020
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Table 2.1: Overview of the PPI databases CORUM [37], STRING [38], SIGNOR [39] and
HuRI [40] with their number of only human genes/proteins and the total number of
interactions.

Database
CORUM
STRING
SIGNOR
HuRI

Genes
4,473
19,257
4,294
8,275

Interactions
4,274
11,759,454
23,145
52,569

DepMap prediction data
Although not publicly available in the current DepMap releases, an additional internal dataset from
DepMap was used. Using several CCLE [27] datasets including gene expression, mutation, methylation,
metabolomics and protein level datasets, DepMap conducts a predictive feature search to identify
potential biomarkers of dependency. The CCLE data is combined with meta-data such as cell line
lineage, histology and disease subtypes, and Cas9 activity, culture type, media conditions and strictly
standardized median difference from Project Achilles [5, 6]. This data provides a list of other genes
which are associated with each genetic dependency included in DepMap and the Pearson correlation
value of the feature association. Dempster et al. provide a detailed description on how this model is
run [36].

2.1.2

Protein-protein interaction datasets

As one of the main aims in this study was to evaluate whether there exists an interaction between two
genes, or rather their protein products, the second major data source consists of all protein-protein
interaction (PPI) datasets [37–40]. There are multiple sources of PPI data, all constructed with different
levels of evidence, error and coverage. Since no database is ever completely comprehensive and does
not contain interactions present in others, as is also shown in Figure 3.3a in the Results, a combination
is necessary to achieve an exhaustive search space and minimize false negatives. A caveat with simply
combining data from all the datasets is that each one contains false positives with interactions that may
not be true. Subsequent filtering is therefore essential in order to get to a biologically representative
result. False positive interactions are thus less of an issue in our case, since consecutive added features
will reduce such found genes. Therefore, a union of the following filtered PPI databases was taken to
grasp the larger picture of all genetic interactions in human cells.
In total four large PPI datasets were included in this study. The number of unique human genes and the
interactions in the databases is summarized in Table 2.1.
CORUM
CORUM [37] is in essence not an interaction dataset but rather a manually curated database of
mammalian protein complexes. It includes a list of mainly human (67%), mouse (15%) and rat (10%)
experimentally verified protein complexes. All information is collected from published individual
experiments. In total 4,274 complexes are present in the most recent CORUM 3.0 database. For each

2.1. OVERVIEW OF THE DATA

9

protein complex the individual sub-units are provided in various formats such as UniProt IDs and
Entrez IDs.

STRING
The STRING dataset [38] is a large, frequently used database of known and predicted PPIs. Both
physical and functional interactions are included and are sourced from experimental data, computational
prediction, orthology between organisms, and interactions accumulated from other databases. STRING
combines all this information to form a large PPI network where for each connection one or multiple
scores between 0 and 1000 are given indicating the confidence of the interaction in the respective category.
The various scoring fields are: gene neighborhood, gene fusion, gene cooccurrence, gene coexpression,
experiments/biochemistry, annotated pathways, and textmining. For some scoring category also a
transferred score is given. This score is computed from interactions in a different organism and then
transferred via homology or orthology. In total STRING contains over three billion interactions across
over five thousand organisms.

SIGNOR
The SIGnaling Network Open Resource, SIGNOR [39], aggregates published human, mouse and rat
signaling information as binary causal relationships between biological substances. For each interaction
it stores the direction, type and effect of the reaction. In total almost 23,000 manually-annotated causal
relationships are stored between mostly proteins but also other biological entities such as chemicals,
phenotypes and complexes are enclosed.

HuRI
The HuRI database [40] is a human-only protein interactome map. It contains about 53,000 binary
undirected PPIs. These PPIs were accumulated from several yeast two-hybrid (Y2H) screenings of 2,000
by 2,000 genes and combining these with known systematic functional screens. The novelty of the HuRI
database causes it to contain many new and previously not documented PPIs as is also visualized in
Figure 3.3a.

2.1.3

Paralog genes datasets

The third key criteria is whether a gene has a paralog. The following data type describes paralog genes.
For the same reason that not one database is completely comprehensive, two datasets were combined
(see also Figure 3.3b in the Results). Again, false positives are not less of an issue since subsequent
filtering will emphasize those paralogs with strong buffering effects. Both databases described below
contained a list of genes with their paralog copy.
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PANTHER

The Protein ANalysis THrough Evolutionary Relationships (PANTHER) [41] database is a system for
gene and protein classification. PANTHER contains much more details than paralog and ortholog
information alone such as gene families and evolutionary related proteins, molecular functions, the
protein function in biological process, and the function within pathways. We use this database to
construct a list of near 13,000 paralog genes across several species.

DGD
The Duplicated Genes Database (DGD) [42] is a database for co-located and duplicated genes particularly.
It provides paralog information for genes in nine different species. For human specific genes DGD stores
about three and a half thousand paralog genes. DGD was constructed through matching of similar
genes on a sequence level and enriched with information on gene groups with similar function.

2.1.4

Treehouse expression data

Besides the large expression dataset available from DepMap, the Treehouse primary tumor expression
dataset [43] is used in this study. The Treehouse Childhood Cancer Initiative aims to enable the sharing
of pediatric cancer genomic data. From many pediatric tumors gene expression data is collected that
is combined with publicly available gene expression data including TARGET and TCGA. This results
in a cancer-wide (pediatric and adult) gene expression database from over 12,000 samples along with
clinical data such as age, gender and disease type. In this study Treehouse version 11 (released April
2020) is used. The TPM Expression dataset contains log2-normalized TPM gene expression values for
18,119 genes in 12,747 tumor samples. The Clinical Data contains metadata for each of these samples
including the disease type.

2.1.5

Neuroblastoma data

The effect and function of the paralog gene NXT1 in neuroblastoma (NB), where it plays an important
role, is investigated in further detail using the representative MYCN-amplified NB cell line Kelly. Data
for this cancer cell line were used to study specific aspects of NXT1 biology. These datasets are not
publicly available and were obtained through internal communication.
To investigate the function of NXT1 a genetically modified cell line of Kelly was generated in which
endogenous NXT1 is knocked out and exogenous degron-tagged NXT1 is expressed. This cell line was
treated with two different conditions, either with DMSO (which is the vehicle and should not impact
NXT1 levels) or dTAG-13 to specifically deplete and remove NXT1 [44]. The former will subsequently
be referred to as the DMSO line and the latter as the dTAG or degraded line. Thus, we compared the
conditions where NXT1 was present and degraded with ChIPseq of NXT1. Additionally, RNAseq and
mass spectrometry (MS) data of proteins was used to investigate the effects on genome-wide gene
expression.
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ChIPseq data
ChIPseq provides a method for analyzing epigenetic chromatin structure-based DNA interactions [45,46].
Through binding of a specific protein to DNA followed by extraction of these regions and subsequent
DNA sequencing (DNAseq), the regions in the genome can be located which interact with the protein
of interest. During ChIPseq a protein of interest is bound to DNA, the chromatin is then fragmented
and the protein bound regions are extracted and sequenced. The sequenced reads are then aligned to a
reference genome to recover the binding locations of the protein which are also referred to as peaks due
to the sums of the read coverage corresponding to peaks of alignment quality. All peaks then pass a
computational quality control step to reduce noise and false positives.
Here, ChIPseq is used to obtain the genomic regions where the protein NXT1 binds to. ChIPseq data was
available for both degraded and DMSO conditions. Browser Extensible Data (BED) files containing the
binding locations of NXT1 are available resulting from the peak calling in the ChIPseq data processing.
In the data, there are 5,576 peaks reported for the DMSO Kelly line. For the dTAG line 163 peaks are
reported. For each peak the genomic range is given, i.e. the chromosome, genomic start position and
genomic end position.
Besides for NXT1, ChIPseq data was available for the members of the transcriptional core regulatory
circuit (CRC) [47] in Kelly. The CRC is a tissue specific driving factor to establish and remain cell state
in several cancers including MYCN-amplified NB. CRCs are formed by interconnected positive, feedforward self-regulating loops of transcription factors which are generally marked by heavy acetylation
at histone H3-lysine 27 (H3K27ac) [48–50]. The CRC in Kelly includes the genes GATA3, HAND2, ISL1,
MYCN, PHOX2B and TBX2. Besides this, Durbin et al. [47] also provided ChIPseq data on H3K27ac in
Kelly.

RNAseq data
In order to study the effect of NXT1 degradation on gene expression, RNAseq was performed. RNAseq
and data preprocessing was performed for 150 base pair paired-end reads on the Novoseq 6000 sequencing platform. Quality control (QC) was performed and the reads were mapped to the GRCh37.p13/hg19
human genome. Gene level reads were summarized by counting the reads that overlapped the gencode
v19 annotated gene exons. Gene counts were then used to quantify differentially expressed genes
between the experimental and control conditions using DESeq2 [51]. Instead of focusing mostly on a
qualitative expression change, DEseq2 allows for a good quantitative analysis through its shrinkage
estimation for dispersions and fold changes. Hence, improving stability and interpretability of the
estimates.
In terms of the lab, for the RNAseq experiment everything was performed in triplicate. Cells were plated
and then the following day treated with 500nM dTAG13 or DMSO for 6 hours. They were then detached
with trypsin and split into two pellets normalized by cell number. Whole cell RNA was extracted from
one using the Qiagen RNeasy kit, and cytoplasmic and nuclear RNA were isolated from the other using
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the cytoplasmic fractionation modification for the RNeasy Kit.
RNAseq was performed to measure gene expression in different cellular regions, resulting in data for
whole cell, nuclear and cytoplasmic gene expression. Here, for the nuclear and cytoplasmic DEseq data
all three cell groups were used and for the whole cell data two cell groups as the third was discarded
during QC. These datasets were filtered to only contain genes with at least 5 reads in all samples. For
the whole cell, nuclear and cytoplasmic measurements DEseq values for respectively 14,976, 15,956 and
14,898 genes were available after filtering. A DEseq value here refers to an adjusted p-value and log2
shrunken fold change for a gene which were computed using DEseq2 [51].

Proteomics data
The proteomics experiment was similar except here four replicates for each condition were used and cells
were treated for 2, 6, or 24 hours. Cells were collected by scraping and then pelleted into low-protein
adhering tubes. At the three different time points after degradation of NXT1, cells were lysed and total
protein was determined using a bicinchoninic acid (BCA) assay. Proteomics data was measured using
MS of TMT labeled protein. The acquired data was processed to a have a FDR of 1% for all proteins.
Next, log2 shrunken fold change along with a p-value was determined for each protein in the data. For
the time points of 2, 6 and 24 hours of degradation the expression of respectively 4,260, 4,225 and 4,487
gene products were measured.

2.2 Experimental setup: novel gene selection
The first part of this study focused on the identification of paralog genes interacting with common
essentials. In order to come to a meaningful group of genes, several selection and evaluation steps were
performed. In the following our methods and the implementations of these selections will be described.
A diagram of the analysis and filtering pipeline showing where in the selection each database is used is
given in Figure 3.2 in the Results, as described in subsection 2.2.2. From the list of Essential candidates
in Figure 3.2 a further selection is made by filtering on additional features which are described in
subsection 2.2.3.
The implementations of the bioinformatics analyses pipelines were done using Python 3 [52] in Jupyter
Notebook [53]. The Python library pandas [54, 55] was used for storing and manipulating all datasets.

2.2.1

Data preprocessing

Gene IDs
Although genes are usually referred to in literature using their gene symbol or name (e.g. NXT1), for
purposes of reproducible analyses a more stable and reproducible method of gene identification is
preferable. There exist multiple gene identifier (ID) formats, the most common ones include Ensembl
IDs [56], UniProt IDs [57], PubMed Accessions [58] and NCBI Entrez IDs [59]. All these methods

2.2. EXPERIMENTAL SETUP: NOVEL GENE SELECTION

13

originated from their equally named gene databases. Although HUGO symbols are the globally
preferred identification method for genes, each dataset of biological data may use a different version of
the symbol. A major problem is that there is not a complete one-to-one mapping between the different
IDs, as multiple Ensembl IDs can map to a single Entrez ID for instance [60]. Since this is a common
occurring problem in bioinformatics, various tools exist to convert between formats [61–65]. These are
mainly web-based and rely on large databases of linked up to date IDs.
Data preprocessing is required on several of the PPI and paralog datasets to convert their gene identifiers
to equivalent formats. All DepMap datasets make use of a combination of HUGO gene symbols and
Entrez IDs. Because Entrez IDs are consistent and commonly used in many other databases and analysis
tools this gene identification system was chosen as the leading type in this research.
The databases STRING, SIGNOR, HuRI and PANTHER make use of either Ensembl protein-, Ensembl
gene- or UniProt IDs, however. A mapping for these IDs to Entrez IDs is therefore made. In order to
overcome the facts that common conversion tools are not always implementable in a custom script and
that their back-end databases might not cover all required genes, custom mappings were constructed
which are available in the supplementary data on github.
For Ensembl protein- and gene IDs a frequently updated mapping is available from NCBI. This dataset
covers over 2 million unique genes and for each entry stores the Entrez ID, the gene symbol, the Ensembl
gene ID and the possible Ensembl protein ID. Because, due to alternative splicing, multiple transcripts
are possible from a single gene, one gene may have multiple entries with different Ensemble protein IDs.
If for some reason an Ensembl ID cannot be found in this list, though, the Ensembl ID passed through a
web query to the NCBI website3 and the Entrez ID is retrieved from the web page. This method ensures
the most up to date ID mappings were used.
Although somewhat tedious, a similar approach was taken for the UniProt to Entrez conversion.
However, in this case there was no large data mapping available from NCBI. Therefore, all UniProt IDs
were queried to the UniProt website from which the Entrez ID was retrieved.

STRING selection
From the CORUM, SIGNOR and HuRI datasets it was straightforward to select relevant PPIs. From
these only human genes were selected for the subsequent analyses. However, the STRING database
required a somewhat different approach.
As mentioned in section 2.1.2, the STRING database attaches a series of scores to each of its PPIs. To find
a good score cutoff several analyses were performed. For all the PPIs in CORUM the STRING interaction
score was retrieved, if contained in STRING. Since all the interactions in CORUM are manually curated
(i.e. sourced from scientific publications) this allowed for a good benchmark to investigate the optimal
STRING score cutoff.
3 https://www.ncbi.nlm.nih.gov/
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As each scoring metric in STRING refers to a probability of the interaction being true based on the score
specific evidence, the scores can be combined. Using a single score allows for easier PPI selection from
the dataset. From the seven scores present in STRING, the top three highest scoring metrics si for the
CORUM PPIs were combined to a single score as follows

3

SSTRI NG = 1 − ∏(1 − si )(1 − sitrans )

(2.1)

i =1

where sitrans refers to the transferred scoring field of a score in the top 3 scores in STRING. Note, each
score in STRING has a value between 0 and 1000 and was first normalized to lie between 0 and 1
through division by 1000. The top scoring metrics where selected by manual inspection of their scores
for the CORUM PPI in a distribution plot. As presented in section 3.1 in the Results, the top three scores
were the experiments score, the databases score and the coexpression score. These scores, along with their
transferred scores were used to constitute the combined score.
A cutoff value of 0.6 was taken to select PPIs from STRING. This somewhat low cutoff allows for a wider
search space of PPIs and to, hence, avoid missing possible interesting interactions in the final results. It
does incur, however, that stringent subsequent selection is essential to build a final list of candidates.

2.2.2

Candidate gene selection

The first step of gene selection focused on the two main criteria: paralog genes interacting with common
essentials. Where the common essentials were used as defined by DepMap. In order to do this all
gene-gene interaction pairs from the processed PPI databases were selected that contained a common
essential. In some cases a common essential interacts with another common essential. These interactions
were removed from the candidate PPI pairs.
Subsequently, only the paralog genes were selected by screening using the paralog databases. This
yields the first group of candidate genes.
Selectivity filtering
Secondly, this list of genes was filtered based on selective dependencies. For all candidate genes the
left-skewness was determined based on a NormLRT value ≥ 100 and the mean of the effect values being
smaller than the median. Here the effect values refer to the gene effect data from either the Achilles,
DEMETER or Sanger screens.
Next, the cell lines for which each gene is a dependency were retrieved based on the gene dependency
data from either the Achilles, DEMETER or Sanger screens. Here a gene is determined as essential for a
cell line if the dependency value is ≥ 0.5.
From this filtering, the baseline group of essential candidates was formed where the base requirements of
our problem statement were addressed. Further filtering as described in the next section will consolidate
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this group to a list of interesting candidate genes.

2.2.3

Feature annotation

Additional features were created with which we annotate the candidate genes. On these features we
filter in order to obtain a biologically sound list of selective potential therapeutic target genes. The
following features were introduced:
1. paralog expression correlation,
2. relative dependency,
3. gene dependency enrichment,
4. paralog primary tumor enrichment,
5. interaction between paralogs and common essentials,
6. paralog mutation correlation,
7. DepMap prediction values.
In the subsequent sections we will describe how these were constructed and used to create certain filters.

Paralog expression correlation
The first feature we introduce to each candidate is correlation between the gene’s dependency and the
expression of its paralogs. Pearson R correlation values were computed using SciPy [66] between the
Achilles gene effect data [5] representing the dependency of a cell line on the candidate gene, and the
DepMap CCLE gene expression data [27] for each paralog. This results in an expression correlation value
for each paralog per candidate gene.
Additionally, specific correlation values were determined for specific cancer types. For all the cell lines
in the DepMap screens, meta-data is available including lineage sub-type and disease. From this, 43
disease subgroups were specified representing a specific cancer type, a list of which is given in appendix
Table A.1. Examples of these categories are neuroblastoma, lung cancer or AML. Subsequently, for every
disease in specific the expression correlation is calculated. The rationale behind this is that within a
specific cancer type the candidate gene may be following a pattern of low paralog expression – high
gene dependency with much less noise.

Relative dependency
The relative dependency is a measure of in how many cell lines of a cancer type the candidate gene is
essential. It is calculated as the number of cell lines for a disease in which the gene is a dependency,
divided by the total number of cell lines available for that disease.
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Gene dependency enrichment
A third feature which is incorporated is whether the dependency is enriched in any specific cancer type.
To investigate this, the distribution of Achilles gene effect scores [5] for the cell lines within a cancer
group were compared to the distribution of scores for all remaining cell lines. This was tested within
only the group of cell lines in which the candidate gene was a dependency. An independent two-sided
T-test implemented using SciPy [66], is performed on the two groups to test the null hypothesis that
the two samples have values from the same global distribution. When all p-values were calculated,
multi-hypothesis testing p-value adjustment was performed using the Python library statsmodels [67].
Benjamini-Hochberg [68] false discovery rate reduction was applied with an α of 0.05. Next, an adjusted
p-value cutoff of 0.1 is used to accept or reject the null hypothesis. Although, higher than a customary
p-value cutoff of for instance 0.05, this value was chosen to allow more genes to have an enriched cancer
type for indication of relevance. As can be seen from our results in Figure 3.9, several enriched diseases
fall just over the 0.05 p-value border but none the less provide a suggestion of differentiated gene effect
scores. Thus, we assumed with 90% confidence that the dependency values for the cell lines for the
disease of interest were enriched if p adj < 0.1 and the median of this group is smaller than the median of
all others (since a lower gene effect score indicates a higher dependency on the gene).
Paralog primary tumor expression enrichment
Besides incorporating the DepMap expression data which is based on cell line models, a second cancer
gene expression dataset was included that includes primary tumors. The Treehouse dataset [43] compiles
primary tumor gene expression data from multiple sources providing a more comprehensive cancer data
source. A complication is, however, that it uses a different method of categorizing diseases. Additionally,
genetic dependency data is not available for these primary tumor samples. It is therefore not possible
to compute correlations in a straight-forward manner as above. For that reason, enrichments were
calculated for each paralog of every candidate gene per Treehouse disease type. It is investigated
whether the expression of the paralog is lower in the specific cancer types as defined by Treehouse using
an independent two-sided T-test, multiple hypothesis p-value adjustment over all p-values like above,
and H0 rejection with 95% confidence (i.e. if p adj < 0.05), similar to the method as described above.
In order to link the Treehouse cancer types back to our previously defined, DepMap based disease
types a mapping is made of Treehouse diseases to DepMap diseases. This mapping can be found in the
Appendix Table B.1. For computing the disease score, a paralog was considered enriched for a DepMap
disease if at least one of the Treehouse diseases mapping to that DepMap disease was enriched.
Interaction between paralogs and common essentials
A key biological factor in this study is whether the paralog of a gene can replace its function. This is
only possible if the gene product of the paralog can interact with the same common essential as the
gene of interest. A key investigation is therefore to check whether an interaction is documented in the
PPI databases.
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During the candidate gene selection, as described in subsection 2.2.2, a list of common essentials each
candidate gene interacts with is kept. Here, for each paralog of a candidate gene, the interaction between
the common essentials is analyzed by screening of the PPI databases. This results in two sub-lists of the
paralogs for each candidate gene which interact with either all or any of the common essentials which
form a PPI with the gene of interest. The paralogs forming a PPI with at least one common essential
were considered the interacting paralogs.

Paralog mutation correlation
Another feature is the correlation between paralog mutation and gene dependency. A deleterious
mutation in the paralog gene may result in a loss of function and hence a higher essentially of the
candidate gene. Pearson R correlations were therefore computed between the Achilles gene effect data [5]
for every candidate gene and CCLE mutation data [27] for each of their paralogs. Here a value of 1 was
assigned to mutations annotated as damaging or other non-conserving in the Variant annotation field. A
negative correlation value here indicates that the paralog was generally mutated when the candidate
gene was more essential.
It was found that the mutation correlation values were generally quite low. To represent the resulting
values more significantly, Z-scores (or standard scores) of the correlations were determined. These were
computed by subtracting the mean of all correlations from the mutation correlation and dividing by the
standard deviation of all correlations. Means and standard deviations were computed using the Python
library NumPy [69].

DepMap prediction scores
Finally, for each candidate gene the DepMap genes marked as top features in the best predictive model
for dependency were included. This was used to confirm if a paralog gene’s data (RNAseq, mutation,
etc.) was a top predictive feature for the candidate gene dependency. If a paralog of a candidate gene
was present in the predicted highly associated genes, this score was stored as an additional feature.

2.2.4

Significant diseases

The paralog expression correlation values provide accurate information for the essentiality of the
candidate gene cancer wide. In many cases, however, a certain gene plays an important role within
a specific cancer only. In order to investigate the diseases which were relevant or significant to a
candidate gene score representing the effect of the gene in question on a disease was constructed.
Relative dependency for disease, gene dependency enrichment, disease specific paralog expression
correlation, and primary tumor paralog expression enrichment were combined into a single disease
score S for disease d by computing
Sd =

ld
ef f
+ ( Ed → ce ) + rmax + ( EdTH → ce )
Ld

(2.2)
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where ld is the number of lines where the candidate gene was essential and Ld the total number of lines
ef f

for disease d, Ed

and EdTH Boolean values for the enrichment in respectively the DepMap gene effect

data and Treehouse paralog expression data with the constant ce = 0.6 being added if the enrichment
was true, and rmax being the maximal expression correlation (rexp,d ) for all paralogs computed as
rmax = max ({rexp,d ( p1 ), ..., rexp,d ( pn )})

(2.3)

for all the n paralogs p. In order for the relative dependency to not have a too high impact in the total
disease score, it was only taken into account when there were at least two cell lines available for the
cancer type in total. This is the case for 41 out of the 43 disease categories. The two cancer types with
two or less cell lines available were Adrenal Cancer and Teratoma.

2.2.5

Paralog scoring

Similarly to how a ranking is defined for each disease, the importance of a paralog is given for every
candidate gene. In several cases there were multiple paralogs defined for a single candidate gene. In
order to provide some data based information on which of these paralogs is the most relevant in the
cancer system, a score is introduced for each paralog. This score is defined as the sum of the (possible)
DepMap prediction score, the negative Z-score of the mutation correlation (since a mutation correlation
smaller than 0 indicates an interesting correlation), the paralog expression correlation, the maximal
disease specific paralog expression correlation and a constant value of 1 if the paralog interacts with any
of the common essentials interacting with the candidate gene.

2.2.6

Identification of genes of interest

From the total list of candidate genes a subset of genes of interest was defined. Based on the various
biologically relevant features which were defined as described above a selection was made. In Figure 3.13
in the Results a diagram of the genes of interest selection is given. A differentiation was made between
two key aspects: selectivity across all cancers, and selectivity for a specific disease type. To address the
first group of genes we define one criterion for cancer-wide paralog expression correlation to be greater
than the 95th percentile.
To select for cancer specific interesting genes a filtering based on the more intricate disease score was
made. From the distribution of maximal disease scores across all candidates, similar to above, the 95th
percentile was taken. Genes were considered top candidates if their maximal disease score was in this
quantile. A second filter was added to remove very low paralog expression correlations. The lowest
5th percentile of the maximal disease specific paralog expression correlation for the candidates were
discarded.
Finally, genes with no interacting paralogs or lying within the 85th percentile of the number of interacting
paralogs were disregarded in the list of genes. This, because the aim of the study was to find simple
PPI sub-systems and large interaction networks, i.e. a gene with many paralogs interacting with many
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common essentials, would be difficult to potentially target therapeutically.

2.3 Experimental setup: NXT1 in neuroblastoma in-depth analysis
The second part of this study provided a comprehensive analysis of one of the high ranking candidate
genes, NTX1, in neuroblastoma-specific cell lines. In order to address RQ2 several analyses were
performed as described below. The implementations of these analysis were made in R [70] with the
tidyverse [71] package dplyr used for many data table manipulations.

2.3.1

NXT1 ChIPseq analyses

Peak overlaps
To evaluate the binding locations of NXT1, the ChIPseq data of the DMSO treated Kelly line was
compared to the dTAG line. ChIPseq peaks were acquired in the form of BED files, which were loaded
into R as GRanges objects. Using the R package ChIPpeakAnno [72] ChIPseq peak files can be compared.
This was used to analyze peak overlaps, i.e. investigate correspondence between genomic binding
locations. These overlaps were then visualized as Venn diagrams.
From the overlaps individual peak sets could be extracted. This allowed for selection of certain peak set
intersections. Such as the intersection between NXT1 peaks in the DMSO and degraded samples.
The findOverlapsOfPeaks method of ChIPpeakAnno was limited to a maximum of four peaks ranges.
In order to analyze overlaps between more than four sets, such as the comparison between NXT1 peaks
and CRC binding locations, a different method was used. From the R package ComplexHeatmap [73]
the method make comb mat allowed for finding peak overlaps and intersections between more peak
ranges. Here the value function parameter (value fun) was set to use the length of the intersection (i.e.
the number of peaks), instead of the default total genetic length. The same package was also used to
generate UpSet plots of the intersections and extract specific overlaps such as the intersection between
all CRC members and the NXT1 non-promoter peaks.
Peak annotation
The genomic regions corresponding to binding locations of NXT1 were retrieved through annotation of
the peak ranges. Annotations were obtained using the R package ChIPseeker [74]. Given a peak range, the
method annotatePeak provides the corresponding genetic region (e.g. promoter, distal intergenic, etc.)
and gene it has effect on. For all analysis a transcriptional start site (TSS) of three Kb in either direction
was used. Furthermore, a TxDb object from the R package TxDb.Hsapiens.UCSC.hg19.knownGene was
provided. This is in principle an interface to a genomic database, in our case version 19 of the human
genome. Finally, the parameter annoDb was set to "org.Hs.eg.db", which adds gene information
including gene symbol, gene name, and Ensembl and Entrez ID.
From the annotated peak ranges specific peak regions can be selected. Filtering on rows containing
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“promoter” in the annotation column allowed to separate the NXT1 promoter peaks from the other
NXT1 binding locations.

2.3.2

Gene set enrichment analysis

Gene set enrichment analysis (GSEA) is a computational method to label sets of genes with statistical
significant associations to pathways and phenotypes, i.e. find the appropriate gene sets in which the
given list of genes is statistically over-represented using a Kolmogorov-Smirnov [75]. The Molecular
Signature Database (MSigDb) [75, 76] provides a collection of annotated gene sets, commonly used in
GSEA. Using the R package clusterProfiler [77] version 3.16.0 and its method enricher, enrichments
using a hypergeometric test in the MSigDb Hallmark [78], MSigDb Curated, and Gene Onthology
(GO) [79, 80] gene sets were detected. For these gene sets, all subcategories were included in the analysis.
To determine enriched gene sets for a list of genes the enricher method was called with the TERM2GENE
parameter set to a data frame containing a mapping of genes to gene set retrieved with msigdbr from
the R package msigdbr version 7.1.1. All other parameters were kept at default. Thus, this method
determines statistically significant categories and corrects this using a Benjamini-Hochberg [68] p-value
adjustment.

2.3.3

Gene expression analysis

The relation of NXT1 binding to gene expression was visually investigated using volcano plots to visually
provide an overview of the data. Volcano plots were made using the R package EnhancedVolcano [81].
Here the volcano plots used the adjusted p-values from the DEseq RNAseq data and “standard” p-values
from the proteomics data, along with log2 shrunken fold change values. Cutoff values for the p-value
and fold change were set based on visual inspection of the data distributions. The genes with significant
p-value and fold change (i.e. past the cutoff) were used to determine the ratio of number of induced to
number of repressed genes.
Groups were marked within these volcano plots based on for instance genes belonging to different
binding locations of NXT1. For each group individually the ratio between number of induced and
number of repressed genes was calculated by taking the counts of genes past the p-value and log2
adjusted fold change cutoff.

Chapter 3

Results: novel gene selection
In this chapter the results from the novel gene selection are presented. First, the results from the
candidate gene selection are given. Afterwards, an overview of the added features are shown across the
list of genes. The online supplementary results are accessible via the Github repository.

3.1 STRING interaction score
In order to determine the top scoring metrics from the STRING PPI database [38], the STRING
scores of the interactions stored in CORUM [37] were analyzed. Only 77% of the interactions in
CORUM were present in STRING. For these interactions their respective STRING scores are shown in
Figure 3.1. To establish a single biologically representative score, first the lowest scoring metrics were
disregarded. This were the fusion, cooccurence, homology and neighborhood score metrics. Second,
the textmining score in the literature indicates interaction, but with varying degrees of empirical
evidence in different publications. The score may therefore introduce a larger number of false positives
and was thus omitted.
This left the database score, experiments score and coexpression score. Their individual coverage
was compared with combinations of the metrics. As shown in Figure 3.1, a linear combination score
of these metrics (i.e. database experiments coexpression) resulted in a higher score for the CORUM
PPIs. A straight-forward linear combination was deemed to be sufficient as the aim of this score was
to provide a reasonable identification of interactions. No other combinatorial methods were applied,
therefore.

3.2 Candidate gene selection
From the PPI databases, the paralog databases and common essentials 4,452 genes were selected as
candidates in total following the selection diagram in Figure 3.2. The origins of the candidates are
shown in Table 3.1 and Figure 3.3. As can be seen in Table 3.1 and Figure 3.3a most of the candidates
21
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Figure 3.1: Density plot showing distribution of each of the STRING [38] scoring metrics for PPIs in CORUM [37]. The combined score metric is the STRING metric where
it combines all the scores. The scores with dashed lines (database experiments and
database experiments coexpression) are custom combined scores derived from the respective STRING metrics.

Figure 3.2: Pipeline of candidate gene selection based on filtering from different datasets. In
blue are all PPI databases, in orange the paralog databases, in red all DepMap databases
and in purple the Treehouse dataset. The yellow diamonds refer to selection or filtering
operations. In green intermediary results are shown.

originated from STRING. Additionally, the HuRI [40] dataset also introduces a significant portion of 806
unique candidate genes, which corresponds to 52.7% of all its introduced genes being unique.
Table 3.1: Number of candidate genes as retrieved from the PPI and paralog databases.

CORUM
STRING
SIGNOR
HuRI

PANTHER
469
3,126
425
1,349

DGD
65
833
62
451

Filtering for only selective dependencies reduces the number of initially found candidate genes substantially. Selecting based on left skewedness results in 605 candidate genes (see Figure 3.4a). When
this list is filtered on being an essential gene in at least one cell line, 445 candidate genes remain (see
Figure 3.4b). The genes originate from three dependency screens giving evidence for the essentiality.
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(b) Paralog databases

Figure 3.3: Venn diagram comparison of origins of the candidate genes as retrieved from the
PPI (a) and paralog (b) databases. For each group the number in parentheses shows the total
number of genes found from that database.

(a)

(b)

Figure 3.4: Comparison of candidate genes filtered on essentiality using three gene dependency screens. In (a) all left skewed genes are shown whereas in (b) only those are shown
which are selected on being a dependency in at least one line.

As can be seen in Figure 3.4 the largest part of selective dependencies come from the Achilles CRISPR
screen.

3.3 Feature creation
The novel features were introduced and computed for all candidate genes. Due to some features not
being able to be available for all candidates (e.g. having too few dependent cell lines for correlations to
be calculated), the 445 genes marked as candidates shrunk to 429 candidate genes for the final list. This
list of candidate genes is available as a csv file in the supplementary materials on GitHub. The results
of the custom created features are described below. To illustrate these, in the subsequent examples are
shown for the final selection of most interesting candidates or the gene NXT1 in specific.
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Figure 3.5: Clustering of relative dependency values for the final selection of candidate
genes in the different disease groups. Only cancer types where at least one gene had one
dependent cell line were included in the plot.

(a)

(b)

(c)

Figure 3.6: Interaction graphs for several genes in the final selection of candidates. For
each graph on the left the interacting paralogs are shown, in the center the candidate gene,
on the right the common essentials the candidate and its paralogs interact with. Graphs
are retrieved from https://STRING-db.org with confidence of experiments, databases,
coexpression > 0.600. The red dotted line indicates an interaction found using a different
PPI database than STRING.

3.3.1

Relative dependency

From the candidate gene selection, the cell lines in which each candidate was essential were reported.
Each cell line was mapped to a discreet cancer type, hence a relative dependency value for each disease
could be determined. The relative dependency value was used in computing the disease score each
candidate gene had for a certain cancer type. The relative dependency of the final selection of most
interesting candidates is shown in Figure 3.5, with a maximal value of 1 meaning dependency in all cell
lines of the disease. Based on these values, the genes were clustered in hierarchically-clustered heatmap.
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Figure 3.7: NXT1 dependency against its paralog (NXT2) expression scores in 764 cancer
cell lines. In red the correlation trend-line is shown. An expression correlation of 0.49 is
found across all cell lines. In orange neuroblastoma cell lines are highlighted and the disease
specific correlation of 0.65 is drawn as a linear trend-line.

3.3.2

Interaction between paralogs and common essentials

For each candidate gene the interactions between its paralogs and its common essentials were analyzed.
Paralogs interacting with at least one of the common essentials were categorized as interacting paralogs.
These interactions are visualized for three genes in Figure 3.6. Although the candidate genes can have
many paralogs and many common essentials, filtering based on internal interactions reduces the pool
of relevant ones significantly and hence reveals the biologically interesting genes. The candidate gene
BCL6 for example, interacts with 7 common essentials and has 15 paralogs. Only one of these paralogs
(PATZ1) interacts with only one of the common essentials (PFDN5), however.
For the final selection of candidates, the genes with many interacting paralogs were discarded. This, due
to the motivation that the aim of this study is to search for simple PPI subsystems. Hence, candidates
falling in the last 15th percentile were disregarded. The 15th percentile in the distribution of number of
interacting paralogs for all candidate genes lies at > 5 interacting candidates.

3.3.3

Paralog expression correlation

Correlations between gene effect and paralog expression were computed for all candidate genes and
their paralogs. Moreover, correlations within a disease group were defined. An illustration for the gene
NXT1 and its paralog NXT2 is given in Figure 3.7. Maximums and averages were defined for all the
paralogs of a candidate and a differentiation was made for the interacting paralogs as described in
subsection 3.3.2.
As shown in Figure 3.8, the gross part of all correlations lies around zero, indicating no clear correlation
is found. And the positive expression correlations were quite weak in general due to the large scatter of
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Figure 3.8: Distribution of the found expression correlation values for all candidate genes. In
orange only the paralogs interacting with at least one common essential the candidate gene
interacts with are included. The max correlation refers to the maximal expression correlation
values for all or only the interacting paralogs. The average correlation refers to the mean of
the correlations. The red line indicates the cutoff of the max interacting paralog expression
correlation greater than 0.24 for the final selection of interesting candidates. In yellow the
finally selected genes of interest are marked.

cell lines. The max correlation field shows that a correlation above about 0.2 is the case only for “outlier”
candidates. For the final selection a cutoff at the 95th percentile of the max correlation for interacting
paralogs was chosen which lies at a correlation value of 0.24 (marked as the red line in Figure 3.8).
Hence all candidate genes were selected with higher correlation values.

3.3.4

Gene dependency enrichment

For each candidate gene the disease groups with enriched dependency values were determined. The
stringency of enrichments was primarily controlled by the p-value cutoff, which was set to 0.1. This
caused 37 out of 429 candidate genes to be enriched for dependency in one or more cancer types. The
enriched diseases for the final selection of candidates is shown in Figure 3.9.

3.3.5

Paralog primary tumor enrichment

Because of the non-triviality of calculating gene effect to paralog expression correlations for the
Treehouse [43] data, for all the paralogs of the candidate genes enrichments in Treehouse expression
were determined. Compared to the gene effect enrichment analysis results as previously described,
there were significantly more disease groups enriched. As shown in Figure 3.10, for the paralog NXT2
of the candidate gene NXT1 there were 17 disease groups enriched.

3.3.6

Paralog mutation correlation

Correlations between deleterious mutations of a paralog and the dependency on the gene were calculated.
In Figure 3.11 the distribution of correlation values for all candidate genes and their paralogs is shown.
Most correlations lie around 0 indicating no strong correlation is present. To accommodate the fact that
all correlations are generally close to zero, Z-scores are calculated based on the mean and standard
deviation of the distribution shown in Figure 3.11.
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Figure 3.9: Enriched diseases for the final selection of candidate genes. Enrichment based on
gene effect scores of cancer cell lines within specific disease groups for a candidate gene.

3.4 Attribute scoring
3.4.1

Significant diseases

Disease scores were calculated for each candidate gene from the introduced features. This score indicates
the importance of the gene for that disease, i.e. a higher disease score means a higher relevance of the
gene to the cancer type. For the final selection of candidates the disease scores are shown in Figure 3.12.
For the final gene selection a disease score cutoff at the 95th percentile was taken. This cutoff in the
distribution of all candidate disease scores lay at 1.68.
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Figure 3.10: Enriched diseases for the paralog of NXT1 based on the Treehouse [43] expression
values. The Treehouse disease categories were mapped to DepMap disease names in the
plot.

Figure 3.11: Distribution of gene effect to paralog mutation correlation values. A lower value
indicates that the paralog is mutated more often in cancer cell lines where the candidate
gene is more essential. The dashed vertical lines indicate the mean and standard deviations
used to determine the z-scores.

3.4.2

Paralog scoring

Each paralog of the candidate genes was given a score to make a data supported discrimination between
multiple paralogs and give a rough indication of which paralog is the most relevant. For each gene in
the final selection of candidates its top paralog and the supporting features are given in Table 3.2.
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Figure 3.12: Disease scores per cancer type for the most interesting candidate genes. A higher
score indicates a higher affinity of the gene for the cancer type.
Table 3.2: Overview of the top paralog for the final selection of most interesting candidate
genes. A “–” indicates the paralog was not present in the DepMap best predicted genes. The
mutation correlation column shows the Z-score of the correlation.
Candidate gene
ABI1 (10006)
ATP1B3 (483)
ATP6V0A2 (23545)
CDH2 (1000)
CUL4B (8450)
DNAJC19 (131118)
E2F3 (1871)
ELMO2 (63916)
GATA3 (2625)
HDAC4 (9759)
KRAS (3845)
MAN1A2 (10905)
MCL1 (4170)
NXT1 (29107)
OXSR1 (9943)
PIK3CA (5290)
SPI1 (6688)
VPS4A (27183)
VPS4B (9525)
WAS (7454)

Best paralog
ABI2 (10152)
ATP1B1 (481)
ATP6V0A1 (535)
DSC2 (1824)
CUL4A (8451)
DNAJC15 (29103)
E2F4 (1874)
ELMO1 (9844)
GATA4 (2626)
HDAC10 (83933)
MRAS (22808)
MAN1C1 (57134)
BAX (581)
NXT2 (55916)
STK39 (27347)
PIK3CD (5293)
ELF1 (1997)
VPS4B (9525)
VPS4A (27183)
WASL (8976)

Prediction
–
0.29
0.58
–
–
0.63
–
0.24
–
–
–
–
–
0.26
0.71
0.19
–
0.18
–
–

Mut. Cor.
-0.31
-0.20
-1.17
-1.14
-2.01
-1.43
-0.40
-1.01
-1.01
-2.11
-0.26
-0.35
-1.92
0.59
-0.13
-1.95
-0.71
-0.28
-2.11
0.70

Features
Expr. Cor. Max Dis. Cor.
0.25
0.63
0.54
0.70
0.34
0.90
0.12
0.96
0.25
1.00
0.59
0.91
0.13
0.75
0.24
0.95
-0.02
1.00
-0.00
0.97
0.22
1.00
0.08
0.92
0.04
0.99
0.49
0.72
0.40
1.00
0.37
0.99
-0.15
0.98
0.32
0.91
0.34
0.97
0.24
0.81

Interacting
yes
yes
yes
no
yes
yes
yes
yes
no
yes
yes
yes
yes
yes
yes
yes
yes
yes
yes
yes

Score
2.19
2.73
3.99
2.22
4.25
4.56
2.28
3.44
1.98
4.07
2.48
2.34
3.95
1.88
3.23
4.49
2.54
2.68
4.42
1.35

3.5 Selection of genes of interest
From the 429 annotated candidate genes 20 genes of interest were selected based on the set feature
cutoffs. The pipeline for filtering of candidates is shown in Figure 3.13. These most interesting candidates
were already highlighted in previous results and a full list of their feature values is provided in the
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Figure 3.13: Diagram of the selection of most interesting candidate genes based on the
introduced features.
Table 3.3: Final selection of most interesting candidate genes with several key features.
Including, number of paralogs, number of interacting paralogs, number of common essentials
the gene interacts with, number of cancer cell lines dependent on the gene, the maximal
gene dependency interacting paralog expression correlation, top disease score, and the top
scoring disease for the candidate gene.
Candidate gene
ABI1 (10006)
ATP1B3 (483)
ATP6V0A2 (23545)
CDH2 (1000)
CUL4B (8450)
DNAJC19 (131118)
E2F3 (1871)
ELMO2 (63916)
GATA3 (2625)
HDAC4 (9759)
KRAS (3845)
MAN1A2 (10905)
MCL1 (4170)
NXT1 (29107)
OXSR1 (9943)
PIK3CA (5290)
SPI1 (6688)
VPS4A (27183)
VPS4B (9525)
WAS (7454)

Paralogs
2
3
2
22
5
1
5
5
5
4
15
3
6
1
28
5
15
4
4
3

Int. Paralogs
2
3
2
4
5
1
5
1
2
4
5
2
3
1
3
5
3
1
1
2

Com. Ess.
16
3
23
8
77
19
12
8
20
49
13
11
3
47
4
22
13
16
18
13

Dep. Lines
17
281
18
59
19
144
192
238
107
45
286
15
421
267
11
273
22
159
93
3

Max Expr. Cor.
0.25
0.54
0.34
0.25
0.25
0.59
0.13
0.24
0.10
0.15
0.26
0.24
0.05
0.49
0.40
0.37
0.06
0.32
0.34
0.24

Top Dis. Score
1.27
1.97
1.67
1.68
1.59
1.94
1.69
2.15
1.69
1.77
2.11
1.47
1.78
1.61
1.55
2.07
2.03
1.82
1.56
1.13

Top Disease
Bile Duct Cancer
Leukemia
b-ALL
Liposarcoma
medulloblastoma
Lung Cancer
Eye Cancer
Bile Duct Cancer
Breast Cancer
Gastric Cancer
Pancreatic Cancer
Eye Cancer
osteosarcoma
medulloblastoma
Leukemia
Bladder Cancer
AML
rhabdomyosarcoma
t-ALL
Leukemia

supplementary materials, but an overview of their most key features is given in Table 3.3.
From the 20 final genes of interest, 14 genes were selected based on expression correlation: ABI1, ATP1B3,
ATP6V0A2, CDH2, CUL4B, DNAJC19, KRAS, MAN1A2, NXT1, OXSR1, PIK3CA, VPS4A, VPS4B and
WAS. Based on cancer specific essentiality only, 12 genes were selected: ATP1B3, CDH2, DNAJC19, E2F3,
ELMO2, GATA3, HDAC4, KRAS, MCL1, PIK3CA, SPI1 and VPS4A.

Chapter 4

Results: NXT1 in Neuroblastoma
In this chapter the results of the in-depth study of NXT1 in neuroblastoma are presented. It is investigated
with what regions in the genome NXT1 interacts through ChIPseq analysis. Second, correspondence
with the CRC in Kelly is investigated. Finally, the importance of NXT1 interaction on gene expression is
analyzed.

4.1 NXT1 peak analysis
NXT1 ChIPseq data from the two treatments were compared, DMSO and dTAG. There were 5,576 peaks
called in the DMSO Kelly sample. In the NXT1 degraded sample significantly less interactions were
found. Here 163 ChIPseq peaks were reported. In Figure 4.1 the correspondence between the two peak
sets is shown.
The type of binding regions were retrieved trough peak annotation. The annotation of the NXT1 ChIPseq
peaks is given in Figure 4.2. As shown in Figure 4.2a, NXT1 is located for the most part (about 70%) at
promoter regions of genes. The few remaining regions where peaks are called after NXT1 degradation
are mostly at distal intergenic locations. The overlapping peaks in Figure 4.2c are a mix of mostly
promoter regions and distal intergenic regions.

Figure 4.1: Comparison of ChIPseq peaks of NXT1 binding locations for the normal Kelly
line and the NXT1 degraded system.
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(a) All peaks

(b) DMSO only peaks

(c) Overlapping peaks

(d) dTAG only peaks

Figure 4.2: (a) Annotation of the type of binding locations of NXT1 in Kelly. The three
annotations in (b), (c) and (d) correspond to the peak sets as separated in Figure 4.1.
Table 4.1: The number of overlapping peaks for each CRC member with NXT1. Also the
number of acetylation (H3K27ac peaks) is given.

NXT1
(5,576 peaks)
Promoter peaks
(3,866 peaks)
Other regions
(1,710 peaks)

MYCN

H3K27ac

TBX2

HAND2

GATA3

PHOX2B

ISL1

4,882

4,797

2,154

1,879

1,488

972

691

3,559

3,590

1,143

818

592

187

49

1,323

1,207

1,011

1,061

896

785

642

4.2 Overlap with CRC
CRC binding regions were compared to those of NXT1. The correspondence of peaks is shown in
Figure 4.3 and quantitatively in Table 4.1. From the sorted ChIPseq binding regions in Figure 4.3 we see
a large overlap of NXT1 promoter peaks with MYCN peaks. Most of the NXT1 promoter peaks are also
binding regions of MYCN (Table 4.1). There is overlap of this category with other CRC members as well,
but only very few (0.37%) of the NXT1 promoter peaks intersect with non-MYCN CRC peaks.
When comparing overlapping NXT1 peaks across all CRC members in Figure 4.4a, we see a second large
intersection group of 589 peaks is NXT1 non-promoter peaks overlapping with all of the CRC members’
peaks. This is the fourth (from the left) intersection group in Figure 4.4a. As shown in Figure 4.4c,
these peaks are mostly at distal intergenic regions in the genome. A similar annotation is found for all
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Figure 4.3: Correspondence of the aligned NXT1 ChIPseq reads to those of the CRC members.
Regions (rows) are defined as binding locations of the protein in question and ranked by
NXT1 signal in that region. Color keys for scaled reads-per-million-normalized signal are
displayed below each heatmap. The rows were clustered using K-means clustering with 8
centers.

remaining NXT1 binding regions as is shown in Figure 4.4d.
From the overlap analysis four NXT1 peak groups were defined which are visualized in Figure 4.4b.
Looking at the largest intersection, we defined a first group of NXT1 peaks as NXT1–MYCN promoter
peaks. The second peak group is defined by all remaining NXT1 promoter peaks. The next peak group
consists of all NXT1 peaks overlapping with all of the CRC members. In the final group all remaining
NXT1 peaks are stored. In subsequent these groups will be referred to as follows:
A. NXT1–MYCN promoter peaks (3,569 peaks),
B. Other NXT1 promoter peaks (247 peaks),
C. NXT1–CRC peaks (589 peaks),
D. Other NXT1 peaks (1,110 peaks).
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(a)

(b)

(c)

(d)

Figure 4.4: Overlap of NXT1 binding locations with those of the CRC members in Kelly. In
(a) an upset plot shows all intersections with more than 20 peaks and sorted by size. Figure
(b) shows an abstraction of the peak overlaps in a Venn diagram. Here the peak groups
used in subsequent analysis are marked with white dotted lines. The yellow intersection
peaks correspond to the fourth (from the left) intersection in (a). The annotation of these
intersection peaks is given in (c). In (d) the genomic annotation of the peaks in group D are
given.
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(a)

(b)

(c)

(d)

Figure 4.5: Gene sets enriched for the different NXT1 peak groups. Subfigures (a), (b), (c) and
(d) correspond to the equally named peak groups. Figures on the left are enrichments in the
MSigDB [75, 76] curated gene sets, on the right are enrichments in the Gene Ontology [79, 80]
gene sets.
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Figure 4.6: Comparison of RNAseq expression in average transcript per million (TPM) over
the multiple cell groups in Kelly for the four different gene groups corresponding to the
NXT1 binding locations.

4.2.1

Peak group GSEA

Gene set enrichment analysis (GSEA) was performed on the genes annotated to each peak in the peak
groups to investigate their function. In Figure 4.5 the enrichments for the MSigDB [75, 78] Curated and
GO [79, 80] gene sets are shown. Hallmark [78] enrichment analysis was also performed, but very few
enrichments were found. The genes from peak groups C and D did not enrich for any Hallmark gene
sets and group B enriched for only one gene set.
A rough distinction could be made between the enriched gene sets for peak groups mapping to promoter
regions and those to other genomic regions. As Figure 4.5a and b show, the peak groups A and B were
enriched mostly for more “general” cell cycle gene sets, such as several DNA repair (e.g. UV response)
and housekeeping gene sets. For the exception of two enriched neural crest cell development gene
sets in Figure 4.5b. The non-promoter peak groups C and D, on the other hand, enriched for more
“neuroblastoma-like” gene sets. As illustrated by Figure 4.5c and d, many gene sets related to brain,
cardiac and neuron development were enriched, which is where neuroblastoma mainly develops [3].

4.3 Gene expression effect
4.3.1

Baseline gene expression

A baseline of expression values per peak group was investigated by comparing their mean expression
in TPM from all measurements. In Figure 4.6 we show that the average expression was higher for NXT1
bound genes, especially so for genes where NXT1 binds to the promoter region. Moreover, a decrease in
expression was generally seen in the NXT1 degraded samples.

4.3.2

Differential expression

Next, change in expression was analyzed as visualized in Figure 4.7. From the RNAseq data we can see
that the NXT1 bound genes were generally more induced than repressed after degradation. A major
difference between the nuclear and cytoplasmic samples was in the scale of expression. The nuclear
induced genes had generally much lower p-values (i.e. a higher −log10 P) compared to the cytoplasmic
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genes. A lower p-value and higher fold change indicates that the gene had a greater expression change.
Following this, the induced genes in the nuclear sample were clearly more heavily induced than those
in the cytoplasmic sample, even though the ratios were relatively similar. Furthermore, the induced to
repressed ratio of 0.63 indicated that there were almost twice as many repressed genes in the nuclear
sample as compared to the whole cell.
When looking at the proteomics data, a different pattern can be seen, though. As is notably made clear
by the 6 and 24 hour sample, the NXT1 bound genes were more repressed than induced. Here, especially
peak group C showed a general repressed trend for the corresponding genes.
GSEA was performed on the groups of induced genes and repressed genes for both the whole cell
RNAseq and 24 hours proteomics data. Here only the significant differentially expressed genes were
used. The results of this can be found in appendix Figure C.1. There were no distinct differences found
between the enriched gene sets for the repressed or induced genes.
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(a)

(b)

Figure 4.7: Differentially expression of genes after NXT1 degradation. The genes corresponding to NXT1 peak groups are colored and in the legend the number in square brackets
indicates the ratio of number of induced genes to number of repressed genes. Subfigure (a)
shows RNAseq expression in whole cell, nuclear and cytoplasmic. (b) is from MS proteomics
data at three time points.

Chapter 5

Discussion
In this chapter all the results presented in chapters 3 and 4 are discussed. In addition, we discuss
limitations with the current study, future directions and final conclusions.

5.1 Paralog genes interacting with common essentials
Paralog genes interacting with common essentials were identified by combining several state-of-the-art
databases. After filtering on selective dependencies and annotating each gene with relevant features 429
candidate genes were found. There are several points of discussion on these results, however, which
will be reviewed below.

5.1.1

STRING score

The STRING interaction score we defined based on a combination of the database, experiment and
coexpression scores was validated against CORUM protein complexes. Although these complexes were
treated as PPIs there are some caveats with this approach. One point of discussion is that protein
complexes might not be represented in STRING in a sufficient manner. For instance, only 77% of all
binary interactions from CORUM where described in STRING. Our defined STRING interaction score
and cutoff leave have room for improvement.
The reasoning behind using only the database, experiment and coexpression scores was to reduce the
number of false positive interactions in STRING. Subsequently, having a somewhat low cutoff of 0.6
would reduce the number of false negatives. However, the false positive and false negative rates were
not strictly validated.
On the other hand, experiments with different STRING score cutoffs did not influence the final list of
candidate genes significantly. This would suggest that the most important interactions generally have
sufficiently high scores, or are also covered by one or more of the other PPI databases.
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5.1.2

Paralog score

Although most (80%) of the candidate genes have ≤ 10 paralogs and ≤ 4 interacting paralogs, some
candidates have over 50 paralogs. In order to make some differentiation between the paralogs based on
relevance to essentiality in cancer, a method was desired to computationally identify the most interesting
paralog. Our defined paralog score was a means of providing such an indication. We do not claim,
however, that this score actually points to the most related paralog. In its current form the paralog score
is a straight-forward sum of several features. But no weighting of any kind is applied yet. This would be
essential for a more precise scoring method.
A good paralog score could help identify what we define as an interaction triangle: the interaction
sub-network of a gene, its paralog and a common essential. This “simple” system is the ideal case for
developing a targeting method as it highlights the essential molecular machine based on the common
essential. In particular, treatment focusing on the gene would be effective in cells where the specific
paralog is underexpressed.

5.1.3

Disease score

In order to establish a single metric representing the importance of a gene within a cancer type, the
features relative dependency, DepMap gene effect enrichment, paralog expression correlation, and
Treehouse paralog expression enrichment were combined into the disease score. Each of these features
represented different aspects of the data and contributed to a score of the importance of a gene for
a specific disease. In its current form the disease score gives a rough indication of what cancer type
should be considered for further follow up investigation. The weighting of the various elements remains
a heuristic, however, and optimization could improve the scoring.

5.1.4

Most interesting candidates

Finally, from the 429 candidate genes the 20 most interesting genes were selected. This was done based
on two criteria: genes which are potentially good targets in a large range of cancer types (i.e. cancer
wide), or genes which are selective for a certain disease in specific. The first was addressed based on
expression correlation in all cancer cell lines. The second mainly based on top disease score. Only three
of these 20 final candidates were present in both selections. These were the genes: ATP1B3, CDH2 and
DNAJC19. That they were present in both selections does not mean they are even more interesting than
the rest, though. CDH2, for example, has a relatively low expression correlation across all cancer cell
lines and is only just above the cutoff. Moreover, its highest disease score is for liposoma type in which
it has only one dependent line. This only helps to show that manual inspection of all results remains a
crucial step.
When looking at the max expression correlation alone, the top three scoring genes are DNAJC19
(0.59), ATP1B3 (0.54) and NXT1 (0.49). These three genes have relatively high Pearson R scores for the
expression of the paralog against the essentiality of the gene. This gives a strong indication that when
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their paralog is underexpressed, there is no other compensation mechanism for their molecular system
and they would hence be good therapeutic genetic targets. In the following we will give a brief overview
of their function in the cell.

DNAJC19
DNAJC19 (also referred to as TIM14) interacts with the common essential PAM16 (also referred to as
TIM16 or MAGMAS) and has one paralog DNAJC15 (also referred to as MCJ). DNAJC19 is part of a big
protein system for mitochondrial protein import from the cytoplasm. The core protein in this system
is mtHsp70 which facilitates the transport. DNAJC19 stimulates the ATPase activity of mtHsp70 [82].
DNAJC19 forms a stable complex with PAM16 which is part of the overall transport system [83]. PAM16
seems to play a key role in several cancers and their resistance to chemotherapy [84]. Moreover, it is
shown that if DNAJC19 is deactivated its function can be taken over by its paralog, DNAJC15 [85, 86].
Furthermore, there are several studies which indicate the importance of PAM16 in cancer [87–90]

ATP1B3
The protein encoded by ATP1B3 belongs to the family of ATPases beta chain proteins which are essential
membrane proteins responsible for establishing and maintaining the electrochemical gradients of ions
across the plasma membrane [91, 92]. ATP1B3 interacts with three common essentials and has three
paralogs (ATP1B4, ATP1B1 and ATP4B) which interact with two of the common essentials (ATP1A1 and
APT2A2). ATP1B3 has the highest expression correlation with its paralog APT1B1 (Pearson R = 0.54),
which would suggest that this gene is the most likely to buffer the molecular function of ATP1B3 when
it becomes unavailable. As shown in Figure 3.6a, the common essential ATP1A1 interacts with all three
of the paralogs of ATP1B3 which would suggest that this is the most important interaction.

NXT1
The protein encoded by NXT1 (also referred to as p15) interacts with 47 common essentials, but only
NXF1, KPNB1 and NUP98 also interact with its paralog, NXT2. The strongest interaction is with NXF1
(also referred to as TAP) on which there are several studies describing the interaction [23, 93–95]. NXT1
forms a heterodimer with NXF1 to function as a nuclear RNA export system. This NXF1-NXT1 protein
complex is highly associated with the TRanscription and EXport (TREX) multi-subunit complex essential
for mRNA processing and export [96]. A recent study indicates these complexes have a transcript based
specificity. NXF1-NXT1 is preferentially required for export of single- or few-exon transcripts with long
exons or low GC-content. TREX is rather affects spliced transcripts with high GC-content [97].
It has been shown that the function of NXT1 can be buffered by NXT2 [98]. This is also shown by
the strong correlation between NXT1 dependency and NXT2 expression of 0.49 (see Figure 3.7 and
Table 3.3). NXT1 could therefore serve as a good therapeutic target in cancer cell types where NXT2 is
naturally less present.
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5.2 NXT1 in neuroblastoma
The ChIPseq analysis of NXT1 in the neuroblastoma line Kelly gives an indication at what genomic
regions NXT1 is present. From the peak annotation results we see that there is a clear distinction between
the binding locations of NXT1. The majority of the peaks are located at promoter regions and for these
it goes that there is a large overlap with MYCN binding locations. In particular, 92% of the NXT1 peaks
located at promoter regions are also MYCN peaks (see Table 4.1). This group of peaks enriches for
relatively general gene sets, though.
It should be noted that the number of overlapping peaks in Table 4.1 and Figure 4.4b show slight
discrepancies. Although the intersection sizes for both Figures were determined using ChIPpeakAnno
[72], slightly different numbers of overlapping peaks were found when comparing two groups with
each other as in Table 4.1 and Figure 4.4b and comparing four groups (NXT1 peaks, NXT1 promoter
peaks, MYCN peaks and combined CRC peaks) with each other as in Figure 4.4b. This is caused
by ChIPpeakAnno grouping peaks together when determining overlapping GRanges in R since a
peak is a genomic range instead of a continuous point. For example, when comparing the sets A =

{[1–2], [3–4], [5–6]} and B = {[1–6]} it returns it as one single point of intersection.
For the remainder of the NXT1 peaks, these lie mostly at distal intergenic regions. Distal intergenic
regions can include binding to enhancers or super enhancers which is a key feature of the CRC as
well [47] and is shown by the 70% peak overlap with H3K27ac. The concurrency with all of the CRC
members in this case could also explain why the genes associated with this peak group are more
neuroblastoma related than those related to the promoter regions where NXT1 binds.
This is emphasized even more when looking at the effect on the gene expression. Although the ratio’s
of number of induced to number of repressed genes are somewhat contradictory in the RNAseq and
proteomics data, the indication that the genes associated with the NXT1/CRC non-promoter peaks are
generally more repressed holds (see Figure 4.7b 24hr). Since the expression of these genes is apparently
more dependent on the presence NXT1, this could explain why NXT1 plays an important role in
neuroblastoma.

Chapter 6

Conclusion
In this work we presented a computational method to identify a novel group of genetic dependencies
in cancer. Through combination of multiple databases, 429 paralog selective dependencies interacting
with common essentials were selected. By creating advanced features and filtering on these, a group of
20 genes was selected for further investigation. In order to include genes selectively essential across
all cancers and those with very cancer specific selectivity, we found that the best approach for gene
selection was by filtering on either the expression correlation or our defined disease score.
Our proposed set of genes could serve as useful candidates for therapeutic genetic targeting as their
essentiality is reliant on the presence and expression of their paralogs. Due to genetic changes in cancer
causing genes to be particularly over- or under-expressed, the reliance on a specific other gene is
powerful knowledge which can be leveraged for therapeutic targeting.
Several of the top-scoring candidate genes were studied in more detail. In particular, the behavior of the
nuclear RNA export factor, NXT1, was investigated in more depth in the representative neuroblastoma
cell line Kelly. ChIPseq data analysis revealed that the majority of binding of NXT1 occurred at promoter
regions. For these NXT1 promoter peaks an 92% overlap was found with MYCN binding locations.
For the remainder of the peaks, GSEA showed that the genes corresponding to the NXT1 binding
locations which were also positions where all of the CRC members were bound, were enriched for many
neuron development gene sets which would suggest distal intergenic binding of NXT1 is important for
neuroblastoma development.
This latter group of genes also showed the most repressed protein expression when the effects of NXT1
degradation on overall gene expression were studied. These findings suggest that NXT1 plays a crucial
role for the expression of neuroblastoma related genes and why therapeutic targeting of NXT1 could be
an effective treatment method for neuroblastoma.
Despite the fact that this in-depth study has been performed on only one of our identified genes, we can
say that our method for identifying a novel class op potential therapeutic targets in cancer is effective.
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A wide net has been cast on genetic dependencies but through a stringent filtering method we mark
the most potent targets. Because of their interaction with a common essential, these genes are part of
important biological systems for cancer development. Our disease score indicates the cancer types in
which they would be interesting therapeutic targets, as their essentiality in these cell types is defined for
a large part by the presence or expression of a paralog.

6.1 Future work
From the 429 a selection of 20 genes was made which are proposed for further evaluation in the lab.
In particular, the genes ATP1B3, DNAJC19 and NXT1 are suggested as most interesting candidates for
follow-up investigation. Recommended research includes studying the exact behavior of these genes in
their top cancer types. For instance, it would be interesting to investigate the unique mechanics which
cause their essentiality in the specific cancer types.
The list of 20 genes we reported as candidates for further investigation was based on cutoffs at expression
correlation, disease score and number number of paralogs. The n-th percentiles were taken to extract
the genes with most relevant scores. It should be noted that these percentile cutoffs are parameters for
our selection pipeline and were set manually. Optimization of these parameters as well as addition of
other features would be suggested as future work. Integration with other datasets could also improve
the genes which are selected and optimize the false discovery rate whilst increasing the number of
candidate genes.
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[82] D. Mokranjac, M. Sichting, D. Popov-Čeleketič, A. Berg, K. Hell, and W. Neupert, “The import motor of the yeast mitochondrial tim23 preprotein translocase contains two different j proteins, tim14 and mdj2,” Journal of Biological Chemistry, vol. 280,
no. 36, pp. 31608–31614, 2005.
[83] S. Elsner, D. Simian, O. Iosefson, M. Marom, and A. Azem, “The mitochondrial protein translocation motor: structural
conservation between the human and yeast tim14/pam18-tim16/pam16 co-chaperones,” International Journal of Molecular
Sciences, vol. 10, no. 5, pp. 2041–2053, 2009.
[84] E. Riva, F. Tagliati, T. Gagliano, C. Trapella, S. Missiroli, P. Pinton, C. Bertolucci, Z. M. Chiara, et al., “Magmas modulates
chemoresistance in endocrine-related cancers,” in 19th European Congress of Endocrinology, vol. 49, BioScientifica, 2017.
[85] C. Schusdziarra, M. Blamowska, A. Azem, and K. Hell, “Methylation-controlled j-protein mcj acts in the import of proteins
into human mitochondria,” Human molecular genetics, vol. 22, no. 7, pp. 1348–1357, 2013.
[86] V. Shridhar, K. C. Bible, J. Staub, R. Avula, Y. K. Lee, K. Kalli, H. Huang, L. C. Hartmann, S. H. Kaufmann, and D. I. Smith,
“Loss of expression of a new member of the dnaj protein family confers resistance to chemotherapeutic agents used in the
treatment of ovarian cancer,” Cancer research, vol. 61, no. 10, pp. 4258–4265, 2001.
[87] P. T. Jubinsky, A. Messer, J. Bender, R. E. Morris, G. M. Ciraolo, D. P. Witte, R. G. Hawley, and M. K. Short, “Identification and
characterization of magmas, a novel mitochondria-associated protein involved in granulocyte-macrophage colony-stimulating
factor signal transduction,” Experimental hematology, vol. 29, no. 12, pp. 1392–1402, 2001.
[88] P. T. Jubinsky, M. K. Short, G. Mutema, R. E. Morris, G. M. Ciraolo, and M. Li, “Magmas expression in neoplastic human
prostate,” Journal of molecular histology, vol. 36, no. 1-2, pp. 69–75, 2005.
[89] P. T. Jubinsky, M. K. Short, G. Mutema, and D. P. Witte, “Developmental expression of magmas in murine tissues and its
co-expression with the gm-csf receptor,” Journal of Histochemistry & Cytochemistry, vol. 51, no. 5, pp. 585–596, 2003.
[90] J. Peng, C.-H. Huang, M. K. Short, and P. T. Jubinsky, “Magmas gene structure and evolution,” In silico biology, vol. 5, no. 3,
pp. 251–263, 2005.
[91] N. Malik, V. A. Canfield, M.-C. Beckers, P. Gros, and R. Levenson, “Identification of the mammalian na, k-atpase β3 subunit,”
Journal of Biological Chemistry, vol. 271, no. 37, pp. 22754–22758, 1996.
[92] N. Malik, V. Canfield, G. Sanchez-Watts, A. G. Watts, S. Scherer, B. G. Beatty, P. Gros, and R. Levenson, “Structural
organization and chromosomal localization of the human na, k-atpase β3 subunit gene and pseudogene,” Mammalian genome,
vol. 9, no. 2, p. 136, 1998.
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Appendix A

List of cancer types
Table A.1: List of our 43 defined disease types with the number of cell lines available in the
DepMap file sample info.csv

Disease name

Cancer cell lines

Adrenal Cancer

1

AML

53

b-ALL

27

Bile Duct Cancer

36

Bladder Cancer

39

Bone Cancer

13

Brain Cancer

95

Breast Cancer

82

Cervical Cancer

22

Colon/Colorectal Cancer

83

Embryonal Cancer

3

Endometrial/Uterine Cancer

39

Engineered

10

Esophageal Cancer

38

Ewing sarcoma

49

Eye Cancer

9

Fibroblast

43

Gallbladder Cancer

7

Gastric Cancer

49

Head and Neck Cancer

76

Kidney Cancer

55

Leukemia

29
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50

Liposarcoma

11

Liver Cancer

27

Lung Cancer

273

Lymphoma

109

malignant rhabdoid tumor

16

medulloblastoma

12

Myeloma

34

neuroblastoma

46

Non-Cancerous

5

osteosarcoma

17

Ovarian Cancer

74

Pancreatic Cancer

59

Prostate Cancer

13

Rhabdoid

5

rhabdomyosarcoma

19

Sarcoma

23

Skin Cancer
t-ALL
Teratoma

113
23
1

Thyroid Cancer

21

Unknown
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Treehouse to DepMap disease name
mapping
Table B.1: The Treehouse disease names as translated to our, DepMap based, disease types.

Treehouse disease

DepMap disease

acute leukemia

Leukemia

acute lymphoblastic leukemia

b-ALL

acute lymphoblastic leukemia

t-ALL

acute megakaryoblastic leukemia

AML

acute myeloid leukemia

AML

adrenocortical carcinoma

Adrenal Cancer

alveolar rhabdomyosarcoma

rhabdomyosarcoma

bladder urothelial carcinoma

Bladder Cancer

breast invasive carcinoma

Breast Cancer

cervical & endocervical cancer

Cervical Cancer

cholangiocarcinoma

Bile Duct Cancer

choroid plexus carcinoma

Brain Cancer

colon adenocarcinoma

Colon/Colorectal Cancer

dedifferentiated liposarcoma

Liposarcoma

desmoplastic small round cell tumor

Sarcoma

diffuse large B-cell lymphoma

Lymphoma

dysembryoplastic neuroepithelial tumor

Brain Cancer

embryonal rhabdomyosarcoma

rhabdomyosarcoma

ependymoma

Brain Cancer

esophageal carcinoma

Esophageal Cancer
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Ewing sarcoma

Ewing sarcoma

fibrolamellar hepatocellular carcinoma

Liver Cancer

gastrointestinal stromal tumor

Gastric Cancer

glioblastoma multiforme

Brain Cancer

glioma

Brain Cancer

head & neck squamous cell carcinoma

Head and Neck Cancer

hepatoblastoma

Liver Cancer

hepatocellular carcinoma

Liver Cancer

kidney chromophobe

Kidney Cancer

kidney clear cell carcinoma

Kidney Cancer

kidney papillary cell carcinoma

Kidney Cancer

leiomyosarcoma

Sarcoma

lung adenocarcinoma

Lung Cancer

lung squamous cell carcinoma

Lung Cancer

lymphoma

Lymphoma

malignant peripheral nerve sheath tumor

Malignant peripheral nerve sheath tumor

medulloblastoma

medulloblastoma

melanoma

Skin Cancer

mesothelioma

Lung Cancer

myxofibrosarcoma

Sarcoma

neuroblastoma

neuroblastoma

osteosarcoma

osteosarcoma

ovarian serous cystadenocarcinoma

Ovarian Cancer

pancreatic adenocarcinoma

Pancreatic Cancer

pheochromocytoma & paraganglioma & Pheochromocytoma

Paraganglioma

prostate adenocarcinoma

Prostate Cancer

rectum adenocarcinoma

Colon/Colorectal Cancer

rhabdomyosarcoma

rhabdomyosarcoma

sarcoma

Sarcoma

skin cutaneous melanoma

Skin Cancer

stomach adenocarcinoma

Gastric Cancer

supratentorial embryonal tumor NOS

Brain Cancer

synovial sarcoma

Synovial sarcoma

testicular germ cell tumor

Germ Cell Tumor

thymoma

Thymoma

thyroid carcinoma

Thyroid Cancer

undifferentiated pleomorphic sarcoma

Sarcoma
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undifferentiated sarcoma NOS

Sarcoma

uterine carcinosarcoma

Endometrial/Uterine Cancer

uterine corpus endometrioid carcinoma

Endometrial/Uterine Cancer

uveal melanoma

Eye Cancer

wilms tumor

Kidney Cancer

acute leukemia of ambiguous lineage

Leukemia

myoepithelial carcinoma

Myoepithelial Carcinoma

INI-deficient soft tissue sarcoma NOS

Sarcoma

teratoma

Teratoma

infantile fibrosarcoma

Sarcoma

acinar cell carcinoma

Pancreatic Cancer

pineal parenchymal tumor

Brain Cancer

rosette forming glioneuronal tumor

Brain Cancer

juvenile myelomonocytic leukemia

JMML

myeloid neoplasm NOS

AML

alveolar soft part sarcoma

Sarcoma

follicular neoplasm

Thyroid Cancer

ganglioglioma

Brain Cancer

undifferentiated hepatic sarcoma

Liver Cancer

atypical teratoid/rhabdoid tumor

Rhabdoid

acute undifferentiated leukemia

Leukemia

retinoblastoma

Retinoblastoma

germ cell tumor

Germ Cell Tumor

inflammatory myofibroblastic tumor

inflammatory myofibroblastic tumor

meningioma

Brain Cancer

chronic myelogenous leukemia (S02),
acute lymphoblastic leukemia (S01)

CML

neoplasm (uncertain whether benign or malignant)

Unknown

Sertoli-Leydig cell tumor, retiform

Germ Cell Tumor

epithelioid sarcoma

Sarcoma

fibromatosis

Fibromatosis

rhabdoid tumor

Rhabdoid

myeloproliferative neoplasm

Unknown

adrenocortical cancer

Adrenal Cancer

lipoblastomatosis

Lipoblastomatosis

adrenocortical adenoma

Adrenal Cancer

pleomorphic myxoid liposarcoma

Liposarcoma
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sclerosing epithelioid fibrosarcoma

Sarcoma

embryonal tumor with multilayered rosettes

Sarcoma

endometrial stromal sarcoma

Sarcoma

epithelioid hemangioendothelioma

Hemangioendothelioma

nasopharyngeal carcinoma

Head and Neck Cancer

craniopharyngioma

Brain Cancer

NUT midline carcinoma

Head and Neck Cancer

angiosarcoma

Sarcoma

gliomatosis cerebri

Brain Cancer

neurofibromatosis type 1

Neurofibroma

neurofibroma

Neurofibroma

leukemia

Leukemia

thymic carcinoma

Thyroid Cancer

clear cell carcinoma of cervix

Cervical Cancer

PEComa

PEComa

undifferentiated spindle cell sarcoma

Sarcoma

myofibromatosis

Fibromatosis

pleuropulmonary blastoma

Lung Cancer

melanotic neuroectodermal tumor

melanotic neuroectodermal tumor

neuroendocrine carcinoma

neuroendocrine carcinoma

Appendix C

GSEA of enriched vs induced genes
See next page.
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(a)

(b)

(c)

(d)

Figure C.1: Gene set enrichment analysis in Hallmark, Curated and GO gene sets of the
induced and repressed genes. (a) and (b) results of the whole cell RNAseq data, (c) and (d)
results of the 24 hours proteomics data.

