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Summary

Many currently used anticancer drugs aim to disrupt cellular processes in tumor
tissue, inevitably affecting the same processes in healthy tissue. This results in
adverse and long term side effects for the patient, as well as additional suffering and
early death. Computational tools like genome-scale metabolic models (GEMs) can
provide a new insights into what sets cancer cells apart from healthy cells, and how
this might be exploited for developing more targeted therapies.

In this thesis GEMs were used to explore the alterations in the metabolic capabilities
of five commonly occurring cancers at early and late stages of cancer progression, as
well as their healthy tissue counterpart. The cancer types investigated were breast
invasive carcinoma, cervical squamous cell carcinoma and endocervical adenocar-
cinoma, lung adenocarcinoma, pancreatic adenocarcinoma, and prostate adenocar-
cinoma. The aim was to explore genetic and metabolic differences between normal
cells and cancer cells, and between different cancer stages and -types.

Various gene deletion analyses were carried out in silico, including single and double
gene deletions, with essential genes used as surrogates for potential drug targets.
Several genes were found to be uniquely essential to tumors, and not to the normal
tissue counterpart, which are proposed as potential target-genes for anticancer treat-
ment. The majority of the target-genes identified in this thesis have been proposed
as potential cancer drug targets for various cancers elsewhere, and therefore holds
promise for future research. In addition, this thesis presents novel targets, some of
which may be utilized as targets against multiple cancer types, increasing the scope
of application of potential new drugs. The double gene deletion analysis performed
on breast invasive carcinoma GEMs revealed a handful of genes that formed a syn-
thetic lethal gene pair with numerous other genes, a phenomenon not observed in
the normal tissue counterpart with the same genes. These genes points to metabolic
alterations in the cancerous tissue that might be exploited as potential drug targets.

The findings in this thesis may provide a sense of direction to guide future cancer
research, notably where it may be beneficial to allocate experimental resources, and
to emphasise the potential use of GEMs as a valuable resource in this pursuit.
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Sammendrag

Mange av dagens kreftmedisiner har som mål å hemme cellulære prosesser i kreftvev,
noe som uung̊aelig ogs̊a p̊avirker de samme prosessene i friskt vev. Dette resulterer
i uønskede og langsiktige bivirkninger for pasienten, samt ytterligere lidelse og tidlig
død. Dataverktøy som genom-skala metabolske modeller (GEMs) kan gi ny innsikt
i hva som skiller kreftceller fra friske celler, og hvordan dette kan utnyttes for å
utvikle mer m̊alrettede behandlingsformer.

I denne oppgaven ble GEMs brukt til å utforske endringene i de metabolske egen-
skapene til fem vanlig forekommende kreftformer i b̊ade tidlig og sen stadie av kreft-
progresjon, samt deres tilsvarende friske vev. Krefttypene som ble undersøkt var
brystkreft, livmorhalskreft, lungekreft, bukspyttkjertelkreft, og prostatakreft. Målet
var å utforske genetiske og metabolske forskjeller mellom normale celler og kreft-
celler, og mellom ulike kreftstadier og -typer.

Ulike gendelesjonsanalyser ble utført in silico, inkludert enkle og doble gendelesjoner,
hvor essensielle gener ble brukt som surrogater for potensielle medikamentm̊al. Flere
gener ble funnet å være essensielle kun for krefttyper, og ikke for dets tilsvarende
friske vev, og disse blir derfor foresl̊att som potensielle mål-gener for nye kreft-
medisiner. Flertallet av m̊algenene som ble identifisert i denne oppgaven har blitt
pekt p̊a som potensielle kreftmedisinmål for ulike kreftformer i andre studier, og
framst̊ar derfor lovende for videre forskning. I tillegg presenterer denne oppgaven
nye målgener, hvorav noen kan brukes som m̊al mot flere krefttyper, noe som øker
anvendelsesomr̊adet for potensielle nye legemidler. Den doble gendelesjonssanalysen
utført p̊a GEMs for brystkreft avslørte en h̊andfull gener som dannet et syntetisk
dødelig genpar med en rekke andre gener, et fenomen som ikke ble observert i det
tilsvarende normale vevet med de samme genene. Disse genene peker p̊a metabolske
endringer i kreftvevet som kan utnyttes som potensielle medikamentm̊al.

Funnene i denne oppgaven kan bidra med å peke ut en videre retning for frem-
tidig kreftforskning, spesielt hvor det kan være gunstig å fokusere eksperimentelle
ressurser, og med å belyse bruken av GEMs som en verdifull ressurs i dette arbeidet.
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Chapter 1
Introduction

1.1 Complex systems and systems biology

Intricate systems are found everywhere around us, take for example computers com-
municating on the Internet, airports connected by flights, and humans connected
by social interactions. Such systems consisting of many components interacting in
complex patterns can collectively be called complex systems [1]. The behaviour of
complex systems is often difficult to anticipate by looking at the components alone,
because interactions between them, as well as with their surroundings, can function
in a multitude of ways. Furthermore, system components can constitute complete
new systems, leading to systems of systems that are interdependent on one another.
Prime examples of this can be found in biology; proteins work together to form
living cells, numerous cells interacts to form an organ, which again interacts in a
system of several organs to form a whole functioning organism, which is part of an
ecosystem interacting with many other organisms and species.

To fully understand complex biological systems, it is rarely sufficient to only study
individual biomolecular components and their functions, one also need information
on how they interact with one another and with their environment. This realization
sparked the emergence of the field of systems biology, which can be described as the
study of the interactions between the components of a biological system, and how
these interactions give rise to the functions and behaviours of the system. In other
words, systems biology aims to understand the biological system as a whole, rather
than piece by piece.

1.2 Human health as a systems problem

Disruptions in complex systems might create cascading effects throughout the sys-
tem, resulting in changes in how the system operates and behaves. The extent of
such effects, which can range from no noticeable consequences to a complete system
crash, depends greatly on the robustness of the system, and the type and location
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of the disruption(s) [2]. The vastly complex cellular systems of our bodies are no
exception from this. Generally, most cellular disruptions are harmless and have few
negative consequences, however, some can create major impacts which affects our
health and life. In cases where disruptions causes diseases, medical sciences aim to
find solutions to counter the harmful effects. In order to do so, it is essential to
have an understanding of how the system works and to identify the mechanisms
that causes the disease.

A reasonable starting point in this venture would be to study the genes and proteins
of the diseased state. However, complex diseases like cancer normally has a num-
ber of genetic mutations, epigenetic changes, and variations on protein expression
[3]. Although studying and cataloguing such mutations can yield a wealth of new
knowledge and understanding, it is typically unclear how these changes affect and
ultimately determine the phenotypic changes observed [4].

In 1986, Renato Dulbecco wrote that “One of the goals of cancer research is to as-
certain the mechanisms of cancer”, whilst arguing that a mechanistic understanding
of cancer requires the complete sequenced human genome [5]. Only by getting a
systemic overview of the genes and their function can it be possible to understand
the phenotypic states of cells. Today, with an abundance of sequence data, and
technologies that can perform various high-throughput experiments, we have access
to a huge number of molecular measurements within tissues and cells.

This new surge of information has made it possible to create genome-scale metabolic
networks for various target organisms, including humans [6, p. 2]. Such metabolic
networks, consisting of all known biochemical reactions and the related genes and
enzymes in an organism, can be studied as they are, or they can be converted into
a mathematical format for in silico predictive simulations - so called genome-scale
metabolic models (GEMs). The goal of a GEM is to put biochemical information
in context, integrate all knowledge about the organism in a systemic way, and sub-
sequently, in theory, be able to simulate every metabolic phenotype. For instance,
gene knockout simulations can be performed to study the metabolic effects on vari-
ous cellular functions, including cellular growth capabilities [7].

It has been known for some time that cancers have different metabolic patterns
than healthy cells. The changes in metabolism observed as part of tumorigenesis
makes metabolic modeling a suitable approach to studying cancer [8]. Additionally,
recent studies utilizing human GEMs and high-throughput data has shown that also
cancers differ considerably among themselves in their metabolic signature [9] [10].
For example, a lung cancer cell can be very different than a colon cancer cell, and
thus the different cancers would probably respond differently to the same drugs [11].
As such, the popularized idea of finding “the cure for cancer” seems futile, as every
cancer type needs to be viewed as separate diseases. It is therefore a growing interest
in further studying the specific cancers’ metabolic and genetic signature in order to
better understand what sets them apart from healthy cells [11].

The anti-cancer drugs used today often have many unwanted and harmful side effects
[12]. Thus, there is an apparent need for novel medications with improved thera-
peutic windows, meaning means the medication will target a certain cell type, such
as tumour cells, while having no or little side effects on healthy cells [13]. Essential
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genes can be used as a surrogate for drug targets [14], and thus any changes in gene
essentiality between healthy and sick tissue has the potential to be exploited. Single
and double gene knockout simulations has been able to identify growth related genes
in cancer cell line GEMs, pointing to possible novel drug target which reduce the
growth rate of cancer cells but not of the normal cells, of which two drugs targets
were experimentally verified [15].

1.3 Aim of this thesis

The aim of this study was to investigate genetic differences between healthy tissues
and cancer tissues for a selection of commonly occurring cancers. The following
fundamental questions was asked: Are there genes that can be inhibited that would
severely disrupt cancer cells, while not harming healthy cells? It was also investig-
ated whether there were variances between different stages of the same cancer type,
as well as whether separate cancer types shared any such metabolic vulnerabilities.

For this aim, GEMs was used to simulate different gene knockout scenarios and
investigate the effects on metabolic functions. The focus in this approach was to
identify genes that, alone or in pair, were essential for maintaining metabolic func-
tions necessary for cell viability. The models used were tissue-specific GEMs created
with gene expression data obtained from patient samples from the The Cancer Gen-
ome Atlas (TCGA) database. This included models of normal tissue (from where the
cancer developed), primary solid tumor, and either metastatic tumor or recurring
tumor for each of the cancer types that were investigated.

The goal was to discover potential drug targets within the cancer models that would,
in theory, kill the cancer cell while sparing healthy cells, and thus guiding research of
novel cancer medicines, as well as contributing to a deeper understanding of cancer
as a complex disease.

3



Chapter 2
Background and theory

This chapter introduces the relevant theory and background information used in
this thesis. First, the mathematical foundations for reconstructed networks will be
explored. This includes the basis for how biological information can be expressed
in a mathematical format, and how this can be computationally analysed in many
ways. Then, the process behind creating GEMs are described, as well as the many
areas of application they can have. Last is a basic overview of how cancer may be
viewed as a metabolic dysfunction and why GEMs are a suitable tool for studying
this disease.

2.1 Mathematical foundations for reconstructed

networks

2.1.1 From biology to mathematics

In order to create a GEM of an organism, one must start by obtaining a genome-
scale view of its contents. The starting point in creating a metabolic network for
a target organism is to collect information about all the chemical compounds that
are found in a target cell, and how they interact. This results in a comprehensive
list of chemical reactions, examples being reactions detailing how the organism cre-
ates and utilizes energy molecules, how it metabolises proteins, and how transport
of molecules between cellular compartments is organized. All of these biochemical
reactions can be connected to create a reaction network, also called the metabolic
(reaction) network. The stoichiometry of the reactions details how many molecules
that are consumed and/or produced in each reaction, and this information can be
represented mathematically by the stoichiometric matrix, denoted by S. As such, S
represent the total metabolic network reconstruction, detailing all known biochem-
ical activity happening in the target cell.

S= (Sij) is of dimensionsm×n, wherem represent the number of unique metabolites
and n represent the number of unique reactions in the metabolic network. The

4



element Sij is the stoichiometric coefficient of metabolite i produced in the reaction
j. The coefficient is negative when metabolite i is consumed in reaction j, and
positive when it is produced [16]. Metabolites that does not partake in reaction j
has the stoichiometric coefficient of 0, and since most biochemical reactions involve
only a few metabolites, S is a sparse matrix [17].

A hypothetical reaction network consisting of six reactions (R1-R6) involving five
metabolites (A-E) is presented below, along with its corresponding stoichiometric
matrix (adapted from [16]).

Reaction Network
R1: 2A + B → C + 3D
R2: A + 3B → C + E
R3: A → 2B + D + E
R4: 4B → D + A
R5: D + 2B → C + 2E
R6: C + 4E → 3B + D

Stoichiometric Matrix
R1 R2 R3 R4 R5 R6
−2 −1 −1 1 0 0 A
−1 −3 2 −4 −2 3 B
1 1 0 0 1 −1 C
3 0 1 1 −1 1 D
0 1 1 0 2 −4 E


The flux through the reactions are represented by the vector v = (v1, v2, ..., vn) with
length n, where vj is the specific flux for reaction j. Likewise, the concentrations
of all metabolites are represented by the vector x = (x1, x2, ..., xm) of length m,
where xi is the specific concentration for metabolite i. The relationship between the
vectors x and v, the matrix S, and time t, can be described as Equation (2.1).

dx

dt
= Sv (2.1)

At a metabolic steady state, there is, per definition, no accumulation of metabolites
in the system (dx/dt = 0). Thus, the system is assumed to achieve a dynamic
mass balance, which in turn satisfies mass balance laws. Equation (2.2) depicts
this relation, and serves as the foundation for the rest of the theoretical framework
depicted in this thesis.

Sv = 0 (2.2)

Any v that satisfies Equation (2.2) is said to be a feasible flux distribution that the
network is capable of displaying within the constraints, and consequently such v
characterizes all possible functional states of a reconstructed biochemical network.
Explicitly, the flux distribution of a system are the rates at which every metabolite
is consumed or produced by each reaction [18].

5



Equation (2.2) defines a system of linear equations, and this serves as a starting point
for various mathematical analyses and computational approaches used to explore
network properties [6, p. 169]. Any solution to the set of equations that satisfies
all constraints is called a feasible solution, whereas infeasible solutions are solution
in which one or more constraint is violated. The nature of such constraints will be
discussed in more detail in Section 2.1.2.

2.1.2 Flux Balance Analysis

This section is adapted from previous work of the author [18].

A widely used computational approach to analyse the properties of a reconstruc-
ted biochemical network is flux balance analysis (FBA). It has shown to be espe-
cially useful for the genome-scale metabolic network reconstructions that have been
constructed in the last decades [17]. In a review article from 2011, FBA/Linear
programming was found to be the most frequently utilized computational analysis
method in published studies regarding GEMs of Escherichia coli [19]. FBA can be
used to assess the flux of metabolites in a metabolic network, which in turn repres-
ent the organism’s functional usage of the network. This creates the opportunity
for researchers to simulate growth rates or the rate at which a biotechnologically
relevant molecule is produced in the target organism [17].

A key assumption made in the FBA framework is that the fluxes has entered a
steady state, meaning there is no accumulation of metabolites. This assumption
stems from the mass balance law, where all mass needs to be accounted for. Since
accumulation of metabolites is set to 0, the input to the system (usually complex
substrates) needs to be balanced against the output of the system (often set as the
biomass produced). The next assumption is that the organism itself has identified
and utilized the optimal solution. This assumption is supported by the hypothesis
that cells are forced by evolutionary pressure to evolve optimal behavior in the
given environmental conditions, be that optimal growth or conservation of resources
[20]. It is further supported by studies showing that in silico predictions of E. coli
metabolic capabilities have been consistent with experimental data [21] [22].

The number of reactions (n) in a biological network is typically greater than the
number of compounds (m), creating a mathematical problem with more unknown
variables than equations. This generates a plurality of potential flux distribution
solutions, often refered to as the solution space. To limit the solution space, different
constraints can be imposed on the system. These can include constraints imposed
from thermodynamics (e.g. effective reversibility or irreversibility of reactions), en-
zyme or transporter capacities (e.g. maximum uptake or reaction rates), or other
organism- and environmentally-specific limitations. The constraints are denoted by
ai and bi, which represents lower and upper bounds, respectively, on the flux of the
reactions [17]. Then, depending on what is being investigated, a phenotype in the
form of a biological objective must be defined. This is called the objective function,
termed Z, and examples include maximizing the biomass production (as a proxy
for growth rate) or the ATP production of the cell. When Z is defined, FBA can
be used to solve the set of linear equations provided by Eq. (2.2) with the goal of
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maximizing or minimizing the flux through the chosen objective reaction Z. This
concept of so called constraint-based modeling can be illustrated as creating a ”flux
cone” representing all flux distributions that are possible given the constraints, and
then using FBA to identify the optimal solution for the selected objective function
(Figure 2.1). Thus, FBA computations falls into the category of COnstraint-Based
Reconstruction and Analysis (COBRA) methods.

Figure 2.1: The concept of constraint-based modeling. Without any constraints,
the flux distribution of a biological network may lie at any point in the solution
space. Introducing constraints by the stoichiometric matrix S and lower and upper
reaction bounds (ai and bi) defines an allowable solution space. Any point outside
of the solution space are denied by the constraints, and thus the network may
only acquire flux distributions within the solution space. FBA can identify a single
optimal flux distribution within the allowable solution space that optimizes the
selected objective. Figure from [17].

The output of an FBA is the particular flux distribution needed for the cell to achieve
the chosen objective function. FBA can thus be used to investigate the metabolic
capabilities of the cell [6, p. 145].

The incorporation of different constraints on the reaction fluxes, together with the
assumption of metabolic steady state, is mainly what distinguishing the FBA frame-
work from other theory-based models that require a large number of difficult-to-
measure kinetic parameters [17]. A disadvantage of not using kinetic parameters is
that the FBA model cannot predict metabolite concentrations. On the other hand,
a great advantage of bypassing kinetic parameters is that FBA can be computed
very quickly, even for large networks, making it possible to study a large number of
different situations such as different substrates or genetic manipulations. Another
limitation in the FBA framework, except in some modified forms, is that it does
not account for regulatory effects happening in the cells. Regulation can affect the
metabolic phenotype of the cell by means of activation or inactivation of enzymes,
regulation of gene expression and more [23]. As a result, FBA predictions may not al-
ways be accurate, and thus experimental verification is always needed. On the other
hand, this shortcoming has the potential to be used in an analytical sense. Standard
FBA provides the widest possible solution space given the biochemical constraints,
and adding additional regulatory constraints would only serve to further reduce this
solution space. Therefore, if an FBA study presents the biochemically optimal flux
distribution, and experimental data shows that the target cell does not adhere to
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this through regulatory mechanisms, the question can be asked as to what the cell
stands to gain by not being “optimal”. This can shed light on what the objective
function(s) of the cell might actually be and guide other biology discoveries.

Nevertheless, there are numerous applications for this theoretical framework, ran-
ging from physiological studies, gap-filling efforts, to genome-scale synthetic biology
[17]. By altering the constraints on a model, simulations of different conditions for
the target organism can be performed. This allows researchers to investigate what
the metabolic network can and cannot do, and hence guide biological discovery and
bioprocess engineering. Environmental conditions, such as substrate availability, can
be altered by changing the bounds on exchange reactions that control the transport
of metabolites in and out of the system. For example, anaerobic conditions can be
simulated by restricting oxygen uptake rate to 0, and similarly, growth in oxygen
rich environment is simulated by setting the uptake rate arbitrarily high (often set
to 1000) so that it is not a limiting factor in any way. Substrates that are not found
in the media are constrained to an uptake rate of 0, and those that are present
are represented in the model by allowing uptake rates within a feasible range [17].
This can be highly useful when biotechnologists want to designing microorganisms
that displays overproduction of a biochemical of interest, such as biofuels, indus-
trial chemicals, and pharmaceutical precursors. For example, FBA has been used to
identify modifications to the metabolic reaction network used in fermentation pro-
cesses in order to force the overproduction of succinate in E. coli [24]. FBA based
studies can therefore be used to design optimal growth media with respect to the
desired metabolic function.

As for synthetic and in silico biology, FBA is a useful tool to study the effect
of genetic perturbations. Gene deletion studies can be performed by restricting
the flux of the particular gene product to 0 and assessing the following effect on
the metabolic network. This provides information on the importance of genes for
growth and survival of the organism and has been used identify the lethality of
single and multiple gene knock-outs [25], as well as predicting synthetic genetic
interactions [26]. Sections 2.2.3 and 2.2.4 will provide more details on these topics.
Consequently, metabolic modelling and analysis can be a valuable tool to generate
biological hypotheses and promising candidates before initiating expensive and time-
consuming experiments in the lab.

2.2 Genome-scale models

In theory, a GEM is a unified collection of all known knowledge on an organism
compiled into a single model. The ultimate objective is to account for all biochemical
reactions that occur in a cell and how they link to the genome, and to predict every
phenotypic trait that the organism is capable of exhibiting. Evidently, this is no
easy task. The basics of how such a model is created is outlined in this section.
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2.2.1 Reconstruction is a 4 step process

Many different GEM building pipelines and softwares exists today to guide the
construction of a GEM [27][28][29][30], with the primary difference being the start-
ing point, which varies depending on how well studied the target organism is. A
renowned and exceptionally thorough protocol that is adaptable to all GEMs, even
when no prior work has been done to create a systems level view of the metabolic
network of the target organism, was created by Thiele & Palsson [27]. This pro-
tocol describes the bottom-up reconstruction process needed to create a high-quality
GEM, and has been divided into four main parts, as illustrated in Figure 2.2. A
condensed summary of this protocol is described below, for more details the reader
is referred to the original publication [27].

1. Creating a draft reconstruction. The first step consists of using vari-
ous biochemical databases to identify all the genes present in the organism,
and connecting those annotations to enzymes and metabolic reactions. This
provides the basis for the gene-to-protein-reaction (GPR) assosiation rules that
details the link between genes and metabolic reactions. When this compre-
hensive list is gathered, the reactions are connected to form a draft network
reconstruction. Today, this step is largely automated [31][32].

2. Manual refinement. The second step consists of manually curating and
re-evaluating the draft reconstruction, as it often will be incomplete, have
gaps in the network, and contain content that is not organism-specific. This
is an extensive and time-consuming process where primary bibliomic data
on the target organism is examined to assess all the genes, enzymes, and
metabolic reactions individually to ensure adequate evidence for their presence
in the target organism. The result of this step is a high-quality, organism-
specific reconstruction of the metabolic network of the target organism. Such
a comprehensive network reconstruction is also referred to as a biochemically,
genetically and genomically structured (BiGG) knowledge base, and is often
made accessible to all [19].

3. Conversion of the reconstruction into a mathematical format. The
BiGG database is then converted into a mathematical format, namely the
stoichiometric matrix S, which enables a wide range of computational analyses
of the features of the metabolic network. At this stage it is common to test the
ability of the network to produce biomass components, and comparing them
to experimental data or primary literature. Other gap-filling analyses may be
performed to add missed pathways, and remove any that have been incorrectly
included.

4. Network evaluation and validation. The last step in this process is to
evaluate, verify and validate the network. Some examples of the processes
that are commonly validate at this stage are energy maintenance reactions
required for both growth- and non-growth associated activities, ATP produc-
tion, and any inconsistencies between the model and experimental analysis
results. This is largely an iterative process that require numerous corrections
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and adjustments, spanning all four steps, before the model is considered sat-
isfactory. The resulting GEM is a computational model representing all (or
most) known metabolic information about the target organism.

Figure 2.2: The 96 steps required in the procedure for generating a high-quality
genome-scale metabolic network reconstruction. The process is generally performed
iteratively, particularly in phases 2-4, until the model demonstrates the ability to
predict phenotypic features that are close to experimental data for the target organ-
ism. Figure from [27].

2.2.2 Applications of a GEM

A well curated GEM can have a broad range of possible applications and serve as
a valuable new1 tool in scientific research. This includes studying the underlying
metabolic mechanisms behind observable phenotypes, thus gaining biological in-
sights on a new level. Also, since our knowledge of an organism is seldom complete,
gaps in the network may appear in the reconstruction process. This serves to em-
phasise where our knowledge base is incomplete and, as a result, can help guide the
discovery process [6, p. 45-48]. GEMs can also be used in synthetic biology design,
to design media compositions or genetic mutants to optimize the performance of the
metabolic network of a commercially important organism [6, p. 45-48].

1”New” in the sense that the first ever GEM was published in 1999 (Haemophilus influenzae
Rd) [33], and the first GEM of human cells, Recon 1, was published in 2007 [34].
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GEMs can also serve as a way to contextualise the huge amounts of data provided by
various high-throughput experiments. It allows the shift from focusing research on
individual genes or molecules to a broader, systems view of the network properties
and functionalities. For instance, since genetic mutations take place within the con-
text of intricate biological networks, the underlying mechanisms causing phenotypic
changes are often unclear [35]. GEMs can therefore shed light on these underlying
mechanisms by simulating the organisms functional use of the metabolic network in
various genetic and environmental situations. Two specific types of genetic studies
that can be performed using GEMs will be discussed in more detail; single gene
knockouts and synthetic lethal gene pair analyses.

2.2.3 Single Gene Knockouts

The relationships between genes, proteins, and reactions, are usually listed in GEMs
using logical expressions known as GPR rules. These detail the connections between
what gene products catalyzes what reactions, and serve as a way to trace the net-
work functions [6, p. 378-397]. To better understand the role of a certain gene, a
method known as gene knockout (KO) can be used. In a GEM, a gene is knocked
out, or deleted, by constraining its related metabolic reaction(s) to a flux of 0. Math-
ematically, the solution space is effectively shrunk by the loss of reactions that can
carry flux, and thus the optimal usage of the network may change.

By optimizing for a chosen phenotypic function one can assess the capabilities of
the reduced network and compare it to the full network, allowing one to study
the function of the gene in question. Generally, the effects of a gene KO on the
network can be classified into three categories. First, if the gene removal results in
inability to satisfy the phenotype of interest, the gene is considered indispensable,
or essential. For example, if a gene is deleted and the resulting model is incapable of
producing biomass, then the gene is essential for biomass production. Secondly, the
gene removal can lead to a reduction, but not completely removal, of the phenotypic
capability being studied. Common ways to quantify the changes in the phenotype
include calculating the relative change, for example of the growth rate of the KO
strain relative to the wild-type growth rate. Lastly, the gene removal can have no
consequence on the phenotypic expression, and thus the gene is considered redundant
for that phenotype. [6, p. 378-397]

It should be noted that such computations are context-specific, depending on factors
such as media composition, specific uptake and excretion bounds, and more. In
addition, an essential gene is only essential for the objective function in question.
For instance, a gene can be essential for arginine production, but not essential for
biomass production. As such, when considering gene essentiality, the selection and
formulation of the objective function is imperative.
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2.2.4 Synthetic Lethal Gene Pairs

In the same way that single gene KOs can be studied using GEMs, two genes (or
more) can be deleted simultaneously to create double (or triple, etc.) KO mutant
strains. This can be used to study gene interactions, also called epistatic interac-
tions. An epistatic interaction is when the deletion of the genes individually has no
or little effect on the phenotype in question, but deleting them both simultaneously
has a significant effect on the phenotype. If such a gene pair results in a lethal
phenotype, they are called a synthetic lethal (SL) pair. [6, p. 378-397]

The number of possible gene combinations typically surpasses several thousands
depending on the number of genes in the target organism. To experimentally test
each gene pair for SL properties would demand an enormous amount of time and
work resources, in addition to knowing that the majority of combinations are unlikely
to be an SL pair. Using GEMs as a tool in SL studies has the potential to minimize
this resource demand by means of screening all gene combinations in silico. Then,
the promising SL candidates can be verified (or refuted) experimentally; a strategy
that has a significantly lower demand on resources.

2.3 Human GEMs

2.3.1 The emergence of human metabolic modeling

The first ever GEM of human cells, Recon 1, was published in 2007 [34]. Since then,
the model has been further curated and updated to integrate updated knowledge and
improve model performance, with publications of models such as Recon 2 [36], Recon
2.2 [37], and Recon 3D [38]. A number of other human GEMs have been published in
the same time frame, including HMR1 [39], HMR2 [40], and iHsa[41]. As a response
to the many challenges that arose when models were updated across different model
series, a unified human model was created and published in 2020; namely Human 1
[9]. Human 1 was created to be an open-source, version-controlled model framework
freely available online as a Git repository at https://github.com/SysBioChalmers/
Human-GEM. This allows for continuous updating and model curation, as well as a
way to unify the efforts of different research groups working towards the same goal
of creating an all-encompassing GEM of the human metabolism. In other words,
Human 1 is the state-of-the-art of human metabolic modeling.

2The possible applications of human GEMs are vast, and are expected to have far
reaching consequences in the years to come. Health conditions such as obesity,
diabetes, hypertension, cardiovascular disease, and cancer are all associated with
abnormal metabolic states in the human body [42][43]. Understanding the metabolic
changes that cause these diseases at a systems level can thus aid in the development
of more effective treatments and therapies. Changes in metabolite concentrations
can be utilized as biomarkers for disease diagnosis and monitoring, while enzymes
related to the cause of disease can be targeted for medical intervention to treat the

2This paragraph is partly adapted from previous work [18].
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disease [44]. In recent years, GEMs have generated insights into several aspects of
health related issues, including inborn errors of metabolism [45], human microbiome
co-metabolism [46][47], and cancer [9][48].

A selected example of novel insight gained by using GEMs is a study done on
non-alcoholic fatty liver disease (NAFLD), a disease which for long time had un-
known mechanism, ultimately leading to difficulties in diagnosing, monitoring and
treating the disease. Mardinoglu et al. constructed a GEM of hepatocytes based
on transcripomic data from NAFLD patients, and several analyses of the resulting
metabolic network was performed [49]. It was discovered that these patients had
severely down-regulated expression levels of enzymes in the liver related to serine
biosynthesis. Consequently, these enzymes were suggested as potential drug targets
for the treatment of NAFLD. It was also suggested that adding serine as a dietary
supplement could benefit these patients, a hypothesis that found support in some
animal and human studies. Lastly, altered blood concentrations of chondroitin and
heparan sulphates were also observed in these patients, and consequently sugges-
ted as novel and non-invasive diagnostic markers, in lieu of the current practice of
obtaining a biopsy for diagnosis.

2.3.2 Creating tissue specific models

3It is important to note that human GEMs such as Human 1, and the Recon and
HMR model series, are so-called generic human metabolic models, meaning the
models comprise all possible metabolic reactions that take place in humans. This
does not accurately represent any real human cell because each cell type utilizes
only a fraction of these reactions based on their function in the body. Therefore,
tissue- or cell-specific models are usually built as a reduction of a generic human
GEM. Transcriptomic or proteomic data from the desired cell type is typically used
to remove reactions that do not occur in the target cell from the generic GEM, the
biomass function may be re-evaluated, and manual curation may be used to further
include or exclude relevant information to construct a cell-specific model. In this
way, human metabolic models can be used to simulate many medical situations of
interest involving specific organs or cells.

A method that is commonly used to create cell-specific models is the tINIT (Task-
driven Integrative Network Inference for Tissues) algorithm [50]. This is an auto-
mated GEM reconstruction tool that uses proteomic and/or transcriptomic data of
enzyme expression to retain only the metabolic activities found in a certain cell.
Furthermore, tINIT requires that all reactions in the final model be capable of car-
rying flux as well as performing known key metabolic reactions, assuring high model
functionality. The end result is a cell-specific GEM that is an in silico replica of a
real-life cell, although based on our current and incomplete knowledge.

3This paragraph is adapted from previous work [18].
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2.3.3 Choosing an objective function in human GEMs

Since the selection and formulation of objective function is vital to the analysis
methodology and subsequently the results, the choice must be done carefully. For
microbial cells it is commonly accepted that growth (i.e., biomass production) is
a reasonable cellular objective [51]. For multicellular organisms, however, this as-
sumption falls short as a cell has to fulfill a number of functions in the body [52].
Additionally, the objective of a human cell can differ between different cell types and
tissues, between different cells within a tissue, and they can even change over time
for the same cell [52][53]. Therefore, it is unlikely that a maximising a single object-
ive function, such as biomass production, captures the full extent of all combination
of functions that the human cell utilizes.

As a response to this challenge, Agren et al. constructed a set of 57 metabolic tasks
that any human cell needs to be able to carry out in order to be considered vi-
able [50]. 56 of these are metabolic tasks that can be categorized as energy and
redox provision, internal conversions processes, substrate utilization and biosyn-
thesis of metabolites. Examples include certain protein and nucleotide synthesis
reactions, respiration processes, generation of membrane potentials and ADP re-
phosphorylation. The 57th task is the ability for growth, by means of biomass
production, represented as ’growth on Ham’s media’. The complete list, as provided
by Agren et al., can be found in Supplementary data file S1.

Choosing this set of metabolic tasks to be completed instead of merely biomass
production to determine gene essentiality has been found to improve the sensitivity
of numerous GEM predictions when compared to experimental results [9].

2.4 Cancer

2.4.1 The hallmarks of cancerous disease

Cancer is one of the most dreaded diseases of our time, and rightfully so by account-
ing for nearly 10 million deaths worldwide in 2020 [54]. It is regarded as a complex
disease, involving multiple dynamic changes in the genome such as oncogenes, DNA
repair systems, tumor suppressors, growth and apoptosis regulation, and more [3].

4The formation of cancers, or more specifically neoplastic transformation, is charac-
terized by alterations of cellular metabolism. The uncontrolled cell proliferation dis-
played by cancer cells results from changes in biomass synthesis, energy requirements
and altered regulatory and functional properties [55]. For instance, the Warburg ef-
fect is a common phenomenon in cancer cells where the aerobic glycolysis process is
elevated, leading to increased glucose uptake [56][57]. Increased glutamine uptake
and metabolism to promote cellular growth, often called glutamine addiction, is also
frequently observed in cancer cells [55]. In summary, it can be said that the meta-
bolic dysregulation and altered functioning is both the cause and the consequence

4This paragraph partly adapted from previous work [18].
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of tumorigenesis [58].

Although cancer has been extensively studied, the use of GEMs can provide new
perspectives and insights on the metabolic alterations of the cancerous cells. Des-
pite the fact that tumors may share many metabolic traits, GEM based studies has
shown that cancer-induced alterations in metabolic gene expression were very vari-
able among different tumor types, and that no uniform metabolic transformation
relates to all tumors [10]. In other words, although all cancers are characterized
by altered metabolism, these changes are largely dissimilar among different cancer
types. This supports the notion that various cancer types would probably benefit
from being treated as distinct diseases, especially in the search of uncovering novel
targeted therapies.

2.4.2 Cancer progression

There are several ways to categorise the severity of the cancerous disease in a patient,
with a common way being to label the stages of cancer. This approach specifies the
tumor’s size and growth type, as well as whether it has spread to other areas of the
body, all of which affects the best treatment option and the prognosis. Most cancers
fit into four stages, briefly summarized below. [59]

• Stage 1: The tumor is small and contained within the organ of its origin.

• Stage 2: The tumor is larger than stage 1, but has not spread to surrounding
tissue. Depending on the cancer type, this stage might also include that cancer
cells has spread to surrounding lymph nodes.

• Stage 3: The tumor is larger than stage 2, it has spread to nearby lymph
nodes and may have started to spread into surrounding tissues.

• Stage 4: The cancer has spread from its organ of origin to other areas of the
body. This is also called metastatic cancer.

A primary tumor is a term used to describe the original, or first, tumor in the
body [60]. Usually, this corresponds to stages 1 and 2, although sometimes stage
3 is included. The underlying mechanisms of why some cancers metastasizes is not
fully understood, although new hypotheses, such as the cancer stem cell models, are
emerging and gaining support.

In recent years, the study of cancer stem cells (CSCs) and their role in tumor initi-
ation and progression has gained focus. CSCs are a rare and distinct subpopulation
of cancer cells that have been identified in most types of human cancer [61], and
are thought to be responsible for cancer initiation, progression, metastasis, recur-
rence and drug resistance [62]. However, the metabolic adaptations underlying the
properties of CSCs have been challenging to study, partly due to difficulties of isol-
ating CSCs from other tumor cells [62]. Nevertheless, researchers have managed to
identify several altered metabolic pathways of CSCs, such as the Notch, Hedgehog
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and Wnt signaling pathways [62]. Accumulated evidence suggests that the elimina-
tion of CSCs is essential to treating and preventing recurring and metastatic tumors
[62], and thus to gain deeper understanding of their metabolic properties could be
a reasonable place to start.

2.4.3 GEMs as a tool in cancer research

The bottleneck of creating novel cancer medicines is not to create chemicals that
kills cancer cells, as thousands of such chemicals have been discovered and developed
the last 50 years [63]. The fundamental challenge is to discover anticancer drugs
that are effective, without also causing considerable harm to the patient. Since
cancer originates from our own cells, many of the currently used anticancer drugs
affect targets that are shared between normal cells and cancer cells, such as enzymes
involved in DNA replication [63]. Therefore, to find a target that is uniquely present
for cancer cells is imperative to minimize harm to the patient.

The fact that cancer cells have an altered metabolic functioning suggests that it
could be possible to find genes that are essential for cancer cells, yet not essential
for normal cells, and vice versa. Essential genes, especially those that are cancer-
specific, can be used as a surrogate for drug targets [14]. This means that essential
gene analyses can be used to discover what enzymes are indispensable to the cell,
and therefore would be fatal if inhibited by a drug.

In 2011, a GEM of generic cancer metabolism was able to predict 52 cytostatic drug
targets, of which 40% was, at the time, targeted by known, approved or experimental
anticancer drugs, and the rest were new [64]. Another study performed using glio-
blastoma (GBM) GEMs identified five genes that were uniquely essential for the
cancer cells, yet non-toxic if removed from healthy brain tissue GEM [65]. Four of
these were found to be experimentally verified, pointing to these as promising drug
targets for the treatment of GBM.

Likewise, the concept of synthetic lethality has gained interest in the medical re-
search community, and it has even been referred to as one of the most effective
cancer therapies in the last decade. For instance, several different DNA damage
response (DDR) inhibitors are being tested as a synthetic lethal targets for various
cancer cells with promising results. [66]
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Chapter 3
Software and methods

This chapter will outline all software and methods used to obtain the results that are
presented in this thesis. The self-written scripts mentioned in this section, as well
as some key functions used, are accessible at https://github.com/rebeccagsandtroen/
MastersThesis.

3.1 Software

3.1.1 MATLAB

MATLAB programming language was used to write scripts that generated virtually
all data presented in this thesis. Analyses using GEMs was done with a combination
of self-written MATLAB code and functions from either COBRA or RAVEN Toolbox
(see Section 3.1.2), or both. Any exceptions to this will be clearly stated. Processing
and refining of results were done by self-written code and MATLAB integrated
functions. MATLAB version R2021a [67] with an academic licence was used for
these purposes.

3.1.2 COBRA and RAVEN Toolboxes

The COBRA (The COnstraint-Based Reconstruction and Analysis) Tool-
box v3.0 [68] is a commonly used software package for constraint-based meta-
bolic modeling, as well as analyzing and predicting metabolic phenotypes utilizing
genome-scale biochemical networks.

The RAVEN (Reconstruction, Analysis and Visualization of Metabolic
Networks) Toolbox v2.5.3 [69] is a software package utilized for reconstruction,
curation, and constraint-based modeling and simulation of GEMs. It includes a
range of methods for analysing and visualisation of metabolic networks and omics
data.
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Working with the models was primarily done by use of the COBRA Toolbox, which
included exploring model features as well as doing single gene knockout analysis
described in Section 3.4.1. The RAVEN Toolbox was utilised for the other analyses,
including synthetic lethal gene pair analysis, and to investigate the ability of models
to perform various metabolic functions in different gene deletion scenarios. The
specific toolbox functions that were utilised are found in the respective analyses
method description.

3.1.3 Gurobi

The Gurobi Optimizer [70], a commercial mathematical optimization solver, was
used for optimization problems. Gurobi provides an interface for accessing it from
MATLAB, and was it was obtained with an academic licence.

3.1.4 Microsoft Office

Microsoft Excel version 2205 [71] was used for sorting results of the gene essentiality
and synthetic lethality results. This includes sorting by weight, counting the number
of times different genes occurred, counting how many times various weight scores
occurred, and creating figures from these data.

3.1.5 Cytoscape

Cytoscape version 3.9.1 [72] with the NetworkAnalyser plugin [73] was used to create
network systems of the gene essentiality and synthetic lethal analyses, as well as
identifying the degree of connections of genes in said networks.

3.2 Flux Balance Analysis

All flux balance analyses were performed using MATLAB, with Gurobi as the optim-
izer. The solver parameters, optimality tolerance (optTol) and feasibility tolerance
(feasTol), were both set to 10−6, by default. Unless otherwise stated, the object-
ive function set to be maximized in the models were that of biomass production;
reaction name biomass human.

3.3 Model retrieval and initial verification

It was chosen to use models created by Robinson et al., which were provided with
their publication [9] as a Zenodo repository [74]. All files in this repository are
available for use with Creative Commons Attribution 4.0 International licence. 15
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models were chosen and retrieved, each of which was associated to one of five different
cancer types (Table 3.1). Specifically, each chosen cancer type had three associated
models: normal solid tissue (NT), primary solid tumor (TP), and either recurring
solid tumor (TR) or metastatic tumor (TM). The three GEMs connected to a specific
cancer type (NT, TP and either TM or TR), will henceforth be referred to as a model
subgroup. The cancer types was selected based on factors such as high prevalence,
poor prognosis following diagnosis, and gender representation.

The models were created by Robinson et al. through a GEM contextualization pro-
cess described as follows [74]. Using the generic human GEM, Human1, as the
reference model, tissue specific GEMs were generated using the tINIT algorithm,
and Gurobi (version 8.0.0) as the solver. The input genetic expression data were
RNA-Seq data, with an expression threshold of 1 transcripts per million (TPM),
collected from The Cancer Genome Atlas (TCGA). The median expression of each
gene across all patient samples was calculated for each tissue type and used as input
to the algorithm. NT models represent healthy tissue from which various tumor
tissues (TP, TM, or TR) arose.

Table 3.1: List of models used in this thesis. Sample type codes: NT = solid tissue
normal, TP = primary solid tumor, TM = metastatic tumor, TR = recurring solid
tumor.

Cancer type Cancer abbreviation Model name

Breast invasive carcinoma BRCA
BRCA NT
BRCA TM
BRCA TP

Cervical squamous cell carcinoma
and endocervical adenocarcinoma

CESC
CESC NT
CESC TM
CESC TR

Lung adenocarcinoma LUAD
LUAD NT
LUAD TP
LUAD TR

Pancreatic adenocarcinoma PAAD
PAAD NT
PAAD TM
PAAD TP

Prostate adenocarcinoma PRAD
PRAD NT
PRAD TM
PRAD TP

Since the models were built using actual patient expression data, they should be able
to realistically reproduce the metabolic skills of living cells, including the 57 meta-
bolic tasks deemed essential for all human cells (detailed in Section 2.3.3, and found
in Supplementary data file S1). This was verified by using RAVEN checkTasks

function for all models, with the 57 metabolic tasks as input. The function descrip-
tion states that ”The tasks are defined by defining constraints on the model, and if
the problem is feasible, then the task is considered successful.” Specifically, the func-
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tion adds upper and lower constraints on available metabolites and/or the expected
products, and on flux constraints on the reaction of the task being tested. This
”forces” the model to carry flux through a reaction, or produce products that are
required for the task to be regarded as complete. With these constraints in place,
the model is solved with FBA, and biomass production as objective to be maxim-
ized. A model ”passes” a test if there exists a feasible flux distribution solution
that satisfies all given constraints. If no such solution were found without violat-
ing any constraints, the model would be considered to have ”failed” to perform the
metabolic tasks at hand. For example, one of the metabolic tasks is ’Aerobic rephos-
phorylation of ATP from glucose’, represented as the following chemical equation:

ATP [c] +H2O[c] ⇒ ADP [c] + Pi[c] +H+[c]

The allowed input metabolites, O2[s] and glucose[s], are both constricted to lower and
upper uptake bounds 0 and 1000 units, respectively. Output (produced) metabolites,
H2O[s] and CO2[s], are also both constricted to bounds of 0 to 1000 units produced.
In other words, the model is allowed to take up as much oxygen and glucose as
needed, as well as to excrete high amounts of water and CO2 if necessary. The
equation flux is set to lower and upper bound of 1 and 1000 units, respectively.
This means that there needs to be a flux through this reaction of at least 1 unit in
order to satisfy the constraints and be considered a feasible problem. If the model
is capable of producing a feasible flux distribution within all these constraints, the
model ”passes” the test for this metabolic task. [75]

3.4 Essential Gene Analyses

Single gene deletion (SGD) analysis was performed on all 15 GEMs with two differ-
ent methods, differentiated by their respective definitions of essentiality. The first
method was to use the ability to produce biomass as a metric for evaluating cell
viability.

As discussed in Section 2.3.3, using biomass production as the objective function
alone might fail to capture the complexity of the actual objectives of real-life human
cells. Therefore, a second method was chosen to investigate potential differences in
results when the definition of essentiality is changed. This method was to use the
ability to carry flux through all 57 essential metabolic tasks (discussed in Section
2.3.3) as a metric for cell viability.

Genes were identified by their Ensembl identifiers, as they are provided in the model
structures. Direct mapping of Ensembl ID to gene names were done using the
BioTools website, designed and maintained by Andy Saurin, accessed at https:
//www.biotools.fr/human/ensembl symbol converter. Unless otherwise specified, all
instances where gene names along with gene product information are presented, this
information was gathered from The Human Protein Atlas [76] at www.proteinatlas.
org.
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3.4.1 Essential gene analysis based on biomass production

The first essential gene analysis was done by using the cells’ ability for biomass
production as a predictor of cell viability. A gene was deemed as essential if its dele-
tion caused predicted growth rate to drop to 50% or below of the wild-type cellular
growth rate, a limit that have been utilized for human in silico models elsewhere [14]
[77]. These genes will be called BP-essential genes (Biomass Production-essential
genes).

SGD analysis were performed according to the following procedure for all 15 tissue
models:

1. The model was imported into MATLAB.

2. Growth media constraints were set to only allow the model to take up meta-
bolites present in Hams’ medium, of which the composition is reported in
Supplementary data file S2. The uptake bounds of the metabolites was set to
-1000, corresponding to ’unlimited access’ for the cell, with no flux limits on
the exchange rates. The function setHamsMedium was used for this purpose,
made by Robinson et al. [74].

3. It was verified that the objective function was set to biomass human using
COBRA checkObjective function.

4. The model was converted from a RAVEN compatible format into a COBRA
compatible format using the function ravenCobraWrapper from the RAVEN
Toolbox.

5. SGD analysis was performed using the singleGeneDeletion function in the
COBRA Toolbox, with ”FBA” as the method to be used and biomass produc-
tion as the objective function to be maximized. The predicted growth rates for
wild type and for each deletion strain were calculated, as well as the relative
growth rate between wild-type and KO-strains.

6. Gene deletion mutants that exhibited a predicted relative growth rate lower
than the set threshold were deemed not viable. The corresponding genes were
classified as BP-essential genes.

7. BP-essential genes for tumor tissue GEMs (TP, TR and TM) were pairwise
compared to their normal tissue (NT) counterpart. The BP-essential genes
identified in the tumor tissue that were also found in the NT were excluded
from further analysis. In other words, genes that were found to be essential
just for a tumour tissue but not for its normal tissue counterpart were gathered
and named BP-target-genes.

3.4.2 Essential gene analysis based on metabolic tasks

For this SGD analysis, the list of 57 essential metabolic tasks for human cells were
utilized (provided in Supplementary data file S1). Due to the fact that all 57
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metabolic functions are assumed to be required for cell survival, essential genes
were defined as those whose deletion impaired any of the 57 metabolic tasks. The
genes identified in this analysis will hereby be referred to as MT-essential genes
(Metabolic Task-essential genes).

SGD analysis was performed according the following procedure for all 15 models.
Note that no particular medium was used, as the RAVEN function checkTasksGenes
automatically sets the specific uptake rates for the various analyses.

1. The model was imported into MATLAB.

2. To perform SGD with the 57 tasks as the metric, the RAVEN function checkTasksGenes
was used. Inputs consisted of a model and the task list of the 57 metabolic
tasks. For each gene in the model, the impact of gene deletion on each of the
57 tasks was calculated in the form of ’pass’ or ’fail’. ’Pass’ signifies that the
reduced model is able to sustain a certain amount of flux through the reaction
of the metabolic task being tested, and ’fail’ means the model is incapable of
carrying said flux.

3. The output of checkTasksGenes was a binary vector, f, that detailed the
pass/fail result of every task for every deleted gene. The number of failed tasks
for each gene deletion mutants were summarized as shown in Equation (3.1).
In other words, each gene were given a score based on how many metabolic
tasks that failed by its deletion. This score will be referred to as the weight
of the gene, denoted by ω. E.g., a weight of 3 means that the deletion of the
gene causes three of the 57 tasks to fail. Genes that did not impair any of the
tasks, i.e. had a weight of 0, were deemed non-essential, and were not further
studied. Genes that had a weight of at least 1 were classified as MT-essential
genes.

ω =
n∑

i=1

fi (3.1)

4. MT-essential genes for tumor tissue GEMs (TP, TR and TM) were pairwise
compared to their normal tissue (NT) counterpart. The MT-essential genes
identified in the tumor tissue that were also found in the NT were excluded
from further analysis. In other words, genes that were found to be essential
just for a tumour tissue but not for its normal tissue counterpart were gathered
and named MT-target-genes.

5. The Human Protein Atlas, accessed at https://www.proteinatlas.org, was used
to investigate each of the MT-target-genes. Information about gene name,
gene product, protein function and metabolic subsystem were gathered.

6. The Drugbank database, accessed at https://go.drugbank.com/, was used to
investigate whether there are any known medications that target the specific
gene products of these MT-target-genes. The focus was to find inhibitory
drugs, as inhibiting the gene product would, by definition of this analysis, be
lethal to the tumor tissue in question but not the healthy tissue counterpart.
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The number of identified MT- and BP-essential genes for each tissue model were
compared in order to illustrate the difference in results by the different methods. The
biomass proportion α of the MT-essential genes were calculated for each model as
described in Equation (3.2). Cytoscape was used to create network representations
of the BP- and MT-target genes.

α =
Number of BP-essential genes

Number of MT-essential genes
(3.2)

3.5 Synthetic Lethal Gene Pair Analysis

The following procedure was done for each model to identify synthetic lethal (SL)
gene pairs. Due to computational limitations, the analysis was only done for the
BRCA related models; BRCA NT, BRCA TM, and BRCA TP.

1. The model was imported into MATLAB.

2. The known MT-essential genes that were identified in Section 3.4.2 were re-
moved from the gene list, while keeping their related reactions in the model.

3. Double gene deletion was then performed as follows. For every remaining gene
in the model, a gene was deleted by using the function deleteModelGenes from
COBRA Toolbox. Then the RAVEN function checkTasksGenes was deployed
to perform the second gene deletion, and calculate its impact on the ability
to carry flux through the 57 metabolic tasks. The impact of gene deletion on
the individual tasks was classified as ’pass’ or ’fail’ if the reduced model were
able to carry flux through the task in question, or not, respectively.

4. All gene pairs that, when deleted, passed all of the 57 tasks were classified
as a non-lethal pair, and subsequently excluded from further study. The gene
pairs that resulted in 1 or more failed tasks were deemed an SL-pair.

5. The weight of the SL-pair, meaning how many tasks that failed when the gene
pair was deleted, was calculated using Equation (3.1).

6. SL-pairs in tumor models (TM and TP) that were also found in NT were
excluded from further study. The remaining SL-pairs were named SL-targets,
and are, by definition, lethal when pair-wise deleted in the tumor, but not
lethal when deleted in the normal tissue.

7. Duplicates, in the form of GeneA+GeneB and GeneB+GeneA, were removed
as to only preserve one of the two, as they, per definition, would be the identical
double gene deletion scenario.

8. Cytoscape was used to create network representations of the SL-targets.
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Chapter 4
Results and Analysis

This chapter presents the results from the various analyses performed on the normal-
and cancer tissue GEMs. The results have been divided into two sections, the
first focusing on exploring essential genes specific to tumours and the second on
investigating synthetic lethal gene pairs specific to BRCA tumours.

4.1 Model verification

The first analysis to be done after the models were retrieved was to investigate
whether the they, without any alterations or additionally added constraints, could
perform all 57 metabolic tasks deemed essential to be a viable human cell of any
kind. A failed task in this case would indicate that the model does not adequately
reflect a real human cell, as the models are based on patient expression data from
living, functioning cells and hence should be able pass all tests.

All of the models passed all tests, demonstrating to be capable of performing all 57
metabolic tasks. An excerpt of the results, which were identical for all models, is
presented in Figure 4.1.
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Figure 4.1: Excerpt of the model verification results. ”Pass” means the model was
able to perform the metabolic task being tested.

4.2 Essential Gene Analyses

4.2.1 Biomass Production essential genes

SGD analysis was performed for all models, with biomass production as the object-
ive function to be maximized. Genes were deleted one at the time, followed by a
calculation of the reduced model growth rate and the relative growth rate compared
to the wild type model. Genes that, when deleted, caused the relative growth rate
to fall below a chosen threshold were deemed biomass production essential (BP-
essential) genes. The results of the analysis is presented in Table 4.1. The number
of BP-essential genes differs to some extent within model subgroups, and the num-
bers of BP-target genes demonstrate that all tumour models have acquired a slightly
different set of BP-essential genes than their normal tissue counterpart. Taken to-
gether, this implies that the tumour models have undergone some alterations in
terms of biomass production-related metabolism. The complete list of BP-essential
genes and BP-target-genes can be found in Supplementary data files S3 and S4.

25



Table 4.1: SGD analysis for the tissue models, using the ability of biomass pro-
duction (BP) as the metric for cellular viability. The number of genes identified
in the models as essential for biomass production (BP-essential genes) are listed.
BP-target-genes are essential genes that are only essential for a tumor model, but
not essential for the corresponding normal tissue model in regards to BP.

Model Number of BP-essential genes Number of BP-target-genes

BRCA NT 191 -
BRCA TM 192 11
BRCA TP 198 13

CESC NT 197 -
CESC TM 194 11
CESC TP 197 9

LUAD NT 199 -
LUAD TP 201 4
LUAD TR 194 3

PAAD NT 192 -
PAAD TM 195 7
PAAD TP 192 6

PRAD NT 190 -
PRAD TM 193 11
PRAD TP 183 2
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Figure 4.2: Network representation of the BP-target-genes (circles) identified for
the various tumor types (squares), collectively called nodes. Increasing size of the
nodes signifies increased number of connections (edges). An edge between two nodes
signifies that the gene is a BP-target for that tissue type. The colour gradient of
the circles also represent the number of edges, with yellow signifying just one edges,
green meaning a few edges, and blue representing several edges.

From the network representation of BP-target-genes (Figure 4.2) it is observed that
many BP-target-genes are connected to several tumor types. The most connected
gene, ALDH1A1, is connected to seven tumor types, and the second most connected
gene, SLC37A4, has five tumor connections. Out of the total of 35 unique BP-target-
genes identified in this analysis, merely 13 of these are only connected to one tumor
type. This means that the majority (63%) of BP-target-genes, specifically 22 genes,
are BP-target-genes for two or more tumor types.

4.2.2 Metabolic Task essential genes

In this analysis, SGD was performed for all genes, for all models. The reduced
models were then tested for their ability to carry flux above a set amount for all
57 metabolic tasks essential for human cell viability. If the model was able to
carry said flux, the task was marked as ”passed”, and if not the task is deemed as
”failed”. Genes that, when deleted, resulted in the model failing at least one task
were deemed metabolic task essential (MT-essential) genes, with the weight of that
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gene signifying the number of failed tasks. MT-target-genes are the MT-essential
genes that are essential for a tumor, but not for the corresponding normal tissue.

The number of MT-essential genes, as well as MT-target-genes, varies within the
model subgroups, as seen in Table 4.2. Building on the analysis of BP-essential
genes, the disparity observed in MT-essential genes within subgroups indicates that
metabolic changes of tumours extend beyond those linked to biomass production
and into various domains of cellular metabolism.

Table 4.2: SGD analysis for the tissue models, with the ability to perform the 57
Metabolic Tasks (MT) essential to human cells as the indicator for cellular viability.
The number of genes identified in the models as essential for completing all meta-
bolic tasks (MT-essential genes) are listed. MT-target-genes are genes that are only
essential for a tumor model, but not essential for the corresponding normal tissue
model.

Model Number of MT-essential genes Number of MT-target-genes

BRCA NT 302 -
BRCA TM 305 12
BRCA TP 309 15

CESC NT 306 -
CESC TM 293 15
CESC TP 304 11

LUAD NT 306 -
LUAD TP 308 5
LUAD TR 292 7

PAAD NT 300 -
PAAD TM 302 7
PAAD TP 300 6

PRAD NT 295 -
PRAD TM 300 13
PRAD TP 288 8

The number of MT-essential genes identified that overlaps within the model sub-
groups are illustrated in Figure 4.3. It is observed that the majority of MT-essential
genes discovered are shared within the subgroups, as would be expected given that
the tumours developed from the corresponding normal tissue and hence would re-
tain a great deal of similarities. Curiously, all NT models were found to possess
essential genes that were not essential to either related tumor type. However, this is
outside the aim of this thesis and will not be discussed further. With the exception
of the BRCA subgroup, it was found that TP and TM or TR from a model sub-
group share merely 1-4 target-genes (right side middle of the venn diagrams). This
points to a certain degree of metabolic difference between primary tumors and the
tumors that spread (TM) or recurs after treatment (TR). The BRCA tumors shared
9 MT-target-genes, suggesting that these tumors have a somewhat higher degree of
metabolic similarity than what were observed in the other model subgroups.
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Figure 4.3: MT-essential genes overlaps between the three tissue types within the
model subgroups; (a) BRCA, (b) CESC, (c) PAAD, (d) PRAD, and (e) LUAD.
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Figure 4.4: Network representation of the MT-target-genes (circles) identified for
the various tumor types (squares), collectively called nodes. Increased thickness of
the lines (edges) represent increased weight of the MT-target-gene. Increasing size of
the nodes signifies increased number of edges. The colour gradient of the circles also
represent the number of edges, with yellow signifying just one edge, green meaning
a few edges, and blue representing several edges.

Several MT-target-genes are identified in multiple tumor types, as illustrated in
Figure 4.4. Out of the 46 unique MT-target-genes identified in this analysis, 17
genes were only connected to one tumor model. Hence, the remaining 29 MT-
target-genes, which makes up 63%, are connected to two or more tumor models.
These highly connected genes could point to metabolic alterations that are common
for several cancer types, which consequently makes for interesting drug targeting
potentials. All MT-target-genes that appear in more than one tumor model can
be seen in Figure 4.5, as well as for how many tumor models they appear as an
MT-target-gene.

At the top of the list is the gene ALDH1A1 which was found to be a MT-target-gene
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for 7 different tumor models, namely BRCA TM, BRCA TP, CESC TM, CESC TP,
LUAD TR, PRAD TM, and PAAD TM. Likewise, the gene PCYT1A was identified
as MT-target-gene for the following 7 models; BRCA TM, BRCA TP, CESC TP,
LUAD TP, PRAD TM, PRAD TP, PAAD TP.

Figure 4.5: The frequency of the MT-target-genes that appears in more than one
tumor model. A total of 23 MT-target-genes were identified as such.

Metabolic impact of gene deletion
Many of the reported MT-target-genes caused more than one of the 57 essential
metabolic tasks to fail, with the number of failed tasks referred to as the genes’
weight. The distribution of weight classes is presented in Figure 4.6. It can be
observed that the majority of MT-target-genes have a weight of 1, while some genes
have substantially higher weight, ranging up to 17. The heaviest MT-target-genes
could be interesting to further investigate as potential drug targets since their dele-
tion causes substantial disruption to the metabolic functioning of the cancerous cell.
All MT-target-genes with weight more than 1 are presented in Table 4.3. Interest-
ingly, several of the highest scoring MT-target-genes appear for several tumor types.
Examples are CYP1B1 found in LUAD TR and PRAD TP; ACY3 in BRCA TM,
CESC TM, and LUAD TR; and ALDH1L2 found as MT-target-gene for BRCA TP,
BRCA TP, and PRAD TM.
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Figure 4.6: The weight distribution of MT-target-genes. Weight represents the
number of metabolic tasks the SGD mutant model failed to perform, when testing
the 57 essential metabolic tasks all human cells must be able to perform to be
considered viable. The frequency depicts the total number of observations of MT-
target-genes with this weight for every tumor model.

32



Table 4.3: The identified MT-target-genes with weight more than 1, and the cor-
responding tumor models in which they appeared as MT-target-genes.

MT-target-gene Model Weight

CYP1B1 LUAD TR 17
PRAD TP 17

GOT2 LUAD TR 12

ACY3 BRCA TM 11
CESC TM 11
LUAD TR 11

ALDH1L2 BRCA TM 11
BRCA TP 11
PRAD TM 11

ALDH4A1 BRCA TP 11
CESC TP 11

NAT8L CESC TM 11
LUAD TR 11

PRODH BRCA TP 11
CESC TP 11

SLC25A21 PRAD TP 11

AADAT PRAD TP 11

GOT1 CESC TM 8
LUAD TR 8

CROT CESC TM 6
PRAD TP 6

ACY3 PRAD TM 4

SGPL1 PRAD TP 4

CYP51A1 PRAD TM 2

SLC19A2 PAAD TM 2
BRCA TM 2

Existing drugs for MT-target-genes
It was investigated whether the MT-target-genes had any known drugs targeting
their specific gene product. A literature search was done in the DrugBank database,
with focus on finding inhibitory or antagonistic drugs, and excluding results classified
as ’Investigational’, ’vet approved’, or ’neutraceutical’ only. It was found 9 unique
MT-target-genes to have known inhibitory drugs, 8 of which were not related to
cancer treatment and thus will not be explicitly presented here.

Only one gene was found to have known drugs used in cancer treatment, namely
CYP1B1, as seen in at the top in Table 4.3, which had 15 approved inhibitory drugs,
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many of which are used to treat various cancers. A chosen selection of these drugs are
presented below, all satisfying the criteria of being able of inhibiting CYP1B1, being
classified as ’approved’, and be related to cancer treatment. All drug information
below was collected from the DrugBank database at https://go.drugbank.com/.

• Daunorubicin - used in treatment of leukemia and other neoplasms.

• Doxorubicin - used to treat various cancers, including breast carcinoma,
ovarian carcinoma, several leukemia types, and Kaposi’s Sarcoma.

• Mitoxantrone - used in treatment of multiple sclerosis, several types of leuk-
emia, metastatic breast cancer, prostate cancer, and hepatocellular carcinoma.

• Paclitaxel - used as first-line and subsequent therapy for the treatment of
advanced carcinoma of the ovary, and other various cancers including breast
and lung cancer.

• Cannabidiol andDronabinol - used as adjunctive treatments, and symptom
and pain relief of various painful conditions, including cancer.

The complete list of all MT-essential genes and MT-target-genes for all tumor mod-
els, including their respective weight in the SGD analysis, their biological function,
known related drugs, and more, can be found in Supplementary data files S3 and
S4.

4.2.3 Comparing the two methods of SGD

The number of essential genes identified by the two methods of SGD are presented in
Table 4.4, and illustrated in Figure 4.7. When compared to the MT-essential genes
analysis, the BP-essential genes analysis yields just below two thirds the number
of essential genes, averaging on 64,48 %. Specifically, around 300 genes (ranging
from 288 to 309) were deemed MT-essential for the models, compared to around
195 genes (ranging from 190 to 201) that were classified as BP-essential. It’s worth
mentioning that one of the 57 metabolic tasks is ”growth on Ham’s media,” which
is equivalent to biomass production. In other words, the BP-essential findings can
be regarded as a subset of the MT-essential results. This was also the reason as to
why MT-related results were studied in more detail than the BP-related results.

To test this assumption, it was examined whether the same genes were discovered in
both methods, particularly whether the BP-targets were a subset of the MT-targets.
Except for two genes, DLD and ACAT2, all of the BP-target genes were also present
among the MT-target genes. The reason behind why these two genes were not found
as MT-could stem from the different definitions of essentiality of the two methods
of SGD. It is probable that the two mutants exhibited a lowered growth rate to
less than half that of the wild type while still producing enough biomass to ”pass”
the MT test. However, the MT based analysis identified 13 unique target-genes not
found in the BP based analysis, which to some extent was expected due to the wider
scope of the analysis method.
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From Table 4.4, it can be seen that the TM or TR models displays the highest
biomass proportion (α) within its model subgroup for CESC, LUAD and PAAD.
In other words, the more severe tumor types may be more sensitive to disturbances
in genes related to biomass production than their TP (or even NT) counterpart.
However, this is not the case for BRCA and PRAD subgroups, which neither displays
any obvious trends. It should be noted that the difference in biomass proportions
are merely few percent points, which brings a degree of uncertainty to any possible
trends observed here.

Table 4.4: The number of essential genes identified in all models by the two dif-
ferent methods of SGD analysis; genes essential for biomass production (BP), and
genes essential for completing all 57 metabolic tasks (MT) necessary for human cell
viability. Biomass production is one of the 57 MTs, thus the biomass proportion of
the MT-essential genes was calculated.

Model
BP-essential

genes
MT-essential

genes
Biomass proportion of
MT-essential genes (α)

BRCA NT 191 302 63,25 %
BRCA TM 192 305 62,95 %
BRCA TP 198 309 64,08 %

CESC NT 197 306 64,38 %
CESC TM 194 293 66,21 %
CESC TP 197 304 64,80 %

LUAD NT 199 306 65,03 %
LUAD TP 201 308 65,26 %
LUAD TR 194 292 66,44 %

PAAD NT 192 300 64,00 %
PAAD TM 195 302 64,57 %
PAAD TP 192 300 64,00 %

PRAD NT 190 295 64,41 %
PRAD TM 193 300 64,33 %
PRAD TP 183 288 63,54 %

Average: 64,48 %
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Figure 4.7: Number of essential genes identified with two different methods of gene
knockout analysis, BP-essential (blue), and MT-essential genes (orange).

4.3 Synthetic Lethal Gene Pairs

Synthetic lethal (SL) gene pairs were identified by a double gene deletion analysis
based on the 57 essential metabolic tasks as the metric for viability. In essence,
two genes were deleted simultaneously, followed by the reduced model being tested
for the ability to perform each of the 57 essential metabolic tasks for human cell
viability. A gene pair that, when deleted, caused at least one of the metabolic tasks
to fail were deemed an SL-pair. The analysis was only done on the BRCA model
subgroup due to computational limitations.

Figure 4.8 shows the total number of SL-pairs discovered in the three BRCA mod-
els, with BRCA NT having 8808 SL-pairs, BRCA TP having 9618 SL-pairs, and
BRCA TM having 7386 SL-pairs. One could hypothesise that tumour tissues, due
to their genetic abnormalities and altered metabolism, would be more metabolically
vulnerable to disturbances and, and as a result, might have more lethal pairs than
their healthy tissue equivalent. This seems to be true for the BRCA primary tumor,
but surprisingly is not the case for the BRCA metastatic tumor. However, with
only these three data points, it is not possible to determine if this is a trend among
different cancer types or if it is specific to BRCA.
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Figure 4.8: The number of SL gene pairs identified for each model in the double
gene deletion analysis. SL-targets (orange) are SL-gene pairs that are only lethal
for that tumor model, but not lethal for the normal tissue. Blue columns represent
the number of SL gene pair shared with BRCA NT.

SL-targets for the tumor models were found by removing all SL-pairs that also
appeared for the NT model. Meaning, inhibiting the genes in an SL-target will be
fatal to the tumor, but not to the corresponding normal tissue. The SL-targets
are illustrated as a network of epistatic interactions in Figure 4.10 and Figure 4.11,
where a link (edge) between genes signifies them forming an SL-target. Common for
both network representations is that a handful of genes are forming SL-pairs with
many other genes. These can be described as having a high degree of connections, or
having high centrality in the network. The genes ACOX3, ECH1, MCAT, MMAB,
CPT2, and ABTB2 are high centrality genes in both tumour models, as well as
GOT1 and CYP4V2 for BRCA TP. Several of these genes were found to be related
to a high number of metabolic reactions in the BRCA models, as seen in Table 4.5.
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Figure 4.9: The number of synthetic lethal (SL) gene pairs with the various weights
for BRCA TM (blue) and BRCA TP (orange).

Table 4.5: The most highly connected genes in the SL analysis. Italicized genes
are found as an SL-target-forming gene only in BRCA TP, all other genes are found
in both BRCA tumor types as SL-target-forming genes.

Gene Number of related reactions

ABTB2 1
ACOX3 65
CPT2 64
CYP4V2 13
ECH1 7
GOT1 2
MCAT 1
MMAB 2

There was found to be 1599 and 343 SL-targets for BRCA TP and BRCA TM,
respectively (Figure 4.8). The relatively high number of SL-targets for BRCA TP is
explained by the fact that a single gene, GOT1, is a momentous centrailty point in
the network, where it appears to be forming an SL-target with almost every other
gene in the model (as seen in Figure 4.10). The complete list of SL-targets, as well
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as high resolution versions of the network figures can be found in Supplementary
data files S5, and S8 and S9.

The weights of the SL-targets were calculated, as well as the frequency of the various
weight classes, presented in Figure 4.9. It can be observed that a relatively high
number of SL-targets displays a weight of 5, 6 or 7, similarly in both tumor types.
However, the highest numbers of SL-targets falls into the weight category of 1, par-
ticularly for BRCA TP with 1436 such SL-targets. The single heaviest SL-target,
with a weight of 25, was the same for both tumor types of BRCA; GAPDH and
TPI1. Due to the uniquely heavy weight of this specific gene pair, it was chosen to
investigate their metabolic role further. It was found that the gene product of both
these genes are found in the cytosol, and are connected to glycolysis and gluconeo-
genesis, as seen in the metabolic map in Figure C.1 (Appendix C). They catalyzes
an important energy-yielding step in carbohydrate metabolism, a metabolic process
known to be altered in cancerous cells (as discussed in Section 2.4).
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Figure 4.10: Network representation of the SL-targets in BRCA TP. Increased
thickness of the lines (edges) represent increased weight of the genes (circles) con-
nected as an SL-target. Increasing size of the nodes signifies increased number of
connections. The colour gradient (yellow-blue-purple) of the circles also represent
number of connections, with yellow signifying the lowest number of edges and purple
representing most edges.
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Figure 4.11: Network representation of the SL-targets in BRCA TM. Increased
thickness of the lines (edges) represent increased weight of the genes (circles) con-
nected as an SL-target. Increasing size of the nodes signifies increased number of
connections. The colour gradient (yellow-blue-purple) of the circles also represent
number of connections, with yellow signifying the lowest number of edges and purple
representing most edges.
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Chapter 5
Discussion

5.1 Potential drug targets were discovered

Although drug screens are relatively easy to perform, they can be both time and
resource consuming [14]. This demand multiplies exponentially when looking for
combinations of genes due to the shear number of potential combinations. There
are therefore benefits to be had from conducting in silico gene deletion screenings,
such as performed in this thesis, as to guide the allocations of resources. The over all
aim of this study was to examine the genetic variations between cancer tissues and
healthy tissues for a variety of frequently occurring cancers. The goal was to find
genes that could be inhibited, with the effect of killing cancer cells while sparing
healthy cells. The second aim was to investigate whether such gene targets were
found in different cancer types, and if there was any differences between early stage
and late stage cancers. GEMs of 15 different tissue types were therefore subjected
to different gene KO simulations in order to explore their metabolic capabilities,
including their similarities and their differences.

SGD analyses were performed for all 15 GEMs with two different methods, differ-
entiated by their respective definition of essentiality. The first definition was the
ability of BP above a certain threshold, and the second was the ability to carry flux
through all 57 MTs necessary for human cell viability.

The SGD results from both methods displayed that all of the tumor types from
the five different cancers investigated indeed had genes that were only lethal to the
tumor, and not to the normal tissue. Such genes were named BP- or MT-target-
genes, as an indication of these being possible drug targets. The same was seen in
the SL analysis, where a number of SL-targets were found for both BRCA tumors.

Furthermore, the collective findings revealed that there were some differences between
tumors in early (TP) and late stages (TR or TM) of the same cancer type, with
some target-genes shared between the two tumours and others only identified in one
of them. Although the cancer subgroups still shared the majority of the essential
genes, if the intention is to target genes to kill a tumor, it would be a great advantage
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to target those that are fatal to both tumor types.

The SL analysis performed on the BRCA models revealed that a handful of genes
form SL-targets with numerous other genes, pointing to metabolic weaknesses that
potentially could be exploited as cancer drug targets. Additionally, both BRCA
tumour types shared most of these particular highly connected SL-target-genes,
making a prospective SL-targeting method effective for both tumour types, which
could be beneficial if there is uncertainty of the tumor type of the patient. It was
also found that some target-genes across all analyses caused substantially higher
degree of metabolic disruption to cancer cells (high weight) than other target-genes
(low weight). Such ’heavy’ target-genes or SL-targets, which represent a metabolic
vulnerability present in the tumor, may be promising candidates for further research
into new cancer treatments.

The two methods of performing SGD, using biomass production (Section 3.4.1) and
metabolic tasks (Section 3.4.2), displayed some differences in the amount of essential
genes identified, with the majority of the results of the former method also being
found in the latter. This discrepancy is worth noticing, as the precision of the
prediction of potential drug targets for cancer treatment relies on the definition of
the objective function [14]. As opposed to using biomass production as the objective
function, utilizing the 57 essential metabolic tasks for testing human cell viability
have been shown to be more accurate when compared to genome wide CRISPR
screenings [9]. For this reason, it was chosen to focus further investigation of the
MT-target-genes compared to the BP-target-genes. Still, it can be argued that BP
might be considered a reasonable objective function for a cancer cell, as they often
display unregulated cellular growth similar to bacteria. Nonetheless, the discrepancy
in results between these two methods of SGD analysis highlights the necessity of
selecting an appropriate objective function for the specific type of cell being studied.

A general trend that was observed throughout the results was that many target-
genes appeared in several tumor types, with the most connected target-genes being
ALDH1A1 and PCYT1A, each with 7 tumor connections. Such ”highly connected”
target-genes would be interesting to investigate as a cancer drug target, as a potential
medicine could be used for a number of different cancers and thus have a broader
scope of application. Both of these genes have in fact been proposed as prospective
cancer drug targets (see Table B.1, Appendix B). The fact that half of all the MT-
target-genes identified in this thesis were connected to two or more tumor types,
and seven of those were connected to three or more tumor types, suggests that
tumors share certain metabolic weaknesses not found in their respective normal
tissues. One could think that a target-gene connected to two tumor types would
obviously be the two tumors of the same cancer, but the network representations
(Figure 4.2 and Figure 4.4) shows that this is not the case. For instance, PRAD TM
and CESC TM shares 7 MT-target-genes, a surprising discovery given that these
tumours afflict different genders and thus would be anticipated to have somewhat
different mechanisms. This provides an valuable insight into how different cancer
types still can share vulnerabilities, although what these weak point are or which
tumor types share them are not evident.

The differences observed between the two tumor stages, namely primary tumor
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(early stage) and recurring or metastatic tumor (late stage), points to metabolic
differences that could be worth exploring further. Studies has shown that a partic-
ular type of cell, called cancer stem cells (CSCs), are responsible for resistance to
therapeutic agents, recurrence, relapse, metastasis of cancer [62] [61]. The available
cancer treatments are believed to only be able to kill proliferative cancer cell, which
CSCs manage to survive due to their ability of being dormant [78]. Therefore, it
might be not only beneficial, but also completely necessary to target CSCs for the
complete treatment of cancer [78]. A hypothesis could be proposed that the MT-
target-genes that are essential for vital metabolic tasks other than growth could
have the potential to kill all cancer cells, including CSCs, without the requirement
of active growth. This speculation would assume that metabolic weaknesses, in the
form of target-genes, are inherited from CSCs to the recurring and metastatic tu-
mors, which would need to be investigated on a case by case basis. On the other
side, it has been argued that differentiation of CSCs is required for complete cure of
cancer [78], and thus perhaps a combination of differentiation therapy and inhibition
of known target-genes for the relevant recurring or metastatic tumor could be an
option as a treatment strategy.

This thesis suggests further research on the few genes that showed to create SL-
pair with many other genes, namely ACOX3, ECH1, MCAT, MMAB, CPT2, and
ABTB2 for both BRCA tumour models, as well as GOT1 and CYP4V2 for BRCA
TP. The reason behind these genes being so highly connected in the SL network
may lie in the fact that many of them are related to several metabolic reactions,
which could explain their susceptibilities to being a SL gene (Table 4.5).

An additional interesting finding in the SL study was the single heaviest gene pair,
GAPDH and TPI1, that, when deleted, inhibits 25 of the essential metabolic tasks
in both BRCA tumors, but leaves the corresponding normal tissue seemingly un-
harmed. These genes are closely connected in the glycolysis and glyconeogenesis
pathways (Figure C.1, Appendix C), which are pathways that often are observed to
be altered in cancerous cells, such as through the Warburg effect [56][57]. TPI1 is
classified as a ’Potential drug targets’, and GAPDH is classified as ’FDA approved
drug targets’ by The Human Protein Atlas, thus strengthening the hypothesis that
these two genes might be a valid synthetic lethal target to investigate for the treat-
ment of BRCA.

5.2 MT-target-genes finds support in literature

It was anticipated to find more existing drugs that target the target-genes discovered
in this thesis. Only one gene, CYP1B1, had existing drugs used in cancer treatment
for various cancers in breast, ovaries, prostate, lung, and blood (Section 4.2.2). This
gene was also found to be supported in literature as a cancer possible drug target
for a number of cancers (Table B.1). This thesis argues that targeting this gene
might be highly effective against primary tumor in the prostate, and in recurring
lung cancer, owing to the severe metabolic impact its deletion inflicted. The latter
tumor type, in particular, could be worth investigating further, since recurring lung
cancer is notoriously difficult to treat [79]. The concept of using cancer drugs that
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have already been approved for some tumor types on new tumor types is gaining
traction in the medical community. This is the basics of the currently ongoing study
IMPRESS-Norway, where the selection of anticancer drug is based on the molecular
profiles of the patients, rather than the location of the cancer [80].

A significant weakness of this thesis is that the findings are only theoretical, as
no experimental validation was performed. However, many of the target-genes are
supported in literature as being proposed drug targets for a variety of cancers (Ap-
pendix B Table B.1). The literature review presented in Table B.1 revealed that at
least 30 out of 46 MT-target-genes found in this thesis are linked to one or more
cancers, and to being a prospective drug target. This strengthens the reliability of
the findings of this thesis, as well as the credibility of using GEMs as a method for
novel drug development.

5.3 Challenges

There have been some challenges throughout the project. The first was to create
tissue specific models from a generic human GEM and transcriptomic or proteomic
data. The lack of standardized gene expression units of experimental data sets
from the GTEx database or the TCGA database made direct contextualization of
the generic human GEM challenging. Specifically, some data sets were provided
as low/medium/high/none protein or RNA expression, others used transcript per
million (TPM), and others used fragments per kilo base of transcript per million
mapped fragments (FPKM). In order to ensure that results from several different
tissue models could be objectively compared, it was therefore decided to utilize
”ready made” tissue specific models from another publication [9], which in addition
assured a certain degree of model quality. Advantages that could be had with of
making my own models, however, would have been that newer data sets could have
been used, several different data sets, as well as data from different sources, could
have been used and compared.

Another challenge was the long run time of some simulations, especially the double
gene deletion script created for the synthetic lethal gene pair analysis. For roughly
2300 genes left in the models (after the known essential genes were removed), each
gene was paired with every other gene, and simulated once for every 57 metabolic
task. By the design of the script, this created (2300*2300*57) over 3 million cases
to be solved per model. In other words, improving the methodology of performing
a double gene knockout using the 57 metabolic tasks as the viability indicator could
considerably reduce the time necessary to run such a study.

It was discovered that one of the RAVEN functions used in the script for the SL
analysis, checkTasksGenes, could override the previously and manually set gene
deletion constraints when setting constraints for the metabolic task being tested for a
small subset of genes. However, owing to the nature of the script, all gene pairs were
tested twice, first as GeneA+GeneB and then as GeneB+GeneA. Therefore, through
thorough troubleshooting and manually investigating every part of the functions
used, it was discovered that for the small proportion of genes affected by this script
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issue, at least one of the combinations yielded results that were regarded acceptable.
Nonetheless, this flaw is a potential source of error.

5.4 Further work

There are many ways of continuing the work of this thesis, and improving the meth-
odology. The most obvious area of improvement would be to redesign the double
gene KO script to better fit the use of the 57 metabolic tasks as a metric for cellular
viability. This includes, but is not limited to, developing a method in which the
constraints imposed while evaluating a metabolic task do not conflict with the gene
deletion constraints.

Further, it could be interesting to evaluate the models’ capabilities on different
media compositions, as this has been shown to affect what genes are considered
essential [14], as well as broadening the scope to include more tissue and tumor
types for all analyses. Particularly, the SL gene pair analysis (Section 3.5) would
benefit from including more tissue models, as this would allow to study potential
emerging patterns of the SL phenomenon in cancer tissue.

Maybe the most important aspect of furthering the work of this thesis would be to
conduct experimental validation of the data. This could be done by performing a
genome-wide gene KO screen on all of the tissue types studied in this thesis, for
example using CRISPR technology. The main reason behind this need is that our
understanding of human metabolism is far from complete, and consequently, so are
the GEMs built to simulate it. Human cells live in complex environments, and
they are constantly affected by a myriad of factors such as cross-communications
between cells, signalling and regulatory mechanisms that ultimately influence their
metabolism [23]. GEMs are currently unable to incorporate all such cellular events
and how it affects metabolism, and although studies has shown that human GEMs
have proved high accuracy compared to experimental data (up to 88% in [9]), the
knowledge gap emphasizes that the findings are merely theoretical until they can
be proven experimentally. Nevertheless, GEM simulations such as in this thesis can
provide pointers as to where it might be beneficial to allocate research.

Another area worth investigating stems from the fact that target-genes were defined
as ”a gene that is lethal when deleted for the tumor in question, but not lethal for
the corresponding normal tissue”, meaning it was not investigated whether other
types of normal tissue would be impaired by the deletion of the target-gene. For a
prospective medical use, this would imply that the target-gene must be only inhibited
locally in the target tissue, or it must be deemed safe from hurting any other normal
tissue. Therefore, more research would be required to evaluate the precise impacts
on various normal tissues when deleting a tumor-specific target-gene to ensure that
it does not harm healthy cells or significantly diminish their functioning. Such
screening could be done using GEMs, but inevitably, the results must be verified
experimentally.

Lastly, further network analyses of the data could yield valuable insights, and the
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possibilities are many. For instance, one can create a network of the subsystems
affected by the deletion of target-genes to investigate whether some subsystems are
more frail than others, or to explore what subsystems that are simultaneously af-
fected in SL-targets. Knowing from literature that many cancers share common
metabolic alterations, for example in relation to energy provision, it would be reas-
onable to anticipate the discovery of some patterns shared amongst different cancers.
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Chapter 6
Conclusion and Outlook

The aim of this project was to investigate whether there were genetic variations
between cancerous tissue and healthy tissue that could be exploited for potential
cancer treatment. GEMs related to five different cancer types, namely breast invas-
ive carcinoma, cervical squamous cell carcinoma and endocervical adenocarcinoma,
lung adenocarcinoma, pancreatic adenocarcinoma, and prostate adenocarcinoma,
were utilised to perform in silico simulations of different gene KO scenarios. Single
and double gene deletions were performed, where the focus was on discovering genes
that were essential only to tumor tissue, but not to the corresponding normal tissue,
deeming such genes target-genes. In theory, such genes could be inhibited, leading
to the death of the cancer cell while sparing healthy cells.

The first analysis predicted in total 46 unique target-genes that were essential for
maintaining all the necessary metabolic tasks a human cell needs to survive, 30
of which have been proposed as potential drug targets in literature, and the rest
were, to the authors knowledge, new. One gene (CYP1B1) that was identified to
be essential to recurring lung cancer and primary tumor of the prostate, was also
found to be a drug target in current cancer therapies for a variety of cancers. The
synthetic lethal gene pair analysis performed on the breast cancer models revealed a
handful of genes that form synthetic lethal pair with numerous other genes, revealing
metabolic alterations not present in the corresponding normal tissue. As such, this
thesis proposes that the target-genes, especially those connected to several tumor
types and/or with the greatest adverse metabolic impact, to be further studied as
potential drug targets for cancer treatment.

Although some studies have demonstrated that cancers are more similar to their
tissue of origin than cancers in other organs [9] [10], this thesis argues that they
nonetheless share several metabolic weaknesses that normal tissue does not have.
It also provided evidence of metabolic differences between early and late stages of
the same cancers. Both of these insights might be invaluable when a physician is
deciding on the best treatment strategy for their patient.

Since we don’t know everything about the human metabolism, GEMs built on this
knowledge will not be flawless. In addition, GEMs do not incorporate signaling and
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regulatory mechanisms and the likes, and thus simulations done using GEMs will
not completely reflect reality. Therefore, maybe the biggest weakness of this thesis
is that the findings are purely theoretical and thus must be verified experimentally.
However, novel approaches and innovative methods, such as using the 57 essential
metabolic tasks instead of biomass production as the objective function contributes
to bridge the gap between in silico and in vivo results.

The goal of systems biology can be said to be able to explain all emerging biological
functions through the understanding and integration of all parts. To reach such a
goal will only be possible through an iterative process of creating models, performing
simulations, testing the results experimentally, discover unknown discrepancies that
guides new research, improve the models to fit new knowledge, and repeat. Thus,
this thesis is a humble contribution towards this process.

The application of systems biology to gain novel insight into human health will
undoubtedly benefit many fields of biological research, especially in the medical
sciences, which ultimately provides opportunities for better health care. This thesis
demonstrated how GEMs may be used to predict novel drug targets for cancer
therapy based on metabolic variations between cancerous tissue and healthy tissue.
Furthermore, it supports the notion that medications used to treat one kind of
cancer may, in theory, also have the potential to treat other types of cancer. Such
knowledge enables the use of current treatments in novel ways, bypassing the often
costly and resource-intensive process of developing new drugs.

GEMs built using patient-specific omics data, such as in this thesis, also opens up the
possibility of using GEMs in clinical medicine. A personalized and patient-specific
model could be interrogated to predict the outcome of various drugs and therapies
to ultimately guide the choice of treatment based on the metabolic signature of the
patient. Many challenges remains to be solved before this becomes mainstream, such
as establishing the range of what a healthy metabolic signature looks like, improving
model performance, and more. Nonetheless, the continued development of human
GEMs will undoubtedly benefit several areas of biological research, with far reaching
consequences on both a general and personalized scale.

Further study is clearly needed to experimentally verify the results of this thesis and
to understand the mechanisms behind their role in the metabolism of healthy and
diseased cells. Nonetheless, the findings may provide a sense of direction to guide
future cancer research, and contribute to a deeper insight into cancer metabolism.
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Appendix A
Description of the Supplementary data
files

S1: The 57 metabolic tasks which must occur in all human cell types for it to be
considered as viable, constructed by Agren et al. [50].

S2: The composition of Ham’s media, extracted from S1.

S3: Raw data from SGD analyses presenting all essential genes found for all models,
both BP-essential and MT-essential.

S4: Processed data from the SGD analyses, presenting the MT- and BP-target-
genes for all models.

S5: Processed data from the SL analysis, presenting the SL-target-genes for BRCA
TP and BRCA TM.

S6: High resolution image of the network representation of the BP-target-genes.

S7: High resolution image of the network representation of the MT-target-genes.

S8: High resolution image of the network representation of the epistatic gene inter-
actions forming SL-targets for BRCA TP.

S9: High resolution image of the network representation of the epistatic gene inter-
actions forming SL-targets for BRCA TM.
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Appendix B
MT-target-genes supported in literature

Table B.1: Identified MT-target genes proposed as a drug targets for various cancer
types in literature.

MT-target
gene

Identified in
model

Proposed drug target
for cancer types

Source

ACY3

BRCA TM,
CESC TM,
LUAD TR,
PRAD TM

Hepatocellular Carcinoma [81]

ALDH1A1,
ALDH1L2,
ALDH4A1

BRCA TM,
BRCA TP,
CESC TM,
CESC TP,
LUAD TR,
PAAD TM,
PRAD TM

Gynecologic and other
malignancies

[82]

BCKDKA,
BCKDHB

BRCA TP,
BRCA TM,
CESC TP,
CESC TM,
BRCA TP,
BRCA TM,
CESC TP,
CESC TM

Colorectal cancer,
metastatic lung cancer

[83]

CROT
CESC TM,
PRAD TP

Prostate cancer [84]

CUBN PAAD TP
Colorectal Cancer, Renal
cell carcinoma (proposed as
diagnostic marker)

[85], [86]
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CYP1B1
LUAD TR,
PRAD TP

Breast, ovarian, lung, liver,
colorectal, gastric, and
prostate cancers, leukemia,
glioma

[87]

CYP27B1 PAAD TP Prostate cancer [88]
CYP4F8 PRAD TM Prostate cancer [89]
CYP51(A1) PRAD TM Lung, breast, skin cancer [90]

GOT1
CESC TM,
LUAD TR

Breast cancer [91]

GOT2 LUAD TR
Breast cancer, pancreatic
cancer

[91], [92]

IDO1 PAAD TM Ovarian Cancer [93]

KMO
CESC TM,
PRAD TM

Breast cancer.
Management of numerous
neoplasms

[94], [95]

KYNU
CESC TM,
PRAD TM

Breast cancer [96]

LIPA BRCA TP Breast cancer [97]

MTHFR
LUAD TP,
PAAD TM

Increasing chemosensitvity
of cancer cells. Decreased
growth of tumors

[98], [99]

MTR
PAAD TM,
LUAD TP

Slows cancer cell
proliferation

[100]

NAT8L
CESC TM,
LUAD TR

Ovarian cancer, melanoma,
renal cell, breast, colon,
and uterine cancers

[101]

PCYT1A

BRCA TP,
BRCA TM,
CESC TP,
LUAD TP,
PAAD TP,
PRAD TP,
PRAD TM

Lung cancer [102]

PRODH
BRCA TP,
CESC TP

General role in
tumorigenesis and tumor
development

[103]

QPRT
CESC TM,
PRAD TM

Malignant glioma (cancer
of the brain and spinal
cord)

[104]

RBP1
LUAD TR,
LUAD TP

Hepatocellular Carcinoma [105]

SGPL1 PRAD TP
Modulate malignant
growth, including cancer

[106]

SOAT1
BRCA TP,
BRCA TM,

Hepatocellular carcinoma [107]

TBXAS1
BRCA TP,
BRCA TM,

Breast cancer [108]
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UGT2B10,
UGT2B15

BRCA TM,
CESC TP,
LUAD TP,
BRCA TP

Melanoma and
hormone-related cancers

[109]
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Appendix C
Glycolysis and gluconeogenesis
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Figure C.1: Network of the human central carbohydrate metabolism. The path-
ways of glycolysis and gluconeogenesis are highlighted in pink. The highest-scoring
SL-target, which is solely fatal for BRCA TP and BRCA TM, but not BRCA NT,
is highlighted in red (TPI1) and orange (GAPDH). Figure from [110].

64



N
TN

U
N

or
w

eg
ia

n 
U

ni
ve

rs
ity

 o
f S

ci
en

ce
 a

nd
 T

ec
hn

ol
og

y
Fa

cu
lty

 o
f N

at
ur

al
 S

ci
en

ce
s

D
ep

ar
tm

en
t o

f B
io

te
ch

no
lo

gy
 a

nd
 F

oo
d 

Sc
ie

nc
e

Rebecca Madeleine Gilbert Sandtrøen

Comparative analysis of cancers and
identification of novel anticancer
drug targets using genome-scale
metabolic modeling

Master’s thesis in Industrial Chemistry and Biotechnology
Supervisor: Eivind Almaas
Co-supervisor: Vetle Simensen
August 2022

M
as

te
r’s

 th
es

is


	Summary
	Preface
	List of Figures
	List of Tables
	Abbreviations
	Introduction
	Complex systems and systems biology
	Human health as a systems problem
	Aim of this thesis

	Background and theory
	Mathematical foundations for reconstructed networks
	From biology to mathematics
	Flux Balance Analysis

	Genome-scale models
	Reconstruction is a 4 step process
	Applications of a GEM
	Single Gene Knockouts
	Synthetic Lethal Gene Pairs

	Human GEMs
	The emergence of human metabolic modeling
	Creating tissue specific models
	Choosing an objective function in human GEMs

	Cancer
	The hallmarks of cancerous disease
	Cancer progression
	GEMs as a tool in cancer research


	Software and methods
	Software
	MATLAB
	COBRA and RAVEN Toolboxes
	Gurobi
	Microsoft Office
	Cytoscape

	Flux Balance Analysis
	Model retrieval and initial verification
	Essential Gene Analyses
	Essential gene analysis based on biomass production
	Essential gene analysis based on metabolic tasks

	Synthetic Lethal Gene Pair Analysis

	Results and Analysis
	Model verification
	Essential Gene Analyses
	Biomass Production essential genes
	Metabolic Task essential genes
	Comparing the two methods of SGD

	Synthetic Lethal Gene Pairs

	Discussion
	Potential drug targets were discovered
	MT-target-genes finds support in literature
	Challenges
	Further work

	Conclusion and Outlook
	Bibliography
	Appendices
	Description of the Supplementary data files
	MT-target-genes supported in literature
	Glycolysis and gluconeogenesis


