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Abstract

Mathematical modelling of glycolysis in cancer cell lines
C.A. October

Department of Biochemistry,
University of Stellenbosch,

Private Bag X1, Matieland 7602, South Africa.
Thesis: MSc (Biochemistry)

December 2020

Most cancer cells exhibit an increase in glucose uptake and lactate produc-
tion, a phenomenon known as the "Warburg effect" or aerobic glycolysis, and
considered to be a hallmark of cancer metabolism.

We investigated the glycolytic flux and enzyme activities in MDA-mb-231,
a highly invasive triple-negative breast cancer cell. Enzyme assays were con-
ducted on each glycolytic enzyme to characterise the kinetic parameters re-
quired for the construction of a detailed mechanistic mathematical model.
Model validation data was obtained by analysing the time dynamics of the
system variables using an ion-pairing reverse liquid chromatography method
for cell extract conversion of glucose to lactate. In addition, we determined
glycolytic flux in MDA-mb-231 whole-cells via an extracellular flux assay, and
compared it to a non-invasive cancer cell line (MCF-7).

Results showed that both cell lines generate 1.7 moles of lactate per mole
of glucose consumed, though the MDA-mb-231 flux was 2-fold higher than
that measured in MCF-7 cells. The initial constructed model was accurate
in the prediction of the glycolytic intermediates in upper glycolysis but de-
viated significantly from the experimental results in lower glycolysis. We es-
tablished that the model over-estimated PGM activity, as the enzyme activity
is significantly lower in the experiment due to insufficient amounts of 2,3 bis-
phosphoglycerate (2,3-BPG) to activate the co-factor dependent PGM. We
used the model to predict both conditions: with and without the addition of
2,3-BPG. The model’s accuracy was satisfactory for the time-dynamics of gly-
colytic intermediates in both conditions, although the model predictions were
far from perfect, most of the variables were constantly described, resulting in a
partly validated model. Based on glucose to lactate conversion, the glycolytic
behaviour in whole-cells and the cell extracts appears to be distinctly different.
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Uittreksel

Wiskundige modellering van glikolise in kanker sellyne
(“Mathematical modelling of glycolysis in cancer cell lines”)

C.A. October
Departement Biochemie,

Universiteit van Stellenbosch,
Privaatsak X1, Matieland 7602, Suid Afrika.

Tesis: MSc (Biochemistry)
Desember 2020

Die meeste kankerselle vertoon ’n toename in glukose-opname en laktaatpro-
duksie, ’n verskynsel wat bekend staan as die ”Warburg-effek” of aërobiese
glikolise, en word beskou as ’n kenmerk van kankermetabolisme.

Ons het die glikolitiese vloed- en ensiemaktiwiteite in MDA-mb-231, ’n ui-
ters indringende drievoudige negatiewe borskankersel, ondersoek. Ensiembepa-
lings is op elke glikolitiese ensiem uitgevoer om die kinetiese parameters te ken-
merk wat benodig word vir die konstruksie van ’n gedetailleerde meganistiese
wiskundige model. Modelvalideringsdata is verkry deur die tyddinamika van
die stelselveranderlikes te ontleed deur gebruik te maak van ’n ioon-koppelende
omgekeerde vloeistofchromatografie-metode vir die selekstrakte omskakeling
van glukose na laktaat. Daarbenewens het ons glikolitiese vloed in MDA-
mb-231 heel-selle bepaal deur middel van ’n ekstrasellulêre vloedtoets, en dit
vergelyk met ’n nie-indringende kanker-sellyn (MCF-7).

Die resultate het getoon dat beide sellyne ongeveer 1,7 mol laktaat per
mol verbruikte glukose genereer, alhoewel die MDA-mb-231-vloed tweevoudig
hoër was as wat in MCF-7-selle gemeet is. Die aanvanklike gekonstrueerde
model was akkuraat in die voorspelling van die glikolitiese tussenprodukte in
die boonste glikolise, maar het beduidend afgewyk van die eksperimentele re-
sultate in laer glikolise. Ons het vasgestel dat die model die PGM-aktiwiteit te
hoog geskat het, aangesien die ensiemaktiwiteit in die eksperiment aansienlik
laer is as gevolg van onvoldoende hoeveelhede 2,3 bis-fosfoglyceraat (2,3-BPG)
om die ko-faktorafhanklike PGM te aktiveer. Ons het die model gebruik om
albei toestande te voorspel: met en sonder die toevoeging van 2,3-BPG. Die
akkuraatheid van die model was bevredigend vir die tyddinamika van gliko-
litiese tussengangers in albei toestande, alhoewel die modelvoorspellings nog
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UITTREKSEL iv

lank nie perfek was nie, is die meeste veranderlikes voortdurend beskryf, wat
’n gedeeltelik gevalideerde model tot gevolg gehad het. Op grond van glukose
na laktaat-omskakeling lyk die glikolitiese gedrag in heel-selle en selekstrakte
duidelik anders.
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Chapter 1

Introduction

Despite the progress made in cancer research, the disease continues to plague
humanity. WHO predicts an increase in diagnosed cases, which they attribute
to an ageing population and increasing risk factors, e.g. diabetes, tobacco use,
etc. [1]. Since one in every six deaths can be attributed to cancer and it is
regarded as a public health challenge worldwide [1]. "Cancer" is a hypernym
used to categorise a multitude of diseases with various histological, bioenergetic
and genetic traits, where cells undergo mutations that gives rise uncontrollable
proliferation. In the body, these rapidly proliferating cells initiate tumour
formation. Whereas, healthy cells adhere to a specific function that they were
designated to perform, cancer cells do away with these constraints to obtain
control over metabolic systems for their own needs.

Metabolic reprogramming takes place within cancer cells, leading to an al-
teration in nutrient acquisition and cellular bioenergetics that further improves
their metabolic plasticity in a dynamic cellular environment [2]. This repro-
gramming is considered an essential hallmark of cancer. A frequent metabolic
characteristic observed in cancer cells is an enhanced glycolytic flux, generat-
ing vast amounts of lactate, a modification referred to as the Warburg effect or
aerobic glycolysis [3]. Studies have proposed that aerobic glycolysis provides
a rapid supply of bioenergy independent of oxygen to sustain the unfettered
proliferation of cancer cells [2, 4].

Investigations into reprogrammed metabolism observed in cancer has gar-
nered interest since it is considered to be a potential target for cancer treat-
ment [2, 5]. Such investigations can be greatly facilitated by computational
systems biology, which can provide a holistic view of the dynamic behaviour
of the metabolic network [6, 7]. This methodology involves the use of mathe-
matical models that can elucidate the underlying controlling mechanisms and
flux through the nodes within metabolic systems. Here a model of a metabolic
system is constructed using mathematical expressions for its individual reac-
tions. The expressions are parametrised by means of fitting to characterisation
experiments performed on isolated system components. This method describes
the bottom-up approach for model construction and is frequently utilised to

1
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CHAPTER 1. INTRODUCTION 2

investigate the glycolytic pathway [8–10]. A well-defined and validated model
can sufficiently describe a metabolic pathway within the cell and can be fur-
ther used to probe the system to determine the controlling mechanism through
metabolic control analysis (MCA). This analytical tool offers a means of quan-
tifying the distribution of flux-control and sensitivity of the individual elements
within the system [11]. Some studies have applied these methods to investigate
cancer metabolism, though there is still a lack of detailed kinetic models of
breast cancer cell lines [8, 10, 12].

In this thesis, we consider the MDA-mb-231 and MCF-7 breast cancer cell
lines as our chosen model systems – with a focus on the MDA-mb-231 cell line.
MDA-mb-231 is representative of highly invasive triple-negative breast cancer
cells, which are hormone non-responsive [13]. This cell line has been shown
to be dependent on glycolysis to generate the majority of its cellular energy
(ATP) to meet its metabolic needs [14]. Patients diagnosed with triple-negative
breast cancer (TNBC), have poorer therapeutic outcomes due to clinical char-
acteristics of this basal-like subtype, which includes its invasive/metastatic
properties and recurrence risk despite using chemotherapy interventions [13].
Therefore, cancer cell line representative of TNBC is a relevant model sys-
tem to investigate given their limited therapeutic response and their invasive
characteristics [13].

The research question of this study is: Can we explain glycolytic flux in
cancer cells on the basis of its enzyme characteristics? The aim of this thesis
involves constructing and validating a mathematical model of glycolysis in
the chosen model system, MDA-mb-231. The broader aim of the research
programme in our group is to elucidate the underlying control mechanisms of
the Warburg effect in TNBC cells by using MCA and the constructed model as
tool to identify possible drug targets within the glycolytic pathway. However,
this is beyond the scope of this thesis. To answer the stated research question,
the following objectives were defined;

• Determine the extracellular glycolytic flux of MDA-mb-231 cells and
compare its flux to the non-invasive MCF-7 cancer cell line.

• Conduct in vitro kinetic characterisation of each glycolytic enzyme by
performing enzyme assays and fitting the mechanistic rate equation to
the enzyme data.

• Construct a detailed kinetic model by integrating the parametrised rate
equations into ODEs – each representing the time dynamics of a metabo-
lite in glycolysis.

• Validate the model via in vitro 14C-labelled time-course experiment.

The following chapters documents the task undertaken to achieve the aim
of this project: Chapter 2 will elaborate on the concepts discussed in this
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CHAPTER 1. INTRODUCTION 3

chapter and provide the necessary background on cancer metabolism and var-
ious mathematical modelling approaches. Chapter 3 describes the method-
ology behind the experimental and computational procedures applied and
their utility in this project. In Chapter 4 we present the kinetic parame-
ter characterisation of each enzyme in glycolysis and how we construct the
mathematical model describing the change in concentration of each glycolytic
metabolites. Chapter 5 compares ion-pairing reverse liquid chromatography
(IP-RPLC) analysed time-course experiments to the constructed mathemat-
ical model. Herewith, we determine whether the detailed-kinetic model is
an appropriate description of in vitro system dynamics. The glycolytic flux of
MDA-mb-231 cells were measured and was also compared to the MCF-7 breast
cancer cell line to measure the difference in flux between a highly-invasive and
non-invasive cancer cell line. Lastly, Chapter 6 presents a summary of the
current thesis, with a section on proposed future work.
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Chapter 2

Literature Study

2.1 Introduction
According to WHO [1], cancer is globally the second leading cause of death,
and cases are expected to double over the next two decades. A 2018 report by
WHO estimated that 9.6 million deaths were due to cancer, with breast cancer
being the most prevalent cancer affecting women worldwide [1, 15]. Studies
investigating incidence, global burden and mortality rates of breast cancer,
have postulated that prevalence is higher in high-income countries compared
to lower- and middle-income countries, but incidences are rapidly rising in the
latter [16, 17].

An estimated 12-17% of breast carcinomas are triple-negative breast cancer
(TNBC) – defined by the absence of oestrogen receptor, progesterone receptor
and HER2 (human epidermal growth factor receptor type 2) [13]. Evidently,
endocrine therapy or HER2-targeted therapeutic approaches are not applicable
to TNBC. This phenotype is biologically aggressive with a high histologic
grade, which refers to its malignant and metastatic properties implying that
TNBC is better able to metastasize to viscera [13].

The metabolic transformations frequently observed in cancer cells are con-
sidered to be an essential hallmark of cancer [18]. Most tumour cells exhibit al-
terations in metabolism, nutrient acquisition and cellular bioenergetics [4, 19].
The most common feature of metabolic dysregulation observed in tumour cells
is the increased glycolytic flux under aerobic conditions, a phenomenon known
as the Warburg effect or aerobic glycolysis [2, 19, 20]. Why cancer cells prefer
to ferment glucose over respiration under aerobic conditions remain largely un-
clear. It has been suggested that the altered metabolic pathways provide the
rapidly proliferating cancer cells sufficient cellular energy and intermediates for
anabolic subsidiary pathways to maintain malignant properties [2, 4, 19, 21].
It was previously hypothesized that aerobic glycolysis observed in cancer cells
was due to a dysfunctional oxidative phosphorylation metabolism [21, 22].
Further research established that the mitochondria remain functional and pro-

4
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CHAPTER 2. LITERATURE STUDY 5

vided evidence that suggest the metabolic reprogramming is due to oncogene
dysregulation (e.g. hypoxia inducible factor 1 (HIF-1), K-Ras and c-Myc),
loss of tumour suppressors and up-regulation of components in the mTOR
signalling pathway [5, 23, 24]. Oncogenes up-regulate glycolytic enzymes and
are responsible for specific isoform expression, including the re-expression of
embryonic isoforms in tumour cells, thus enhancing the flux through glycol-
ysis in malignant cancer cells [19]. Similarly, the tricarboxylic acid (TCA)
cycle is altered, whereby the pathway is partly decoupled from central carbon
metabolism and intermediates, supplied by the enhanced glutaminolysis, are
shunted towards the biosynthesis of macromolecules and oxidative phosphory-
lation (OXPHOS) [3, 24].

Numerous techniques exist to investigate the reprogrammed metabolism in
cancer cells. Computational systems biology provides a method to understand
the system’s behaviour as a whole [6]. Systems biology is an investigative tool
that can be used to obtain an in-depth understanding of biological phenomena
such as a system’s response to complex stimuli [6, 7]. Mathematical mod-
elling of metabolism can be achieved by either the top-down or bottom-up
approach [6]. The top-down approach, which is used in, for example, ex-
tracting information from high-throughput data ("omics" data) to construct
and interpret cellular system models. Whereas, the bottom-up approach con-
structs a detailed model of the whole-system by characterising the individual
elements that make up the system and integrating them to gain a holistic un-
derstanding of the system dynamics [6]. These mathematical models describe
the time-dependent change of metabolites by employing ordinary differential
equations (ODEs) [25]. This requires the parametrisation of reactions involved
in the metabolic pathway that is being modelled. The Michaelis-Menten and
Monod-Wyman-Changeux models are the most prevalent mechanistic models
employed to describe kinetics of enzymatic reactions [26, 27]. In the bottom-
up approach the equations are fitted to data from experiments performed on
isolated enzymes.

Metabolic control analysis (MCA) is an analysis method to investigate con-
trol and regulation in metabolism. This approach quantitatively determines
the extent of control a specific enzyme exerts on the flux of a given path-
way, which can further our insight into the underlying mechanisms governing
the system properties [28]. Therefore, MCA could serve as a tool to identify
key reaction steps in the biological system. Differences in the metabolic net-
works of healthy differentiating cells and cancer cells, could point to targets
for drugs that exploit this difference and potentially damage the cancer cells
without harming the host tissue [29]. In this literature review, I will give a
brief overview of changes that have occurred in central carbon metabolism of
cancer cells, focussing on glycolysis (Section 2.2– 2.3), and modelling tools and
approaches that have been used to study cancer metabolism (Section 2.4).
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CHAPTER 2. LITERATURE STUDY 6

2.2 Glycolysis in cancer cells
The glycolytic pathway consists of a network of reactions that catabolize glu-
cose: yielding two molecules of pyruvate, ATP and NADH from one molecule of
glucose, ADP, Pi and NAD+ [5]. Pyruvate could shunt towards the TCA cycle,
and subsequently be oxidized to CO2 with reducing equivalent oxidised via ox-
idative phosphorylation, a metabolic process producing up to an additional 34
molecules of ATP per molecule of glucose consumed [5]. Alternatively, glucose
can also be fermented, where the pyruvate is directed to lactate production,
as shown in Fig. 2.1. Fermentation maintains redox balance by regenerat-
ing NAD+ to serve as substrate for the glycolytic pathway but sacrifices the
further production of bioenergy in the form of ATP via OXPHOS. Oxidative
phosphorylation, as the name suggests, requires the presence of oxygen, while
fermentation can occur anaerobically. Surprisingly, tumour cells prefer the fer-
mentation of glucose, even in the presence of adequate oxygen and functional
OXPHOS [2, 3]. This phenomenon is known as the Warburg effect or aerobic
glycolysis. Cancer cells exhibit an up-regulated glycolytic flux when compared
to normal differentiating cells. Researchers postulated this enhanced glycol-
ysis provides sufficient precursors for biosynthesis while meeting the energy
requirements for rapid cell proliferation [2, 22]. Since aerobic glycolysis is so
widely observed in cancer cells, one would expect that usage of this much less
efficient pathway must provide cancer cells with an advantage over utilising
OXPHOS.

2.2.1 Warburg effect

Aerobic glycolysis was discovered by Warburg and Cori in the 1920s [21].
They observed the rapid glucose consumption and high lactate production
rate exhibited in tumorous cells [21, 30]. This phenomenon has been observed
in various cancer types, including breast cancer [21]. Warburg postulated
that aerobic glycolysis was brought about by an impaired mitochondrial func-
tion [2, 3, 22]. However, subsequent research contradicted Warburg′s theory
and has shown that functioning mitochondria are required for cancer cell pro-
liferation [2, 3]. Yet, the advantage of aerobic glycolysis over the more energy
efficient OXPHOS pathway remains elusive. Studies have proposed that the
metabolic reprogramming giving rise to aerobic glycolysis in cancer cells pro-
vides oxygen independent ATP production – preventing excess production of
reactive oxygen species and supplying adequate intermediates for biosynthe-
sis, whilst simultaneously generating rapid cellular energy from the increased
glycolytic flux in proliferating cells [4, 19]. Aerobic glycolysis is, however, not
exhibited in all tumour types or subtypes. Metabolic plasticity of some can-
cer cell lines allows them to switch interchangeable between fermentation and
oxidative metabolism as their primary source of cellular energy [21]. Some
tumorous cells display a glycolytic phenotype whereas others a more oxidative
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Figure 2.1: Simplified illustration the glycolytic pathway, where pyruvate di-
rected to lactate production, as discussed in the Section 2.2. No branch path-
ways were shown, and the glycolytic enzymes and metabolites are displayed in
orange and black, respectively.
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CHAPTER 2. LITERATURE STUDY 8

phenotype.
Interestingly, a similar phenomenon can be observed in yeast, where it

is known as the Crabtree effect [23]. Literature has drawn similarities be-
tween the Warburg effect and the Crabtree effect [31, 32]. Both exhibit sim-
ilar features: an up-regulated glycolytic pathway, fermentation of glucose in
the presence of oxygen and sufficient intermediate supply for rapid prolifera-
tion [31, 32].

2.3 Metabolic reprogramming
As previously mentioned, the reprogramming of metabolism can be attributed
to the dysregulation of signalling pathways, oncogenes (HIF-1, K-Ras and c-
Myc), and evading tumour growth suppressors [5, 24, 33]. This dysregulation
leads to an increased glycolytic flux, unrestrained cell proliferation and cell
growth, both elements contributing to the carcinogenic characteristics in can-
cer cells [4].

2.3.1 Oncogenes dysregulation

Hypoxia-Inducible Factor-1 (HIF-1) is a pleiotropic transcription factor that
is involved in the adaption of normal differentiating cells under hypoxic con-
ditions and is degraded under normoxic conditions [23, 34, 35]. It enables
cells to primarily use glycolysis, an oxygen-independent pathway as a means
of generating its cellular energy. The dysregulation of the HIF-1 oncogene
observed in most cancer cells, operates together with c-Myc, which stimulates
the up-regulation of glycolytic activity [5, 35]. This includes specific isoform
expression and the re-expression of embryonic enzymes [19, 36]. The specific
glycolytic enzymes that are overexpressed will be discussed in the following
section.

In addition to aerobic glycolysis, metabolic transformation also enhances
amino acid metabolism, and glutaminolysis is considered another key char-
acteristic in the reprogrammed cancer metabolism [24, 36]. Glutaminolysis
is a sequence of biochemical reactions that catabolize extracellular glutamine
to produce glutamate and subsequently α-ketoglutarate to supply substrate
to the TCA cycle [2, 3, 24]. Moreover, the oncogene, c-Myc and K-Ras are
crucial regulators that contribute to the enhanced glutamine metabolism in
cancer cells [24]. Therefore, oncogenes play a pivotal role in the metabolic
transformation in cancer cells. The PI3K-AKT-mTOR signalling pathway co-
ordinating with c-Myc and the loss of tumour suppressors (e.g. p53) are also
significant factors involved in cancer metabolism, but are beyond the scope of
this review [5, 24, 33].
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2.3.2 Up-regulation and specific isoform expression of
glycolytic enzymes

As previously stated, the metabolic reprogramming in cancer cells is induced
by the dysregulation of oncogenes, signalling pathways and tumour suppres-
sors. The reprogramming in cancer cells frequently results in the upregulation
of glycolytic flux [5, 23, 24]. This is achieved by alterations in the isoform
expression pattern of glycolytic enzymes and the overexpression of these en-
zymes in cancer cells when compared to the normal differentiating cells [37].
The following subsections, present a description of the modifications and up-
regulation of key glycolytic enzymes contributing to the transformed metabolic
behaviour and enhanced glycolytic flux in cancer cells. It should, however, be
noted that the effects induced by specific glycolytic enzymes discussed below,
are not integrated and it is therefore speculative to attribute systemic changes,
such as flux increase to specific enzymes at this point.

2.3.2.1 Hexokinase

Hexokinase (HK) is responsible for the conversion of glucose to glucose-6 phos-
phate: This is the first committed step in glycolysis, which captures glucose
within the cell. HK is a key enzyme in glycolysis as it has been shown to
exert considerable control over the glycolytic flux [37]. Mammalian cells en-
code four isoforms of HK (HK-I, -II, -III and glucokinase). Their expression
is tissue-specific and they exhibit distinct kinetic properties. Oncogene, HIF-
1α, targets the expression of HK-I and transactivates HK-II by interacting
with c-Myc in cancer cells [37, 38]. In cancer cells the more prevalent iso-
form overexpressed is the HK-II, whereas in normal differentiating cells, this
HK-II isoform is primarily expressed in heart, adipose, skeletal muscle and
embryonic tissue [33, 37]. Studies suggest the purpose of overexpression of
HK-II is due to the genome accessibility of the HK-II locus for transcriptional
reprogramming [33].

A unique feature of HK-I and HK-II is their association with the mito-
chondria. Literature has demonstrated that a phosphorylated HK-I or HK-II
can attach to the voltage-dependent anion channel (VDAC) located on the
outer membrane of mitochondria [23, 38]. The binding of HK to mitochondria
confers two potential metabolic advantages: Firstly, it provides HK with mito-
chondrial generated ATP for more efficient glucose phosphorylation. This en-
ables HK-I and HK-II to be less sensitive to G6P product inhibition [37]. Sec-
ondly, it prevents the proapoptotic protein, Bax from binding to the VDAC1
and thus inhibits the cytochrome c (Cyt c) initiated cell apoptosis [23, 38].
Therefore, up-regulation of HK-I and HK-II isoforms contributes to the en-
hanced glycolytic flux but also the malignant properties of cancer cells, due to
HK inhibiting Bax-induced cell death.
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2.3.2.2 Phosphofructokinase

Phosphofructokinase (PFK) catalyses the second committed step in the gly-
colytic pathway, phosphorylating fructose 6-phosphate (F6P) to fructose 1,6-
bisphosphate (F16BP) by transfer of phosphate from ATP. PFK is highly reg-
ulated and considered to be a pivotal enzyme in glycolysis as it is often a major
flux-controlling step [12, 22]. PFK is allosterically regulated by ATP, and cit-
rate acts an a negative-feedback inhibitor, whereas fructose 2,6-bisphosphate
(F2,6BP) and AMP acts as activators [39, 40]. This tetrameric enzyme is
encoded by three different genes in mammalian cells, which express PFK in
either a homo- or hetero-tetramer and, depending on the subunits, as the L,
M or C isoform [40]. Isoforms expressed are also tissue-specific with PFK-L
and C isoforms predominantly expressed in liver and placenta tissue [37, 40].
The PFK-M isoform is primarily located in skeletal muscle tissue, whereas
in other tissues PFK-M is normally expressed as part of a mixture of PFK
isoforms. Similar to hexokinase, the various PFK isoforms exhibit different
kinetic properties. For example, the PFK-L is the least sensitive to citrate
inhibition, and PFK-M has the highest affinity for F6P. Furthermore, PFK-M
has a higher resistance to ATP substrate inhibition in comparison to PFK-C. In
the context of oncogene dysregulation in cancer cells studies have stated that
HIF-1α targets the up-regulation of the PFK-L isoform, although the PFK
isoform expression may differ across cancer cell types [40]. The MDA-mb-231
breast cancer cells favour the up-regulation of the PFK-L isoform, whereas the
HeLa cells predominantly overexpress the PFK-C isoform [40, 41]. Although,
the reason for expression of a specific isoform in cancer cells is unclear, the
overexpression of PFK facilitates an increase in glycolytic flux.

Additionally, mammalian cells express phosphofructokinase-2 or
6-phosphofructo-2-kinase/fructose-2,6-bisphosphatases (PFKFBs) that are re-
sponsible for generating F2,6BP from F6P [22]. F2,6BP is a potent allosteric
activator of PFK-1 as this metabolite relieves inhibitory effects of ATP and
citrate [42]. PFKFB is encoded from four genes and its expression is also
tissue-specific leading to six isoforms with the oncogene-facilitated overexpres-
sion of PFKFB3 being most prevalent in cancer cells, such as breast and
lung cancers [5, 42]. The flux-control of PFK and the PFKFB generated
F2,6BP, further favours an increased glycolytic flux. Interestingly, a recent
study has shown that the PFKFB4 (6-phosphofructo-2-kinase/fructose-2,6-
bisphosphatase 4) isoform is bifunctional and also acts as a protein kinase,
phosphorylating the SRC-3 (oncogenic steroid receptor co-activator-3) pro-
tein. A phosphorylated SRC-3 has been shown to stimulate the increase in
transcriptional activity to sustain malignant properties and tumour metasta-
sis in breast cancer cells [43].
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2.3.2.3 Phosphoglycerate Mutase

Phosphoglycerate mutase (PGM) catalyses the reversible conversion of 3-phos-
phoglycerate (3-PG) to 2-phosphoglycerate (2-PG). PGM is a dimeric enzyme
with two isoforms, PGM1 and PGM2, found in mammalian cells, with the
PGM1 up-regulated in several cancers [37, 44]. Both isoforms require 2,3-
bisphosphoglycerate as co-factor [37]. In addition, PGM is capable of convert-
ing PEP to pyruvate at high PEP concentrations [33]. The reaction is appar-
ently achieved by transferring the phosphate from PEP to a histidine group
located in the active site of PGM [39]. PGM is not a flux-controlling step, how-
ever, it has been shown to facilitate and modulate flux over anabolic pathways
branching from glycolysis, such as the serine synthesis and pentose phosphate
pathways (PPP) [39]. The latter metabolic pathway can be inhibited by 3-PG,
whereas it serves as substrate for the serine synthesis pathway. PGM plays
a role in the control of glycolytic branches into biosynthetic pathways and is
therefore key in sustaining tumour cell proliferation and growth [39].

2.3.2.4 Pyruvate Kinase

Pyruvate kinase (PK) catalyses the last committed dephosphorylation reaction
in glycolysis by transferring the phosphate from PEP to ADP, yielding pyru-
vate and ATP. In mammalian cells there are two isoforms of PK: PKM1 which
is prevalent in skeletal muscle, heart and brain tissue, and PKM2 predomi-
nantly expressed in embryonic stems cells and leukocytes, of the two isoforms,
the PKM2 is targeted by HIF-1α for overexpression in tumour cells [37, 45, 46].
The difference in kinetic properties between in M1 and M2 isoforms are:
M1 is active constitutively whereas M2 is subject to extensive regulation by
phosphorylation, the enzyme′s conformational state (tetrameric or dimeric)
and allosteric activation by serine and the upstream metabolite, fructose 1,6-
bisphosphate (F16BP) [33, 46]. Moreover, the dimerization of PKM2 is in-
duced by protein interactions with tyrosine-phosphorylated-protein peptides
and oncoproteins, changing the conformation from highly active tetrameric
enzyme to a less efficient dimeric state [37, 46]. This triggers the release of
allosteric activators and thus reduces PKM2 activity. The PKM2 isoform with
reduced enzyme activity is frequently observed in cancer cells [37].

Literature describes that tumour cells express the M2 isoform to regu-
late the relationship between glycolysis and providing precursors for anabolic
subsidiary pathways, such as the serine pathway [47]. A high concentration
of serine serves as an PKM2 activator, channelling more pyruvate to lactate
dehydrogenase (LDH). However, under low serine concentration the PKM2 ac-
tivity decreases and this results in the accumulation of glycolytic intermediates
for anabolic pathways [39, 47]. Xie et al. [48] implied that a key function of
PKM2 as well as of LDH is to rapidly drive upstream glycolytic intermediates
through to lactate. Irrespective of the inhibitory effects causing conformational

Stellenbosch University  https://scholar.sun.ac.za



CHAPTER 2. LITERATURE STUDY 12

changes, PKM2 activity within tumour cells still exceeds that of the glycolytic
flux [48]. Despite the role that PKM2 plays in glycolysis, the enzyme is not a
’rate-limiting step’ nor does it have significant control over the glycolytic flux
in cancer cells [12, 37].

2.3.2.5 Other glycolytic enzymes

In the subsections above we addressed the key glycolytic enzymes and are
targeted for up-regulation and either exert significant flux-control or fulfil a
unique role in cancer metabolism. The expression of numerious other gly-
colytic enzymes is elevated by oncogenes. The oncogenes, namely HIF-1α,
c-Myc and K-Ras are known to up-regulate the expression of various gly-
colytic enzymes [49, 50]. Some glycolytic enzymes have multifaceted roles,
which could be the reason for their overexpression. The up-regulation of PGI,
PGK and ENO-α are such examples, as they contribute to the cell prolifera-
tion and metastatic properties. The aldolase A isoform and TPI is frequently
overexpressed in cancer cells. Overexpression of TPI has been postulated to
prevent methylglyoxal production from DHAP accumulation that might occur
from the enhanced glycolytic flux, given that methylglyoxal has anti-cancer
features [49]. GAPDH and the LDH-A isoform are also up-regulated in cancer
cells [51]. These two enzymes serve a multitude of functions, where a phospho-
rylated LDH-A along with GAPDH facilitates destabilization of DNA-double
helix and together functions as a transcription factor [51]. The LDH-A iso-
form consists of four M subunits and is usually up-regulated in cancer cells by
HIF-1/2α , c-Myc and K-ras. Further, the LDH-A isoform possesses the high-
est affinity for pyruvate [49, 50]. Taken together, the up-regulation of these
enzymes could potentially contribute to the enhanced glycolytic flux in cancer
cells, despite their apparent low flux control.

2.3.2.6 Transporters associated with glycolysis

Some metabolite transporters play a pivotal role in glycolysis and are up-
regulated in concurrence with the glycolytic enzymes in most cancer cells. This
subsection will briefly discuss the role of transporters although it is not the
focus of this study. The glucose transporters (GLUTs) and monocarboxylic
transporters (MCTs) are the most notable transporters up-regulated in the
enhanced glycolysis of cancer cells. GLUTs modulate the influx of glucose and
other sugars across the plasma membrane into the cell. Numerous isoforms
are expressed in mammalian cells but only four GLUT isoforms (GLUT1 – 4)
favour the transport of glucose [37]. Similarly to the intra-cellular enzymes, the
specific isoform expression pattern of transporters is tissue-specific. Expression
of GLUT1 and 3 isoforms is targeted by HIF-1α for overexpression and insulin-
sensitive GLUT4 isoform is downregulated in tumour cells [37]. Hence, the
GLUT expression pattern in cancer leads to an increased influx of glucose for
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the enhanced glycolytic pathway that is also largely independent of insulin
stimulation [37, 52].

MCTs are also important to maintain glycolytic flux. There are 4 iso-
forms MTCs (MCT1 – 4) responsible for the H+ coupled efflux of lactate. The
MCTs are symport transporters, and the direction of transport is dependent
on the gradient of protons and monocarboxylate. Regardless, most cancer
cells generate large amounts of lactate, which generally results in the efflux of
lactate. The oncogene HIF-1α triggers the overexpression of MCT4 and c-Myc
the overexpression of MCT-1 in cancer cells. Inhibition of both MCT1/4 was
demonstrated to obstruct cell growth as lactate build-up resulted in a cyto-
static effect, whereas, the up-regulation of MCT4 has been demonstrated to
significantly increase glycolytic flux [12, 36]. Research has established that
glucose import and lactate export exert a substantial control over the gly-
colytic flux [12]. Therefore, overexpression of GLUT1/3 and MCT1/4 are key
elements in aerobic glycolysis.

2.3.3 Glutaminolysis

Glutamine is the second most important growth-supporting carbon source af-
ter glucose, and glutamine is required to sustain rapid cell proliferation as the
absence of glutamine has shown to result in cell arrest [2, 53]. Rapidly pro-
liferating cancer cells show an elevated glutamine influx rates and sometimes
become dependent on glutamine, known as glutamine addiction, however, this
characteristic is not universal [54]. An increase in glutaminolysis flux is stimu-
lated by c-Myc upregulation, and K-Ras has been shown to be responsible for
the decoupling of the glycolysis and glutamine metabolism [24, 50, 54]. The
up-regulation of glutamine transporters, glutaminase and glutamate dehydro-
genase attribute to high glutamine influx.

Glutaminolysis provides the necessary carbon molecules in the form of α-
ketoglutarate for TCA anaplerosis. The glutamine-derived carbon is either
designated to generate aspartate for anabolic subsidiary pathways or OX-
PHOS [49]. However, in cases where glutamine is consumed in excess, ala-
nine and lactate production is favoured instead of complete oxidation. The
glutamine-derived nitrogen is assimilated into biosynthetic pathway, e.g. nu-
cleotide and amino acid production, and when there is a surplus of glutamine-
derived nitrogen, it is secreted as alanine and ammonia [55]. DeBeraridinis
et al. [55] postulated that the glutamine metabolism is to conserve TCA and
mitochondrial activity in c-Myc reprogrammed cells by supplying glutamine-
derived oxaloacetate. Glutamine therefore functions as a carbon source for
anaplerotic precursors, provides nitrogen source for biosynthesis, function as
an additional free energy source and is a requirement for growth and rapid pro-
liferation of cancer cells [55]. Glutaminolysis will, however, not be explored
further in this project.
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2.4 Mathematical modelling of metabolism
As is clear from the previous section, many changes in enzyme kinetic param-
eters can occur in cancer cells and to integrate the effects of these changes,
mathematical models can play an important role. There are different modelling
approaches in systems biology, e.g. top-down and bottom up approaches and
the mathematical models that describe metabolism can differ in complexity,
scale and level of detail [6]. In the current study, we applied the bottom-up
approach to investigate metabolism.

The kinetics of each enzyme catalysed reaction in the pathway is charac-
terised by fitting mechanistic rate equations to the data from isolated enzyme
kinetic assays. The best-known mathematical description of enzyme kinetics
is the Michaelis-Menten rate equation:

v =
Vmax · S
Km + S

(2.1)

Here v is the rate at which the enzyme converts substrate to product and
Vmax, is the maximal specific activity, S the substrate concentration and Km is
known as the Michaelis constant. The Km equals the substrate concentration
at 1

2
Vmax. The Michaelis-Menten description of reactions can be expanded

to include reversible multi-substrate and product reactions with inhibitors.
However, this description cannot be used for enzymes with cooperative binding
kinetics. The Monod-Wyman-Changeux (MWC) transition model is suitable
to describe the kinetics of cooperative enzymes, such as PFK and PK. Marzen
et al. [26] provide further background on MWC models and their application
in biological systems.

Classic enzyme kinetic characteristic experiment can be used to parametrise
the rate equation. These experiments typically involve determining initial rate
kinetics by providing substrate and/or product to an enzyme and measuring
the reaction rate by directly or indirectly measuring the rate of appearance of
a product or disappearance of a substrate. To obtain a consistent and realistic
model these experiments must be performed under conditions that mimic the
cytosolic environment [9]. The parametrised rate equation form the basis for
the construction of a well-defined system of ODEs representing each metabolite
in the system and whose integration yields the concentration of metabolites
as a function of time [56]. ODE-based mathematical models are widely used
for biological systems, e.g. glycolytic models of yeasts and various mammalian
cell models [8, 9, 50]. Typically, ODE-based metabolic models are validated
using independent experiments of intermediate metabolite concentrations in
the complete intact system and comparing this to model predictions.
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High-throughput data or ′omics′ information can also be used to validate
detailed kinetic models. Metabolomics provides large-scale data similar to
other ′-omics′ but involves the identification and quantification of metabolites
present within a cell/organism. An array of strategies can be implemented
to procure metabolome data, e.g. metabolic profiling. The quantification
of metabolites is primarily determined using spectroscopic and separation-
based-techniques, which is often coupled to a mass spectrometer. A more
reliable approach, is the tracer-based metabolomics, which, as the name sug-
gests, utilises stable isotopes such as 13C-labelled substrate to trace the flux
within a biological system. By converting the metabolomic data to fluxomic
data the flux of metabolites through the system can be determined. One can
describe metabolomics as capturing a moment of all the present metabolites
at a given time, whereas fluxomics captures the dynamics of metabolism in
a time-dependent fashion. Although these strategies have limitations, they
are suitable for analysis of the glycolytic pathway. Flux dynamics based on
metabolomics can be useful for the validation of mathematical models or their
construction (as is the case with mesoscale models). In the present study, in-
tegrated metabolomic data is used to validate the detailed kinetic model that
is constructed.

Once a model has been constructed and validated, metabolic control anal-
ysis (MCA) can be used to quantify the control that an individual element has
on variables in the metabolic network [28]. Classic MCA requires the model to
simulate an open system, which is achieved by clamping particular variables
leading to constant reaction rates and steady-state metabolite concentrations,
for further background refer to [11, 28]. MCA refutes the notion of a ′′rate-
limiting step′′, implying that altering a single step would change the flux of
the pathway equivalently and adjusting the activity of other enzymes would
have no effect on the system [8]. Although, this phenomenon does sometimes
occur, in most cases flux-control is distributed across various enzymes in the
pathway but not necessarily equally distributed.

MCA defines three types of coefficients; control coefficient, elasticity coef-
ficient and response coefficient. The flux control coefficient is defined as the
effect that a fractional change in the rate of an enzyme, v, has on the flux of
the pathway, J, or the steady-state concentration of a metabolite, S. This can
be defined as either change in flux or metabolite concentration, but for the
purpose of simplicity only the former will be used here:

CJ
v =

d ln J

d ln v
(2.2)

The degree to which an effector or parameter, p can alter the enzyme rate,
v in the system is known as the elasticity coefficient and is mathematically
expressed as:

εvp =
∂ ln v

∂ ln p
(2.3)
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Lastly, the response coefficient, which combines the flux-control and elasticity
coefficients, is defined as the fractional change in the steady-state of the system
as a result of fractional change in an effector or parameter, p. The response
coefficient is mathematically expressed as:

RJ
p =

d ln J

d ln p
= CJ

v · εvp (2.4)

Among the coefficients discussed, the control coefficient is the most ap-
plicable to this thesis and the model examples presented in the subsection
that follows. A control coefficient can determine the magnitude to which the
perturbation of an enzymatic step will change the steady-state of the system.
Hence, using MCA, researchers can identify the major flux-controlling reac-
tion(s) within a metabolic network. Accordingly, the application of MCA has
garnered interest as a tool for the development of drug therapies for cancer
treatment, the rational being that these drugs activate or inhibit an enzyme
that has a large control over the flux in disease associated pathways .

2.4.1 Modelling glycolysis in cancer cells

Marin-Hernandez et al. [8] constructed mathematical models based on detailed
kinetic information, but also fluxomics data to investigate aerobic glycolysis
in HeLa cervix cells and AS-30D rat hepatoma cells. The kinetic data was
obtained experimentally from coupled enzyme assays conducted on the cell ex-
tract of the two cell lines, and subsequently parametrised enzyme kinetic rate
equations based on Michaelis-Menten mechanisms and employed the MWC
transition model where applicable (PFK and PK). They also studied enzymes
activities in ancillary pathways, e.g. transaldolase, transketolase and glucose
6-phosphate dehydrogenase in the pentose phosphate pathway (PPP). ODEs
were applied to solve for the glycolytic intermediate concentration as a function
of time. The model simulated the steady-state of glycolysis at physiological
glucose and hypoglycaemic conditions in AS-30D, and the HeLa cell line un-
der hypoxic and normoxic conditions. In addition, the researchers determined
the flux control distribution across the various enzymes in the pathway via
MCA under the different conditions. They simulated intermediate steady-
state concentrations and validated the simulated results, by using the control
distribution results obtained via elasticity analysis as their reference param-
eters. The same group further investigated the effect that an alteration in
isoenzyme expression pattern under various glycaemic conditions (2.5, 5 and
10 mM glucose) has on the flux distribution among glycolytic enzymes [57].
Similar to their previous work, they examined steady-states and flux-control
among the various enzymes in the HeLa cell line and to a limited extent in
MCF-7 breast cancer cells. Both studies used MCA to determine control coef-
ficients by simulating and conducting enzyme titration experiments to identify
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which enzymes may reduce flux in glycolysis and serve as potential drug tar-
gets. Interestingly, they found that the expression pattern changes under the
various glucose conditions, which in turn slightly changed the flux-control dis-
tribution [8, 57]. Similarly, Shestov et al. [10] constructed a detailed kinetic
cancer cell model, performed perturbation experiments, MCA and integrated
the model with metabolomic data. They found that at a high F16BP con-
centration, GAPDH is the step in aerobic glycolysis with the most control.
Interestingly, this would imply that GAPDH could serve as a target to limit
the flux through aerobic glycolysis.

In addition to the detailed kinetic models, a mathematical model was
constructed that incorporates omics (fluxomics and transcriptomics) to sim-
ulate the oncogenic K-Ras induced decoupling of the glucose and glutamine
metabolism in the K-Ras transformed NIH3T3-derived cell line [50]. Authors
of the study used 13C-metabolic flux analysis and non-targeted tracer fate de-
tection, including transcription information to study how K-Ras may govern
the up-regulation and decoupling of glycolysis from oxidative TCA. Tanner et
al. [12], by using metabolomics data and MCA, identified that glucose import
and phosphorylation, F16BP production and lactate export exert the largest
flux-control on glycolysis and that no lower glycolytic enzymes do. To do this
they systematically overexpressed each glycolytic enzyme and measured the ex-
tent to which glycolytic flux affected. There are numerous other examples of
detailed kinetic models and mesoscale models found in the literature [9, 56, 58–
60].

2.4.1.1 Targeting metabolism for cancer therapy

Inhibiting metabolic pathways, particularly central carbon metabolism (gly-
colysis), as a feasible anti-cancer strategy, requires certain conditions to be
fulfilled. The potential drug should be detrimental to the intended tissue with
minimal effects in healthy cells. Tumour cells are similar to the normal tissue
from which they originated. This presents a potential obstacle as the similarity
in enzymes, could lead to toxicity of a drug in healthy cells. Hence, targeting
metabolism as an anti-cancer approach depends on whether normal prolifer-
ating cells subjected to inhibition of a specific step in the pathway would be
negatively affected.

Numerous drugs already exist that target transporters and enzymes in
glycolysis. An example is 2-Deoxyglucose (a competitive inhibitor) targeting
GLUTs and HK-II, which plays a pivotal role in the aerobic metabolism of
cancer cells [2, 61]. But glycolysis is a central pathway in all cells and the
dose required to inhibit flux in cancer cells could also be damaging to host tis-
sues. Additionally, a drug used in diabetes treatment, metforming (an AMPK
activator), inhibits mitochondrial complex 1 in OXPHOS thereby preventing
ATP production. This results in cell death when glucose availability is inade-
quate to sustain glycolysis. This drug is currently undergoing clinical trails for

Stellenbosch University  https://scholar.sun.ac.za



CHAPTER 2. LITERATURE STUDY 18

cancer treatment [2]. Evidence suggests targeting aerobic glycolysis in cancer
requires multiple drug targets for the drug to be effective. Interestingly, it has
been documented that OXPHOS is up-regulated when glycolysis is inhibited,
therefore the metabolic plasticity of cancer cells is a noteworthy obstacle to
overcome for metabolism to be a viable option for cancer treatment. How-
ever, this also highlights the investigative tools that can be utilized to identify
potential drug targets [5].

Systems biology strategies are appropriate tools to analyse cancer meta-
bolism, which would provide the necessary interpretation of the metabolic be-
haviour to detect vulnerabilities in the system [2]. As stated previously, MCA
quantitatively describes the degree of control each enzyme exerts on the path-
way flux. If control mechanisms in normal proliferating cells differ from those in
malignant tumour cells, it presents an opportunity to employ a network-based
selective drug that exploits the vulnerabilities in cancer metabolism without
damaging the host [29]. This principle of differential control analysis has been
demonstrated in vitro with a co-culture of Tropanosoma brucei parasites and
erythrocytes [29]. The variation in flux-control distribution between T. brucei
and erythrocytes was sufficient for selective network-based targets. Inhibit-
ing GAPDH and GLUTs significantly reduced the glycolytic flux of T. brucei
without being toxic to the erythrocyte metabolism [29]. By extension, this ap-
proach could be applied for the treatment of cancer, to develop new drugs or
re-purpose existing drugs for network-based selectively to target cancer while
minimising damage to host tissues.

2.5 Summary
In Chapter 2 we reviewed mechanisms that contribute to the enhanced gly-
colytic pathway observed in cancer cells and mathematical models employed
to investigate cancer metabolism. We also highlighted the potential impact
that the up-regulation of glycolytic enzyme and isoform expression patterns
may have on glycolysis.

Following this, we discussed studies utilising models to describe metabolism
in cancer, where experimental data, and mathematical models and tools were
combined to simulate and probe the dynamic behaviour of metabolism. In
conclusion, using mathematical tools to investigate cancer metabolism could
give further insight into its dynamic behaviour and potentially serve as a tool
to develop sensible drug therapies for cancer treatment. Specifically, the dif-
ferential control analysis method applied in [29] to distinguish between cancer
cells and normal cells based on MCA seems promising.
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Methodologies

3.1 Tissue culture and harvesting protocol
MDA-mb-231 freezer stocks were kindly provided by Prof. Donita Africander
(Stellenbosch University), and the MCF-7 cell line was donated by Karen van
Eunen (Faculty of Medical Sciences at the University of Groningen). MDA-
mb-231 and MCF-7 human breast adenocarcinoma cells lines were cultured in
low-glucose DMEM (ThermoFisher) (1 mg/mL) growth media, supplemented
with 10% v/v fetal bovine serum (FBS) (Gibco), 2 mM L-glutamine (Sigma-
Aldrich) and 2% v/v 100 mg/L glucose solution (Gibco), but no PenStrap was
added. Cells were incubated at 37°C in a humidified atmosphere (5% CO2) as
stationary monolayer cultures. The MDA-mb-231 and MCF-7 cell lines were
screened for mycoplasma infection. Both cell lines tested negative.

Cells were grown until 80 – 100% confluence was achieved before cells were
harvested. A trypsinisation method was employed to harvest cells in an at-
tempt to keep cells intact. In this protocol cells were detached from the culture
surface after ± 5 min via 10% v/v Trypsin-EDTA (Sigma-Aldrich) in PBS so-
lution (Sigma-Aldrich). Subsequently, cells were centrifuged at 60 relative
centrifugal force (RCF) for 3 mins at 4°C, then resuspended in DMEM to in-
activate the trypsin, followed by another centrifugation step. Supernatant was
removed and cells were resuspended in 50 mM Tris/HCL (pH 7.0) and cen-
trifuged (at 60 RCF for 3 mins at 4°C), this wash step was performed twice.
Upon completion, the pellet was resuspended in Tris/HCL (pH 7.0) supple-
mented with 1 mM PMSF (Phenylmethylsulfonyl Fluoride) (Sigma-Aldrich)
and 1 mM DTT (Dithiothreitol) (Sigma-Aldrich) and stored in -80 °C. The
harvesting protocol for the 14C-labelled time-course experiment will be high-
lighted in Section 3.7. All the experiments were performed within the first 3
– to – 5 passages after thawing the MCF-7 and MDA-mb-231 cell lines. The
total passage for the MDA-mb-231 and MCF-7 cell line did not exceed 77 and
12, respectively.

19
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3.2 Lysate Preparation
Cytosolic extracts were prepared to perform enzyme assays. The cell lysate
was obtained by adding Triton X-100 (Unitek) to the whole-cells harvested
(at a final concentration of 0.1 % v/v Triton X-100). Cells were centrifuged
at 20 817 RCF for 15 minutes at 4°C. The collected supernatant contains
the enzymes required to perform assays and these cell extracts were either
immediately used for experiments or briefly stored on ice (no longer than 4 h)
before conducting experiments.

3.3 Bradford Protein Determination
Bradford protein determination was conducted to measure the protein concen-
tration in each MDA-mb-231 and MCF-7 cell extract to normalise experimen-
tal data [62]. For this assay a standard linear range (0.007 – 1.0 mg/mL) was
generated by using Bovine Serum Albumin (BSA) (Sigma-Aldrich). The cell
lysates were diluted with MilliQ H20 to fall within this range and absorbance
was measured at 450 nm and 595 nm spectrophotometrically.

3.4 Enzyme Characterisation

3.4.1 Coupled-enzyme assays

All glycolytic enzyme activities were characterised in vitro, i.e. performed on
cytosolic extract to determine maximal specific activity and rate constants
for each substrate, product and co-factor. These enzyme activity determina-
tion protocols were adapted from Teusink et al. [9]. The forward and reverse
reactions were performed in assay buffer (0.1 M Tris pH 7.0, 15 mM NaCl,
0.14 mM KCl, 0.5 mM CaCl2, supplemented with 5 mM Phosphate Buffer
pH 7.0) at 37°C by measuring the NAD(P)+ reduction or NADH oxidation at
340 nm in a spectrophotometer(BMG LABTECH SPECTRstarNano) using 96-
well microtiter plates(Greiner). The spectrophotometer measures the change
in absorbance over time (∆ A/min at 340 nm). However, enzyme catalytic
activity is expressed as U that is defined as the unit of enzyme required to
catalyse the conversion of 1 µmol substrate per min (µmol/min). Therefore,
the absorbance data was converted from ∆A/min to µmol/min by using the
Beer Lambert law, A = εcl. From this equation a rate can be determined
using Eq. 3.1: Here, Tvol is the total volume in the assay well, (ε) the extinc-
tion coefficient of NADH (6.22 cm-1.mM-1), ` is the optical path length and
the Tprot protein concentration of the cell extract determined via the Bradford
protein determination assay. To therefore obtain the enzyme specific activity
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(U/mg).

rate =
c

min
=

(∆A/min) · Tvol
Tprot · εNADH,340nm · `

(3.1)

Not all reactions directly consume or product NAD(P)H. In such a case the
enzyme of interest is coupled via a common intermediate to one or more en-
zymes that lead to NAD(P)H production or consumption. For this study we
employed coupled enzymes that had a final concentration of 5 U/mL. All re-
actions were determined under initial-rate conditions (i.e. the concentrations
of substrate and products remain sufficiently constant by experimental design)
and pre-heated to 37°C before initiating with substrate or co-factor. The total
volume in each well was 100 µL for all enzyme characterisation experiments.
For the controls, the varying component was not added to the microtiter plate
well and for characterisation of bi-substrate enzymes, one substrate remained
at a fixed concentration whilst the other was being varied and vice-versa. Fur-
thermore, magnesium was added to the reaction mixture whenever adenosine
phosphates were used in the assay. The concentration of Mg2+ was kept 2-fold
greater than the adenosine phosphate concentration used. All the enzymes
and reagents used in the characterisation (flux and validation) experiments
were obtained from Sigma-Aldrich unless stated otherwise.

For reference, the following enzymes and metabolites abbreviations are de-
fined: AK, adenylate kinase; ALD, aldolase; ENO, enolase; GAPDH/G3PDH,
glyceraldehyde 3-phosphate dehydrogenase; HK, hexokinase; G6PDH, glucose-
6-phosphate dehydrogenase; LDH, lactate dehydrogenase; PFK, phosphos-
fructokinase; PGI, phosphoglucoisomerase; PGK, phosphoglycerate kinase;
PGM, phosphoglycerate mutase; PK, pyruvate kinase; TPI, triosephosphate
isomerase; GLC, glucose; G6P, glucose 6-phosphate; F6P, fructose 6-phosphate;
F16BP, fructose 1,6-bisphosphate; GAP, glyceraldehyde 3-phosphate; DHAP,
dihydroxyacetone phosphate; B13PG, bis 1,3-phosphoglycerate; 3-PG, 3-phos-
phoglycerate; 2-PG, 2-phosphoglycerate; PEP, phosphoenolpyruvate; PYR,
pyruvate; LAC, lactate; 2,3-BPG, 2,3-bisphosphoglycerate.

Adenylate Kinase: The forward reaction was characterised by conversion
of ADP (0 – 20 mM) to ATP and AMP, and coupling the reaction to hex-
okinase and G6DPH in the presence of GLC (2.5 mM) and NADP+ (1 mM).
The reverse reaction of adenylate kinase is a bi-substrate reaction therefore
one substrate was kept fixed at saturating concentrations while varying the
concentration of the other. To achieve characterisation of the reverse reaction
the ATP (0 – 10 mM) and AMP (0 – 10 mM) conversion to ADP was linked
to PK and LDH in the presence excess of NADH (1 mM) and PEP (1 mM).

Hexokinase: The phosphorylation reaction converting GLC (0 – 10 mM)
to G6P by utilising ATP (0 – 7.5 mM) was assayed by coupling the reaction
to G6PDH in the presence of NADP+ (1 mM), allowing for its reduction via
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G6PDH. Furthermore, ADP (0 – 20 mM) and AMP (0 – 20 mM) inhibition
was also characterised by varying inhibitor concentration while substrates con-
centrations remained fixed.

Phosphoglucoisomerase: The forward reaction was assayed by coupling
the reaction to PFK, ALD, TPI and G3PDH, including the required co-factors
ATP (4 mM) and NADH (1 mM). The reaction was initialised with G6P (0 –
35 mM). The reverse reaction converted F6P (0 – 32 mM) to G6P, which was
coupled to G6PDH, allowing for the reduction of NADP+ (1 mM).

Phosphofructokinase: Characterisation of this phosphorylation reaction
was performed by varying concentrations of F6P (0 – 30mM) or ATP (0 – 10
mM). This reaction was coupled to TPI, ALD and G3PDH, whereby NADH
was oxidised. In addition, PFK inhibition by AMP (0 – 8 mM) and ADP (0 –
5 mM) was also determined under constant concentrations of F6P (10 mM).

Aldolase: The forward reaction splitting F16BP (0 – 10 mM) to DHAP and
GAP was assayed coupling the reaction to TPI, G3PDH and provided the
required co-factor, NADH (1 mM) for the indicator reaction.

Triosephosphate Isomerase: Characterisation of this enzyme catalysed
reaction was performed in only the reverse direction, GAP (0 – 10 mM) to
DHAP and linked to G3PDH in the presence of NADH (1 mM).

Glyceraldehyde 3-Phosphate Dehydrogenase: This reaction was as-
sayed in the reverse direction facilitated by coupling the reaction to PGK
and initialised with 3-PG (0 – 60 mM) and ATP (4 mM) leading to 1,3-BPG
formation. This allowed for the conversion of 1,3-BPG to GAP by oxidation
of NADH (0 – 1 mM).

Phosphosglycerate Kinase: Characterisation of the reverse direction was
performed via coupling the enzyme to GAPDH, to determine PGK′s kinetics
for ATP (0 – 10 mM) and 3-PG (0 – 10mM), similar to the assay for GAPDH
described above.

Phosphosglycerate Mutase: The forward reaction was coupled to ENO,
PK and LDH in the presence of 2,3-BPG (2 mM), NADH (1 mM) and ini-
tialised with varying concentrations of 3-PG (0 – 10 mM). The reverse reaction
converting 2-PG (0 – 20 mM) to 3-PG was coupled to PGK and GAPDH in
the presence of ATP (4 mM), NADH (1 mM) and 2,3-BPG (2 mM).
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Enolase: The forward direction was assayed by linking the reaction to PK
and LDH in the presence of co-factors, NADH (1 mM) and ADP (4 mM). The
reaction was initialised by varying concentrations of 2-PG (0 – 20 mM).

Pyruvate Kinase: Characterisation of the enzyme was performed in the
forward direction by coupling the reaction to LDH in the presence of NADH
(1 mM) serving as the indicator reaction, and varying the ADP (0 – 30 mM)
or PEP (0 – 20 mM) concentration. Inhibition by PEP and ATP (0 – 5 mM)
was also determined.

Lactate Dehydrogenase: The forward reaction was assayed by varying ei-
ther NADH (0 – 1 mM) or pyruvate (0 – 20 mM). Characterisation of the
reverse reaction was achieved through reduction of NAD+ in presence of vary-
ing concentration of either NAD+ (0 – 1 mM) or LAC (0 – 120 mM).

3.4.2 Fitting to kinetic data

A mechanistic rate equation that describes a particular enzyme′s kinetics was
fitted to all the kinetic data collected from its isolated experimental character-
isation assays. Experiments were conducted to determine the substrate and
product affinity constants for each enzyme. Fitting was performed using the
NonlinearModelFit function in Wolfram Mathematica ver. 12.

3.5 Model construction and simulation
The MDA-mb-231 model was constructed using Wolfram Mathematica ver.
12. Fitted rate equations were incorporated into ordinary differential equations
(ODEs) and the NDsolve function was used to solve these ODEs.

3.6 Flux analysis assay
Glycolytic flux determination was conducted on whole MDA-mb-231 and MCF-
7 cells. The change in extracellular glucose and lactate concentrations over
time was used to calculate the flux through glycolysis. Cells were grown to
± 80% confluence according to culturing protocol previously mentioned (Sec-
tion 3.1). The media was decanted, washed and replaced with low-glucose
(1 mg/mL glucose) DMEM. Growth media samples were collected (0.5 mL)
from T175 cm3 flasks (Nest) over the course of 0 – to – 9 hours. Immediately
thereafter, cells were harvested and both the flux and cell protein samples were
stored at -20°C. Glucose and lactate determination assays were conducted on
flux samples collected. A hexokinase-G6PDH coupled assay was performed to
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determine the glucose concentration by converting glucose to G6P and sub-
sequently, G6P to 6-PG through the reduction of NADP+ via Hexokinase
and G6PDH, respectively. Assay mixture (0.1 TRIS/HCl buffer pH ± 8.0, 2
mM mg.ATP, 4 mM NADP+, 4 mM MgCl2, 20 U/ml hexokinase, 25 U/mL
G6PDH) was added to flux samples and the absorbance was read spectropho-
tometrically at 340 nm. For lactate determination assays, LDH was utilized
to convert lactate into pyruvate by reduction of NAD+. The reaction mixture
that was added to the flux sample contained 1 x PBS, 5 mM NAD+, 12.5
U/mL LDH and 2.5% v/v Hydrazine. Both glucose and lactate determination
assays were measured spectrophotometrically at 340 nm and data was nor-
malised to mg.total protein, which was determined by performing a Bradford
determination assay.

3.7 14C – glucose isotopic labelling experiment
MDA-mb-231 cells were cultured and maintained as previously described (Sec-
tion 3.1), however the harvesting protocol was modified, with cells being re-
suspended in assay buffer (0.1 M Tris pH 7.0, 15 mM NaCl, 0.14 mM KCl,
0.5 mM CaCl2) supplemented with 1 mM DTT and 1 mM PMSF. The lysate
was prepared as described in Section 3.2. Thereafter, a pre-test on harvested
lysate was conducted to determine viability and glucose time-dynamics to es-
tablish cytosolic reaction sampling times. For the test, lysate was mixed with
sampling buffer and supplemented with 1 mM PMSF, 1 mM DTT, 5 mM phos-
phate buffer and 2.5 mMMgSO4 and pre-heated to 37°C before initialising with
substrate and co-factors (final concentration of 1 mM Glc, 2 mM ATP and 1
mM NAD+). Once lysate viability and glucose time-dynamics were determined
the 14C-glucose isotopic labelling assay was performed. The remaining lysate
(5 mg of protein) was mixed with sample buffer (1 mM PMSF, 1 mM DTT,
5 mM phosphate buffer and 2.5 mM MgSO4) and pre-heated to 37°C. There-
after, glycolysis was initialised with a mixture of 0.5 mM 14C-glucose (AEC
Amersham), 0.5 mM unlabelled glucose, 2 mM ATP, 1 mM NAD+. Upon
initialising the reaction, a cell sample was withdrawn (time 0) and subsequent
cell samples were withdrawn at appropriate time points as determined by glu-
cose time-dynamics. Immediately thereafter samples were thoroughly mixed
with perchloric acid (final concentration of ± 9% v/v) and placed on ice for
10 min before being neutralized with 1 M K2CO3 and centrifuged at 20 817
RCF for 15 min at 4°C. The supernatant was collected and stored at -20°C
until HPLC analysis, to determine the change in metabolites and co-factors
over the various time samples collected.
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3.7.1 Ion-Pairing Reverse High Performance Liquid
Chromatography

We used an in-house developed Ion-Pairing Reverse HPLC method to quan-
tify 14C-glycolytic intermediates and co-factors in MDA-mb-231 cells, to val-
idate the constructed glycolytic model. For this a liquid chromatography
(SpectraSYSTEMHPLC) system was coupled in series to the SpectraSystem
UV6000LP UV-Vis and LabLogic β-RAM model 5 radiolabelled detector. A
reverse phase Phenomenex Luna C18 column (5 µm) was utilised to separate
metabolites. Mobile phase A (MPA) was 25 mM tetrabutyl ammonium bis-
sulfate in water adjusted to a pH of 7.3 (± 1), and mobile phase B (MPB) was
2.5% v/v water in acetonitrile. The injection volume for all samples was 10 µL.
A linear gradient was utilized as follows: 0 – 4.5 min, 95% MPA and 5% MPB;
5 – 12 min 70% MPA and 30% MPB; 13 – 20 min 95% MPA and 5% MPB.
The flow rate was 1 mL/min for the total run time of 20 min. Column effluent
was measured at 254 nm by UV-Vis detector and thereafter mixed with scin-
tillation fluid in a 3:1 ratio for the radiolabelled detector. The radiolabelled
detector then initiated measurement 1 min after injection and terminated at
a runtime of 13 min.

3.7.2 Quantification of glycolytic intermediates and
co-factors

The peaks of co-factors and glycolytic intermediates were quantified via UV-
Vis detector and linked radiolabelled detector, respectively. The radiolabelled
detector generated a chromatographic trace for each time sample, as shown
in Figure 3.1(a). Each chromatographic trace was quantified to determine
the concentrations from the peak areas as the peaks represent the separated
metabolites. The peak area was estimated by fitting a skewed Gaussian func-
tion using the NonlinearFit function in Mathematica, as depicted in Fig-
ure 3.1(b). This provided a means to quantify the peak areas and determine
the response factor from the initiating 14C-glucose and unlabelled glucose, and
to calculate the concentration of metabolites from the appropriate peak in each
chromatographic trace.

In contrast, co-factor metabolites peaks were quantified using the UV-Vis
detector at 253 nm (see Fig. 3.2(a)). Calibration curves for each co-factor
metabolite (ATP, ADP, AMP, NAD+ and NADH) were prepared in assay
buffer under the same condition as the samples (50% PCA treatment, 1 M
K2CO3 neutralisation and centrifugation) to accurately determine the concen-
trations present in the eluent. Calibration standards for co-factor metabolites
were prepared by a dilution series over a 2.0-to-0.031 mM range. The area
under the peak was determined for the co-factors in each chromatographic
trace using the ChromSolve software tool that is linked to the HPLC analysis
software kit. The area under the peak was plotted against the concentration to
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Figure 3.1: (a) Chromatographic traces of the time-dependent change in 14C-
labelled glycolytic intermediates observed by the radiolabelled detector. Each
colour represents a chromatographic trace at a specific time point where, 0 min
(Black), 30 min (Pink) and 60 min (Purple). (b) Determination of the peak ar-
eas in a chromatographic trace at time 10 min by employing the skewed Gaus-
sian distribution and NonlinearFit functions in Wolfram Mathematica. Each
peak depicts a metabolite that was detected via the LabLogic β-RAM model 5
radiolabelled detector. Metabolites shown are GLC (Black), F16BP(Purple),
DHAP (Orange), 3-PG (Dashed Blue), 2-PG (Dashed Green), LAC (Red) and
an impurity from the labelled 14C-glucose (Dashed Purple).

generate the calibration curve as shown in Fig. 3.2(b). The calibration curves
were utilised to quantify the change in co-factor concentrations over time in
the samples via the UV-Vis detector.
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Figure 3.2: (a) An example of the chromatographic trace for the adenosine
and nicotinamide species. Each colour represents a chromatographic trace
at a specific time point: 0 min (Black) and 15 min (Pink). (b) Description
of the calibration standards measured by the UV-Vis detector (254 nm) to
quantify the concentration of co-factors in the samples. Co-factor standards
were prepared at known concentrations ranging from 1 mM to 0.031 mM for
ADP, AMP, NAD+ and NADH, whereas ATP ranged from 2 mM to 0.063
mM.
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Chapter 4

Results and discussion: Enzyme
Characterisation and Model
construction

This chapter presents the results for characterising all glycolytic enzymes and
constructing a mathematical model of glycolysis in MDA-mb-231. Coupled
enzymes assays were performed to obtain kinetic datasets of each enzyme,
which were used to fit to a single mechanistic rate equation – describing that
particular enzyme’s kinetics. Wolfram Mathematica 12 was employed to fit
the rate equation to the dataset(s). All glycolytic enzymes were characterised,
as well as AK and LDH. Fitting a rate equation on the dataset of each en-
zyme yields parameter values required for model construction. Hereafter, the
rate equations and parameter values are combined into ODEs with each ODE
describing the rate of change of a glycolytic metabolite.

28
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4.1 MDA-mb-231: Glycolytic enzyme
characterisation

4.1.1 Hexokinase

Hexokinase catalyses the phosphorylation of glucose by ATP to glucose-6 phos-
phate and ADP. The forward specific activity and affinity constants for ATP,
ADP, AMP and glucose were characterised. Hexokinase showed ADP product
inhibition as well as AMP inhibition, however, the concentrations of ADP and
AMP required are above 10 mM, which is much higher than the physiological
concentration. Furthermore, hexokinase is an essentially irreversible reaction,
due to its high Keq of 3800 [9], and the kinetic data were based upon an irre-
versible rate equation (Eq. 4.1). The resulting fit is shown in Fig. 4.1 and the
parameter values obtained from the fit are listed in Table 4.1. G6P product
inhibition was not determined due to limitations of the coupled assay method
used. Isolating the enzyme from the lysate would solve the problem, but falls
beyond the scope of this thesis.

vHK =
Vmf· atp

Katp ·
glc

Kglc

(1+ glc
Kglc )·(1+

atp
Katp+

adp
Kiadp )·( 1+

amp
Kiamp )

(4.1)

Table 4.1: Kinetic parameters for hexokinase in MDA-mb-231. Fitted an
irreversible bi-substrate Michaelis-Menten (Eq. 4.1) to the experimental data
and the parameters obtained are shown with mean ± SE.

Parameter Fitted Value Literature Value References
Vf HK(µmol.min-1.mg-1 protein) 0.057 ± 0.0027 0.13 ± 0.0011 [48]
KGLC(mM) 0.096 ± 0.017 0.12 [8]
KATP(mM) 0.89 ± 0.14 1.12 [8]
Ki ADP(mM) 24 ± 8.8 - -
Ki AMP(mM) 8.9 ± 2.1 - -
1Specific activity from Bcap37 breast cancer carcinoma cells
2Affinity constants determined in HeLa cells

The specific activity of hexokinase in MDA-mb-231 is 2-fold lower than that
of the Bcap37 breast cancer cell line, but the affinity constants were comparable
to those in HeLa cells. The majority of cancer cells express the HKI and HKII
isoforms and, therefore it was deemed appropriate to compare the affinity
constants of MDA-mb-231 cells to HeLa cells, despite the differences in their
metabolic profiles [53].
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Figure 4.1: Characterisation of kinetic parameters of hexokinase (HK) in
MDA-mb-231 cells. The hexokinase maximal forward activity and affinity
constants were characterised by fitting a bi-substrate irreversible rate equa-
tion (Eq. 4.1) to the kinetic data. Each panel and symbol (circle, square and
triangle) represent a biologically independent experiment. The blue and or-
ange curves indicate the fits to kinetic data of two different conditions. Grey
bands indicate 95% confidence prediction intervals. The HK activity for (a)
varying GLC was measured at 4 mM (blue) and 1.5 mM (orange) ATP, (b)
varying ATP at 10 mM (blue) and 5 mM (orange) GLC, ADP inhibition of
HK (c) was measured at 1.5 mM ATP and 0.3 mM (blue) or 5 mM (orange)
GLC, HK inhibition by AMP (d) was also measured at 1.5 mM ATP and 0.3
mM (blue) or 5 mM (orange) GLC. Error bars indicate SD of the technical
triplicates.
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4.1.2 Phosphoglucoisomerase

Phosphoglucoisomerase catalyses a reversible reaction that converts glucose-6
phosphate to fructose-6 phosphate. The forward and reverse rate kinetics as
well as the affinity constants (KG6P and KF6P) in PGI were characterised. Both
datasets demonstrated classic Michaelis-Menten behaviour that was fitted to
using a uni-uni reversible rate equation (Eq. 4.2). The upper and lower limits
of the Keq were calculated using the Haldane relation and it was established
that the equilibrium constant in MDA-mb-231 breast cancer cell is greater
than in reported literature [9]. The large variation between two independent
experiments for the forward direction, Fig. 4.2 (a), probably contributes to the
large range for the estimated Keq. More kinetic data would likely narrow the
Keq range and might bring the value closer to the Keq found in the literature.
Table 4.2 shows the values obtained from the fit.

vPGI =
Vmf · g6p

Kg6p
− Vmr · f6p

Kf6p

1+ f6p
Kf6p

+ g6p
Kg6p

(4.2)
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Figure 4.2: Kinetic parameter characterisation of phosphoglucoisomerase in
MDA-mb-231 cells. Assays were conducted to determine the maximal forward
and reverse specific activity and the affinity constants (KG6P and KF6P) by
fitting an uni-uni Michaelis-Menten rate equation to the kinetic data. Panel (a)
and (b) represent the forward and reverse reaction, respectively. Both panels
were determined for independent experiments and display two independent
experiments shown by the symbols (disc and triangle). The saturation curves
are shown with 95% confidence prediction interval (grey region) and error bars
indicate SD of the technical triplicate data.
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Table 4.2: An overview of the kinetic parameters characterised for phosphoglu-
coisomerase in MDA-mb-231. The assayed data were fitted to using a uni-uni
reversible rate equation (Eq. 4.2) to determine the parameters for the forward
and reverse reactions. Values are given as mean ± SE.

Parameter Fitted Value Literature Value References
Vf PGI(µmol.min-1.mg-1 protein) 0.22 ± 0.029 1.2 ± 0.202 [8]
Vr PGI(µmol.min-1.mg-1 protein) 0.55 ± 0.046 0.86 ± 0.421 [48]
KG6P(mM) 0.32 ± 0.30 0.4 ± 0.032 [8]
KF6P(mM) 1.0 ± 0.30 0.052 [8]
Keq(mM) 0.87 - 15 0.314 [9]
1Specific activity from Bcap37 breast cancer carcinoma cells
2Determined in HeLa cells

4.1.3 Phosphofructokinase

Phosphofructokinase catalyses the phosphorylation of fructose-6 phosphate by
ATP to fructose-1,6-bisphosphate. Substrate inhibition by ATP was observed
in all the saturation curves varying ATP concentrations. However, higher F6P
concentrations can decrease the enzyme′s sensitivity to ATP inhibition. Ad-
ditionally, the binding coefficients of ADP and AMP were also characterised
and found that PFK is sensitive to ADP and AMP inhibition. A modified
irreversible bi-substrate Michaelis-Menten rate equation was used to describe
PFK kinetics. The parameters obtained from the fit are shown in Table 4.3
and Fig. 4.3 shows the resulting fits and the kinetic data. However, the rate
equation was unable to fully characterise the role F6P plays in ATP inhibi-
tion. The affinity constant for F16BP could not be accurately determined in
cell lysate. To characterise the different states of the enzymes′ subunits and
cooperative binding would require the MWC equation, which would probably
produce a better fit, especially for ATP, but would require a more complete
kinetic characterisation. For the current study, the following equation was
used:

vPFK =
Vmf· atp·f6p

Katp·Kf6p

(1+ f6p
Kf6p )·(1+

atp
Katp+

adp
Kadp )·(1+

amp
Kiamp+

atp
Kiatp+

atp2

Kiatp2 )
(4.3)
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Figure 4.3: Continues on the following page.

Stellenbosch University  https://scholar.sun.ac.za



CHAPTER 4. CHARACTERISATION AND MODEL CONSTRUCTION 34

Figure 4.3: Kinetic parameter characterisation of phosphofructokinase in
MDA-mb-231 cells. Enzyme assays were conducted to determine the maxi-
mal specific rate and binding coefficients for substrates ATP and F6P as well
as inhibition constants (ATP, ADP and AMP). The irreversible bi-substrate
Michaelis-Menten rate equation was fitted to all the kinetic data to obtain the
parameters in Table 4.3. Each panel and symbol represents an independent
experiment. The coloured curves (blue, orange and green) shown indicate the
different experimental conditions, and the grey region depicts the 95% confi-
dence prediction intervals. Error bars indicate SD of the technical triplicate.
The PFK activity was determined in panel (a) by varying F6P concentrations
at 4 mM (blue) and 1.25 mM (orange) ATP; in panel (b) by varying ATP
concentrations at 5mM F6P. In the case of panel (c) ATP concentrations were
varied at 2 mM (blue), 2.2 mM (orange) and 1.1 mM (green) F6P. For PFK
inhibition by ADP and AMP in panels (d) and (f), respectively, the inhibitor
was varied at 10 mM F6P and 1.25 mM ATP.

Table 4.3: An overview of kinetic parameters obtained experimentally for phos-
phofructokinase in MDA-mb-231 breast cancer cells. The PFK enzymatic data
was fitted using a bi-substrate Michaelis-Menten rate equation to obtain pa-
rameters listed below. Values given as mean ± SE.

Parameter Fitted Value Literature Value References
Vf PFK(µmol.min-1.mg-1 protein) 0.16 ± 0.033 0.033 ± 0.0101 [40]
KF6P (mM) 0.52 ± 0.12 1.03 ± 0.261 [40]
KATP(mM) 0.77 ± 0.33 0.010 ± 0.031 [40]
Ki ATP(mM) 9.8 ± 2.9 - -
Ki ADP(mM) 1.2 ± 0.67 - -
Ki AMP(mM) 12 ± 7.7 - -
1 Determined from MCF-7 breast carcinoma cells

MDA-mb-231 exhibits a more aggressive glycolytic phenotype than MCF-7
cancer cells and the PFK activity being 5-fold higher in the former cell line in-
dicates a significantly higher PFK expression. Zancan et al. [41] demonstrated
that the two cell lines possess a similar PFK isoform expression pattern.
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4.1.4 Aldolase

Aldolase catalyses a reversible reaction that cleaves F16BP into GAP and
DHAP. The enzyme’s binding coefficient for F16BP and forward specific activ-
ity were characterised by fitting a uni-bi Michaelis-Menten equation (Eq. 4.4)
to the enzymatic kinetics of aldolase. Table 4.4 shows the parameter values
obtained from the fit and Fig. 4.4 illustrates the fitted kinetic data. It was not
possible to measure the reaction in reverse direction and literature values were
used for product inhibition and Keq. When compared to HeLa cells, a much
lower specific activity for aldolase was observed in the MDA-mb-231 cells. This
is surprising given its higher flux value.

vALD =
Vmf · f16bp

Kf16bp ·
(

1 − dhap·gap
f16bp·Keq

)
dhap·gap

Kdhap·Kgap + dhap
Kdhap + f16bp

Kf16bp + gap
Kgap + 1

(4.4)
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Figure 4.4: Kinetic parameter characterisation of aldolase in MDA-mb-231 cell
extract. The aldolase maximal specific forward activity and affinity constant
for F16BP were determined by fitting a rate equation (Eq. 4.4) to the kinetic
data. The symbols (filled and empty disc, triangle and square) indicate four
independent experiments. Data points and the grey region represent mean ±
SD of technical repeats and 95% confidence prediction interval, respectively.
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Table 4.4: Overview of kinetic parameters for aldolase in MDA-mb-231. The
kinetic parameters were characterised by fitting an uni-bi Michaelis-Menten
equation to experimental data. Values shown as the mean ± SE.

Parameter Fitted Value Literature Value References
Vf ALD(µmol.min-1.mg-1 protein) 0.056 ± 0.0057 0.20 ± 0.0021 [48]
KF16BP(mM) 0.41 ± 0.15 0.0093 [8]
KGAP(mM) - 0.162 [8]
KDHAP(mM) - 0.082 [8]
Keq(mM) - 0.069 [9]
1Specific activity from Bcap37 breast cancer carcinoma cells
2Affinity constants determined in rat AS-30D hepatoma cells
3Affinity constants measured in HeLa cells

4.1.5 Triosephosphate Isomerase

Triosephosphate isomerase catalyses a reversible reaction that interchangeably
converts DHAP to GAP. The reverse maximal activity and affinity constant
(KGAP) of TPI was characterised. No data was collected for the forward reac-
tion. Kinetics of TPI reaction were fitted to the reversible uni-uni Michaelis-
Menten rate equation (Eq. 4.5). Taking literature values for the parameters
for which no experimental data would be obtained, as shown in Table 4.5. The
activity of TPI displays a typical saturation kinetics (in Fig. 4.5).

vTPI =
Vmr · gap

Kgap(dhap·Keq
gap − 1)

dhap
Kdhap + gap

Kgap + 1
(4.5)

Table 4.5: Overview of kinetic parameters for triosephosphate in MDA-mb-
231 cells. A reversible uni-uni Michaelis-Menten equation was fitted to all the
kinetic data to obtain the kinetic parameters listed below. Values are shown
as mean ± SE.

Parameter Fitted Value Literature Value References
Vr TPI(µmol.min-1.mg-1 protein) 1.7 ± 0.29 3.2 ± 0.121 [48]
KGAP(mM) 1.2 ± 0.52 0.51 [8]
KDHAP(mM) - 1.6 [8]
Keq(mM) - 0.045 [9]
1Determined in Bcap37 breast cancer cells
2 Affinity constants determined in HeLa cells

The specific activity and affinity constant are lower than for the TPI found
in HeLa cells. It is unclear why the enzyme is found to be different between the
two cell lines, as TPI serves the purpose of preventing the build-up of DHAP
that can be converted to methylglyoxal, which would be detrimental to cancer
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Figure 4.5: Kinetic characterisation of triosephosphate isomerase in MDA-
mb-231 cells. The enzyme’s maximal specific reverse activity and binding
coefficient for GAP were characterised by fitting the rate equation (Eq. 4.5)
to the kinetic data. Panel represents two independent experiments. Error
bars are SD of technical triplicates. Model fits are shown with 95% confidence
prediction interval bands (grey region).

cells [49]. However, the activity of TPI is high compared to that of the other
enzymes and the reaction is probably close to equilibrium in the system, and
therefore not limiting the flux.
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4.1.6 Glyceraldehyde 3-Phosphate Dehydrogenase

Glyceraldehyde 3-phosphate dehydrogenase catalyses the reaction of glycer-
aldehyde 3-phosphate and NAD+ to 1,3-bisphosphoglycerate and NADH. The
maximal reverse specific activity for GAPDH was characterised by coupling
the reaction to PGK, which is necessary due to the instability of B1,3PG. In
this assay, the PGK conversion of 3-PG to B1,3PG is assumed to take place at
equilibrium. By using the PGK Keq of 3200 [9], it was possible to calculate the
concentration of B1,3PG from the initial 3-PG and ATP concentrations. A
reversible bi-substrate Michaelis-Menten kinetics equation (Eq. 4.6) was used
to fit the GAPDH kinetic data (displayed in Fig. 4.6). Table 4.6 shows the pa-
rameters obtained from the fit. Due to the large difference in maximal activity
for the B1,3PG and NADH saturation curve, no good overall fit for both ex-
periments was possible. For the forward reaction specific activity of GAPDH
and affinity constants (KGAP and KNAD+) from the Bcap37 breast cancer and
HeLa cells were used, respectively.

vGAPDH =
Vmf · gap·nad

Kgap·Knad − Vmr · b13pg·nadh
Kb13pg·Knadh(

b13pg
Kb13pg + gap

Kgap + 1
) ( nad

Knad + nadh
Knadh + 1

) (4.6)

Table 4.6: An overview of kinetic parameters for glyceraldehyde 3-phosphate
dehydrogenase in MDA-mb-231 cells. The parameters were obtained by fitting
the rate equation (Eq. 4.6) to the kinetic data. Values shown represent mean
± SE.

Parameter Fitted Value Literature Value References
Vf GAPDH(µmol.min-1.mg-1 protein) - 1.0 ± 0.0381 [48]
Vr GAPDH(µmol.min-1.mg-1 protein) 0.45 ± 0.11 - -
KB1,3PG(mM) 0.029 ± 0.018 - -
KNADH(mM) 0.15 ± 0.13 0.01 [8]
KGAP(mM) - 0.192 [8]
KNAD+(mM) - 0.092 [8]
1 Determined in Bcap37 breast cancer cells
2 Affinity constants determined in HeLa cells
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Figure 4.6: Kinetic characterisation of glyceraldehyde 3-phosphate in MDA-
mb-231 cells. Fitted a mechanistic bi-substrate rate equation to the kinetic
data to characterise the maximal reverse specific activity and the binding co-
efficients for NADH and B1,3PG. The B1,3PG concentrations were derived by
using the PGK Keq and the initial 3-PG and ATP concentrations. Panels (a)
and (b), and symbols (disc and triangle) represent independent experiments.
Error bars on kinetic data is SD of technical triplicates and grey regions shown
are the 95% confidence prediction interval. The assay in panel (a) was per-
formed by varying 3-PG at 1 mM NADH and in panel (b) by varying NADH
at 10 mM 3-PG.
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4.1.7 Phosphoglycerate Kinase

Phosphoglycerate kinase catalyses the reversible conversion of 1,3-bisphosphate
and ADP to glycerate 3-phosphate and ATP via the transfer of a phosphate
group. PGK was assayed in the reverse direction to determine the binding
affinities (KATP and K3-PG) and maximal specific activity. Fitted a random
bi-substrate bi-product rate equation (Eq. 4.7) to the experimental data, the
parameters obtained are shown in Table 4.7 and Fig. 4.7 shows the resulting
fits and kinetic data. The binding constant for reverse reaction by ADP was
not determined.

vPGK =
Vmr · atp·3pg

Katp·K3pg

(
adp·b13pg·Keq

atp·3pg − 1
)

(
adp

Kadp + atp
Katp + 1

)(
b13pg

Kb13pg + 3pg
K3pg + 1

) (4.7)
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Figure 4.7: Kinetic characterisation of phosphoglycerate kinase in MDA-mb-
231. Fitted the bi-substrate Michaelis-Menten rate equation (Eq. 4.7) to the
experimental data to obtain maximal specific reverse activity and binding
affinities for ATP and 3-PG. Each panel and symbol shown is an indepen-
dent experiment that was fitted and displayed with 95% confidence prediction
interval. Error bars represent SD of the technical triplicates. PGK activity in
panel (a) was determined at 4 mM ATP and in panel (b) at 10 mM 3-PG.
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Table 4.7: Overview of kinetic parameters for phosphoglycerate kinase in
MDA-mb-231 cell extract. Fitted the Michaelis-Menten equation (Eq. 4.7)
to the experimental kinetic data to obtain the parameters shown below as
mean ± SE.

Parameter Fitted Value Literature Value References
Vr PGK(µmol.min-1.mg-1 protein) 0.55 ± 0.040 - -
K3-PG(mM) 1.7 ± 0.42 0.13 [8]
KATP(mM) 0.32 ± 0.079 0.27 [8]
KB13PG(mM) - 0.0791 [8]
KADP(mM) - 0.041 [8]
Keq - 3200 [9]
1Determined in HeLa cervical cancer cells

4.1.8 Phosphoglycerate Mutase

Phosphoglycerate mutase is the 8th step in glycolysis and catalyses the isomeri-
sation of 3-phosphoglycerate to 2-phosphoglycerate. PGM is a reversible reac-
tion, and the forward and reverse maximal specific activity as well as the affin-
ity constants (K3-PG and K2-PG) were characterised (listed in Table. 4.8). Both
the forward and reverse reaction displayed classic Michaelis-Menten saturation
curves for 3-PG and 2-PG, as shown in Fig. 4.8. The kinetics for PGM were
described by a mono-substrate reversible Michaelis-Menten equation (Eq. 4.8).
The PGM of MDA-mb-231 was found to be 2,3-bisphosphoglycerate (2,3-BPG)
co-factor dependent. Varying 2,3-BPG concentrations in a PGM coupled en-
zyme assay generated a hyperbolic saturation curve (in Appendix A.1). In all
PGM kinetic assays we used a saturating 2,3-BPG concentration of 2.0 mM.

vPGM =
Vmf · p3g

K3pg − Vmr · p2g
K2pg

p2g
K2pg + p3g

K3pg + 1
(4.8)
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Figure 4.8: Kinetic characterisation of phosphoglycerate mutase in MDA-
mb-231. Parameters were calculated by fitting the mechanistic rate equation
(Eq. 4.8) to the kinetic data. The forward and reverse reactions were assayed
independently, which is shown by panels (a) and (b) respectively. Further-
more, each symbol represents an independent experiment. Errors bars are SD
of the technical triplicates. In addition, fits shown are depicted with a 95%
(grey region) confidence prediction interval.

Table 4.8: An overview of kinetic parameters for phosphoglycerate mutase
in MDA-mb-231 cells. The forward and reverse activity, including the affinity
constants were characterised by fitting the rate equation (Eq. 4.8) to the kinetic
data to obtain the parameters listed in the table below. Values are given as
mean ± SE.

Parameter Fitted Value Literature Value References
Vf PGM(µmol.min-1.mg-1 protein) 2.0 ± 0.10 1.41 [8]
Vr PGM(µmol.min-1.mg-1 protein) 0.61 ± 0.079 0.531 [8]
K3-PG(mM) 1.0 ± 0.17 0.191 [8]
K2-PG(mM) 0.82 ± 0.41 0.121 [8]
1Determined in HeLa cells
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4.1.9 Enolase

Enolase catalyses the conversion of 2-phosphoglycerate to phosphoenolpyru-
vate. Kinetic characterisation of enolase was carried out by fitting a reversible
Michaelis-Menten rate equation (Eq. 4.9) to the kinetic data. This allowed
for the maximal forward specific activity and binding coefficient (K2-PG) of
enolase to be determined, however the reverse kinetics of enolase could not be
measured. In Fig. 4.9 we display the fitted hyperbolic curve and kinetic data,
and the parameters obtained from the fit is shown in Table 4.9.

vENO =
Vmf · p2g

Kp2g ·
(

1 − pep
Keq·p2g

)
p2g

Kp2g + pep
Kpep + 1

(4.9)
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Figure 4.9: Kinetic characterisation of enolase in MDA-mb-231 cells. The
maximal specific forward activity and substrate affinity was calculated via
fitting the Michaelis-Menten rate equation (Eq. 4.9) to the kinetic data. The
symbols (disc and triangle) indicate the two independent experiments. The fit
is shown with a 95% confidence prediction interval (grey region) and the error
bars are SD of the technical triplicates.

Stellenbosch University  https://scholar.sun.ac.za



CHAPTER 4. CHARACTERISATION AND MODEL CONSTRUCTION 44

Table 4.9: Overview of kinetic parameters for enolase in MDA-mb-231 cells.
The forward maximal specific activity and substrate affinity was determined by
fitting the rate equation (Eq. 4.9) to the experimental data. The determined
parameters are listed below with values given as mean ± SE.

Parameter Fitted Value Literature Value References
Vf ENO(µmol.min-1.mg-1 protein) 0.29 ± 0.016 0.361 [8]
K2-PG(mM) 0.81 ± 0.17 0.0381 [8]
KPEP(mM) - 0.061 [8]
Keq(mM) - 6.7 [9]
1Determined in HeLa cells

4.1.10 Pyruvate Kinase

Pyruvate kinase catalyses the dephosphorylation of phosphoenolpyruvate to
pyruvate with the concomitant phosphorylation of ADP to ATP. The max-
imal specific activity, substrate and product binding coefficients of PK were
characterised. Saturation curves shown in Fig. 4.10, demonstrated PEP inhibi-
tion at concentrations above 5 mM, however, the sensitivity to PEP inhibition
is shown to be dependent on concentration of ADP present. Product inhibition
by ATP was observed, whereas PK was insensitive to pyruvate (pyruvate at 10
mM had no effect), data not shown. Characterisation of the kinetic data was
achieved by fitting a random-order bi-substrate irreversible Michaelis-Menten
equation (Eq. 4.10), with substrate inhibition to the kinetic data. The param-
eter values obtained are listed in Table 4.10.

vPK =
Vmf · adp·pep

Kadp·Kpep

(1 + adp
Kadp + atp

Kiatp) · (1 + pep
Kpep) · (1 + pep

Kipep + pep2

Kipep2 )
(4.10)
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Figure 4.10: Kinetic characterisation of pyruvate kinase in MDA-mb-231
cells. Parameters were obtained by fitting the Michaelis-Menten rate equa-
tion (Eq. 4.10) to the kinetic data. Each panel and symbol (disk, triangle
and square) represents an independent experiment. The fitted curves shown
are depicted with 95% confidence prediction interval bands (grey region). The
95% confidence prediction interval was only included for different conditions
within a panel when the fits did not follow the same trend, as seen in panel (a).
The PK assay in panel (a) was performed by varying PEP concentrations at
2.5 mM (blue) and 5 mM (orange) ADP; (b) by varying ADP concentrations
at 5 mM (blue) and 5.7 mM (orange) PEP and 7 mM PEP in panel (c), ATP
inhibition (d) was determined at 5 mM PEP and 2.5 mM ADP. Error bars are
SD of the technical triplicates.
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Table 4.10: Overview of kinetic parameters for pyruvate kinase in MDA-mb-
231 cells. The rate equation (Eq. 4.10) fitted to the experimental kinetic data
in order to determine the forward specific activity and affinity constants for
PEP, ADP and ATP. Parameters are shown as mean ± SE.

Parameter Fitted Value Literature Value References
Vf PK(µmol.min-1.mg-1 protein) 2.3 ± 0.61 5.4 ± 0.16 [48]
KPEP(mM) 2.7 ± 1.3 0.0142 [8]
KADP(mM) 1.7 ± 0.31 0.42 [8]
Ki ATP(mM) 0.21 ± 0.097 - -
Ki PEP(mM) 22 ± 8.7 - -
1Determined in Bcap37 breast cancer cells
2Affinity constants were measured in HeLa cells

F16BP induced no allosteric feed-forward activating effect on PK - data not
shown - suggesting that the PKM2 is not the dominant isoform expressed in
MBA-mb-231 or that the F16BP concentration in the cell extract is adequate
to activate PKM2 in the assay conducted [33, 46].
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4.1.11 Lactate Dehydrogenase

Lactate dehydrogenase catalyses the reversible conversion of pyruvate to lac-
tate via oxidation of NADH to NAD+. The forward and reverse maximal spe-
cific activity, including the binding coefficients (KPYR, Ki PYR, KNADH, KLAC

and KNAD+) of LDH were characterised. Fitted a reversible bi-substrate bi-
product Michaelis-Menten rate equation (Eq. 4.11) to the kinetic data for
LDH in MDA-mb-231 breast cancer cells to obtain the kinetic parameters in
Table 4.11. In addition, pyruvate inhibition was observed at concentrations
above 5 mM and therefore pyruvate substrate inhibition was added to the rate
equation. NADH saturation curves proved difficult to obtain experimentally
and according to the rate equation’s fitted curve (in Fig. 4.11), NAD+ is yet
to reach saturation. Although the data are quite well described by the rate
equation, from the very large error values seen in Table 4.11, it is clear that
the parametrisation was problematic, and a more complete dataset is required
for a better estimation of the parameter values.

vLDH =
Vmf · nadh·pyr

Knadh·Kpyr − Vmr · lac·nad
Klac·Knad(

pyr
Kipyr + 1

)(
lac

Klac + pyr
Kpyr + 1

) ( nad
Knad + nadh

Knadh + 1
) (4.11)

Table 4.11: Overview of kinetic parameters for lactate dehydrogenase in MDA-
mb-231 cells. The maximal specific activities and binding affinities were char-
acterised by fitting the rate equation (Eq. 4.11) to the experimentally obtained
kinetic data. Values are given as mean ± SE.

Parameter Fitted Value Literature Value References
Vf LDH(µmol.min-1.mg-1 protein) 13 ± 1.2 × 107 1.9 ± 0.151 [48]
Vr LDH(µmol.min-1.mg-1 protein) 2.9 ± 39 - -
KPYR(mM) 2.5 ± 2.2 × 106 0.32 [8]
Ki PYR(mM) 2.5 ± 2.2 × 106 - -
KNADH(mM) 0.42 ± 0.17 - -
KLAC(mM) 8.6 ± 16 - -
KNAD+(mM) 6.3 ± 96 - -
1Determined in Bcap37 breast cancer cells
2Affinity constant was measured n HeLa cells
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Figure 4.11: Kinetic characterisation of lactate dehydrogenase in MDA-mb-
231. Each panel and symbol (disc, triangle and square) is an independent
experiment. The blue and orange curve correspond with the kinetic data of
the same colour, which were obtained under different conditions. Fitted curves
are shown with a 95% confidence prediction interval with the exception of panel
(b) and (d) as the confidence prediction interval follow the same trend for both
conditions. The LDH assay was performed in panel (a) by varying PYR at
1 mM NADH; in panel (b) by varying NADH concentrations at 2 mM (blue)
and 3.75 mM (orange) PYR. The LDH reverse reaction was assayed by varying
LAC in panel (c) at 1 mM NAD+; by varying NAD+ in panel (d) at 40 mM
(blue) and 150 mM (orange) LAC. Error bars represent SD of the technical
triplicates.
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4.1.12 Adenylate Kinase

Adenylate kinase catalyses interconversion of ADP to ATP and AMP. The
maximal specific activities and substrate binding coefficients (KADP, KATP

and KAMP) of AK were characterised. Results display a typical hyperbolic
saturation curve for both reaction directions with the maximal reverse specific
activity being greater, as shown in Fig. 4.12. The upper and lower limits of
the reverse specific activity were determined via the Haldane relation. Fitted
a rate equation (Eq. 4.12) to the kinetic data to obtain the parameters listed
below in Table 4.12.

vAK =
Vmf· adp2

Kadp2 · (1 − Γ
Keq)

1 + adp
Kadp

· (2 + adp
Kadp

+2 amp
Kamp )+ amp

Kamp
· (2 + amp

Kamp
+ atp

Katp ) + atp
Katp

(4.12)

Table 4.12: Overview of kinetic parameters for adenylate kinase in MDA-mb-
231 cells. Fitted the random-ordered Michaelis-Menten equation (Eq. 4.12)
to the AK kinetic data to characterise maximal specific activities and binding
affinities to obtain the parameters listed below. Values shown as mean ± SE.

Parameter Fitted Value Literature Value References
Vf AK(µmol.min-1.mg-1 protein) 0.080 ± 0.010 - -
Vr AK(µmol.min-1.mg-1 protein) 0.12 - 0.22 - -
KADP(mM) 0.023 ± 0.011 - -
KATP(mM) 0.0049 ± 0.0031 - -
KAMP(mM) 0.11 ± 0.046 - -
Keq(mM) - 0.45 [9]
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Figure 4.12: Kinetic characterisation of adenylate kinase in MDA-mb-231. The
forward and reverse maximal specific activity and affinity constants were char-
acterised by fitting the rate equation (Eq. 4.12) to the kinetic data. Each panel
and symbol shown represents an independent experiment. The fitted curves
are shown with 95% confidence prediction intervals (grey region). Reverse re-
action assays varying ATP and AMP in panels (b) and (c), were performed at
5 mM AMP and 5 mM ATP, respectively. The data points are shown as mean
SD of the technical triplicates.
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4.2 Model Construction

4.2.1 Parameters and Ordinary differential equations

A detailed kinetic model for glycolysis in MDA-mb-231 cells, which describes
dynamics of glycolytic intermediates in vitro was constructed. Ordinary dif-
ferential equations (ODEs) were used to represent this dynamic biological sys-
tem. This mathematical approach could be employed as the mechanisms of
glycolysis are known and one can assume that the distribution of molecules is
homogenous within a cell extract. This mathematical model was constructed
by integrating all parameter values and rate equations into ODEs to predict
the change in glycolytic intermediates over time. In addition, the ATPase
reaction (Eq. 4.13) was included in the model, where the parameter for this
reaction was taken from an in-house glycolysis model for differentiated C2C12

cells [64]. This is a mouse skeletal muscle cell line, which we used for the
model construction due to the absence of ATPase kinetic data (obtained at
physiological conditions) in human tissue to date in the literature.

vATPase = V fATPase · ATP (4.13)

The specific activity in the rate equations used to characterise the glycolytic
enzymes was expressed as µmol.min-1.mg-1 total protein, which was converted
to mM.min-1 for the simulation. This was achieved by multiplying and di-
viding the specific activity by the total protein (mg/mL) and volume (mL),
respectively. Total protein and volume were obtained from the MDA-mb-231
cell extract used in the metabolomic analysis experiment.

The glycolytic model constructed for MDA-mb-231 cells consists of 17
ODEs (Eq. 4.14– 4.30) that describe the change of intermediate concentra-
tions as a function of time and the rate of glycolytic enzymes, as shown below.
The following indicate the rates of glycolytic enzymes: vHK (Hexokinase,
Eq. 4.1), vPGI (Phosphoglucoisomerase, Eq. 4.2), vPFK (Phosphofructoki-
nase, Eq. 4.3), vALD (Aldolase, Eq. 4.4), vTPI (Triosephosphate isomerase,
Eq. 4.5, vGAPDH (Glyceraldehyde 3-phosphate dehydrogenase, Eq. 4.6),
vPGK (Phosphoglycerate kinase, Eq. 4.7), vPGM (Phosphoglycerate mutase,
Eq. 4.8), vENO (Enolase, Eq. 4.9), vPK (Pyruvate kinase, Eq. 4.10), vLDH
(Lactate dehydrogenase, Eq. 4.11), vAK (Adenylate kinase, Eq. 4.12) and
vATPase (Eq. 4.13). The corresponding parameter values, affinity constants
and specific activities (see Tables 4.13– 4.14) were incorporated into the rate
equations.
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Table 4.13: An overview of all specific activity parameters for the MDA-mb-231
cancer cell line. Parameter values that could not be experimentally determined
were sourced from literature of other cancer cell lines or other applicable cells
but are not listed here (see Addendum A.1). The parameter values presented
below are mean ± SE.

Maximal forward and reverse specific activity (µmol.min-1.mg-1 protein)
Enzyme Parameter Fitted Value Parameter Fitted Value
HK Vf HK 0.057 ± 0.0027 - -
PGI Vf PGI 0.22 ± 0.029 Vr PGI 0.55 ± 0.046
PFK Vf PFK 0.16 ± 0.033 - -
ALD Vf ALD 0.056 ± 0.0057 - -
TPI - - Vr TPI 1.7 ± 0.29
GAPDH - - Vr GAPDH 0.45 ± 0.11
PGK - - Vr PGK 0.55 ± 0.040
PGM Vf PGM 2.0 ± 0.10 Vr PGM 0.61 ± 0.079
ENO Vf ENO 0.29 ± 0.016 - -
PK Vf PK 2.3 ± 0.61 - -
LDH Vf LDH 13 ± 1.2 × 107 Vr LDH 2.9 ± 39
AK Vf AK 0.080 ± 0.010 Vr AK 0.12 - 0.22

ATP ′[t] = −vHK − vPFK + vPGK + vPK + vAK − vATPase (4.14)
ADP ′[t] = vHK + vPFK − vPGK − vPK − 2.0vAK + vATPase

(4.15)
AMP ′[t] = vAK (4.16)

GLCIn′[t] = −vHK (4.17)
G6P ′[t] = vHKvPGI (4.18)
F6P ′[t] = vPGI − vPFK (4.19)

F16BP ′[t] = vPFK − vALD (4.20)
DHAP ′[t] = vALD − vTPI (4.21)
GAP ′[t] = vALD + vTPI − vGAPDH (4.22)

B13PG′[t] = vGAPDH − vPGK (4.23)
NAD′[t] = vGAPDH + vLDH (4.24)

NADH ′[t] = vGAPDH − vLDH (4.25)
P3G′[t] = vPGK − vPGM (4.26)
P2G′[t] = vPGM − vENO (4.27)
PEP ′[t] = vENO − vPK (4.28)

PY RIn′[t] = vPK − vLDH (4.29)
LACIn′[t] = vLDH (4.30)
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Table 4.14: An overview of the experimentally determined affinity constants
for the MDA-mb-231 cancer cell line. The parameter values acquired from the
literature are not shown (see Addendum A.1). Affinity constant parameters
shown are mean ± SE.

Substrate and product binding coefficients (mM)
Enzyme Parameter Fitted Value Parameter Fitted Value

HK KGLC 0.096 ± 0.017 KATP 0.89 ± 0.14
KiADP 24 ± 8.8 Ki AMP 8.9 ± 2.1

PGI KG6P 0.32 ± 0.30 KF6P 1.0 ± 0.30

PFK
KF6P 0.52 ± 0.12 KATP 0.77 ± 0.33
Ki ATP 9.8 ± 2.9 KiADP 1.2 ± 0.67
Ki AMP 12 ± 7.7 - -

ALD KF16BP 0.41 ± 0.15 - -
TPI KGAP 1.2 ± 0.52 - -
GAPDH KB1,3PG 0.029 ± 0.018 KNADH 0.15 ± 0.13
PGK K3-PG 1.7 ± 0.42 KATP 0.32 ± 0.079
PGM K3-PG 1.0 ± 0.17 K2-PG 0.82 ± 0.41
ENO K2-PG 0.81 ± 0.17 - -

PK KPEP 2.7 ± 1.3 KADP 1.7 ± 0.31
Ki ATP 0.21 ± 0.097 Ki PEP 22 ± 8.7

LDH
KPYR 2.5 ± 2.2 × 106 Ki PYR 2.5 ± 2.2 × 106

KNADH 0.42 ± 0.17 KLAC 8.7 ± 16
KNAD+ 6.3 ± 96 - -

AK KADP 0.023 ± 0.011 KATP 0.0049 ± 0.0031
KAMP 0.11 ± 0.046 - -

4.3 Conclusion
In this chapter a detailed mathematical model for glycolysis in the breast can-
cer cell line MDA-mb-231 was constructed. For this, we characterised all the
glycolytic enzymes under physiological conditions, in in vitro kinetic assays.
Although most of the kinetic constants could be fitted on the experimental
data, we had to use some literature values for some of the parameters. In the
next chapter we will validate the model.
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Chapter 5

Results and Discussion: Glycolytic
Model Validation

In this chapter, we analyse and compare the experimental data to the math-
ematical model that was constructed in Chapter 4, to validate the model.
We measured the glucose to lactate flux enzymatically and conducted a 14C-
glucose metabolomic time-course experiment to investigate the time-dynamics
of glycolytic intermediates. We subsequently, employed the model to simulate
the above-mentioned experiments. The glycolytic flux in MDA-mb-231 was
also compared to a non-invasive MCF-7 breast cancer cell line and the effect
of insulin on the glycolytic flux in both cell lines was determined.

5.1 Enzymatic glycolytic flux analysis
We measured the flux through glycolysis in intact cells by determining glu-
cose consumption and lactate production extracellularly. This experiment was
conducted over a period of 9 hours to reduce the potential for cell growth to
skew results. The results indicate that MDA-mb-231 has a greater flux than
MCF-7, as can be seen in Fig. 5.1 and Table 5.1. The glycolytic efficiency was
approximately 1.7 moles of lactate generated per glucose consumed for both
cell lines. These results are similar to published values: MCF-7 and MDA-mb-
231 have been reported to generate 1.5 and 1.8 moles of lactate per glucose,
respectively [63].

54
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The effect of insulin on glycolysis showed a slight increase in uptake, yet
production marginally decreased glycolytic efficiency (1.6 and 1.5 in MDA-mb-
231 and MCF-7 cells, respectively). This correlates with what is described in
the literature as glucose uptake in cancer cells tend to occur independent of
insulin simulation [37]. This experiment provided an estimation of glucose to
lactate conversion in MDA-mb-231 cells and how it compares to the MCF-7
cancer cell line.
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Figure 5.1: The time-dependent consumption of glucose (blue, disc) and pro-
duction of lactate (orange, triangle), in both MDA-mb-231 (a) and MCF-7
(b) cells. The extracellular change in glucose and lactate concentrations was
measured over 9 hours via enzymatic glucose and lactate determination assays.
Flux data was normalised to protein concentration and error bars depict SEM
of three independent experiments.

Table 5.1: The glucose consumption and lactate production rates in MDA-
mb-231 cells and MCF-7 breast cancer cell lines. Values given represent the
mean ± SEM of three independent experiments. Consumption rates are given
as negative values.

Cell line MDA-mb-231 MCF-7
Metabolites Flux (nmol.min-1.mg-1protein)
D-Glucose -52 ± 2.5 -23 ± 0.18
L-Lactate 89 ± 7.4 38 ± 1.26

The MDA-mb-231 cell line is more dependent on glycolysis to meet its
bioenergy demands than the MCF-7 cells. Lunetti et al. [14] provided evi-
dence for this difference, showing that the mitochondria in MDA-mb-231 cells
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were highly dysfunctional when compared to the MCF-7 cells, which allows
the latter to generate ATP via oxidative phosphorylation, therefore making
them less reliant on glycolysis. However, the comparable glucose to lactate
ratio indicates that the difference in fermentative to oxidative metabolism is
not dramatic. It should also be noted that the MDA-mb-231 cell line exhibits
a slightly higher exponential growth rate compared to the MCF-7 [53, 63]. The
higher rate of ATP production could be advantageous for the rapid prolifera-
tion of MDA-mb-231 cells.

5.2 Model analysis and validation
We constructed a detailed mathematical model that describes the dynamics of
glycolysis, to predict the change of variables within the pathway. To achieve
this, we combined the parameter values and rate equations, as obtained in
Chapter 4, into ODEs that describe the evolution in time of the glycolytic
intermediates within the MDA-mb-231 cell extract.

We compared simulation output to experimental data obtained from 14C-
glucose labelled time-course experiments. Using 14C-glucose isotope allowed us
to trace the glycolytic flux within cell extract. The cell extract was incubated
at 37°C in assay buffer and subsequently, the time-course experiment was
initialised by the addition of ATP, NAD+ and 14C-GLC (including unlabelled
glucose), as described in Section 3.7. Time-course samples were collected,
starting from 0’. The samples were analysed by using an in-house ion-pairing
reverse HPLC (IP-RPLC) method to separate glycolytic intermediates within
the cell extract.

UV-Vis and radiolabelled detectors were used to quantify co-factors and
14C-glycolytic intermediates, respectively, as described in Section 3.7. The
UV-Vis detector provided the peak area count of adenosine and nicotinamide
from which we determined the co-factor concentration using a standard curve.
In comparison, the radiolabelled detector generated a chromatographic trace
for each sample and effectively traced metabolites through glycolysis to lactate
via the 14C-carbon signal. By employing an in-house written Wolfram Mathe-
matica script, we were able to quantify the peak area count for the metabolites
present and the concentration was determined from the response factor cal-
culated using the initial 14C-glucose introduced. We conducted time-course
experiments with and without 2,3-BPG (in duplicate) during the incubation
step. The reason for these two sets of experiments was as a result of the de-
viation we observed between the model simulation and validation experiment,
which led us to PGM and its influence on glycolysis (as shown in Section 4.1.8),
which will be discussed in this section.

The model simulated the experimental conditions by using the initial chro-
matographic results obtained (sample 0’) as the initial state of the system to
be simulated. The initial values, shown in Table 5.2, were taken as the mean
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of initial concentrations determined in the duplicate experiments. The total
protein measured were 5.0 and 4.9 mg protein in the experiments with and
without added 2,3-BPG, respectively, and the total volume was 1 mL in both
sets of experiments. For both set of experiments we were able to recover the
vast majority (93% ± 3.6) of the carbon introduced to the cell extract. In
this section we will, discuss the comparison between the model simulation and
validation data.

Table 5.2: The initial metabolite concentrations used in the model simulating
low PGM activity and 2,3-BPG bound PGM in the time-course experiment
where 2,3-BPG was absent and added, respectively. These values are the mean
concentrations of metabolites detected at 0 min of the time-course experiment.

Model simulation Low PGM activity (Fig. 5.2) Activated PGM (Fig. 5.3)
Metabolite (mM) Initial Value
GLC 1.0 1.0
G6P 0.030 0.045
F6P 0.051 0.015
F16BP 0.0 0.0091
LAC 0.17 0.0
NAD+ 0.88 1.0
NADH 0.0 0.043
ATP 1.1 1.4
ADP 0.27 0.30
AMP 0.28 0.013
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5.2.1 Model simulation predicting change in glycolytic
metabolites in vitro compared to experimental
results without the addition of 2,3-BPG.

In the first set of experiments we did not add additional 2,3-BPG, the PGM co-
activator. Analysis of the time-course experiment provided chromatographic
traces, which provided the time-dynamics of metabolites and co-factors in
glycolysis. To determine the accuracy of the model simulating the glucose to
lactate conversion in a cell extract. We compared the model prediction to the
validation data obtained, shown in Fig. 5.2.

Two parameters that were taken from the literature, as described in Chap-
ter 4, were changed in order to make the model simulations. These alterations
are the parameter values of Vf ATPase and Vf GAPDH, which were both decreased.
The parameter value of Vf GAPDH was far too great compared to the Vr GAPDH

when considering Keq. Hence, we decided to fit the Vf GAPDH parameter, de-
spite that, in theory, one could determine the forward specific activity from
the Haldane equation. However, to achieve this would be a difficult feat due
to the precariousness of KB13PG.

In addition, we modified the initial value of ADP to a negligible value,
i.e. ADP = 0, to further improve the fit and adequately conserve the adeno-
sine moiety. In the absence of 2,3-BPG, PGM activity decreases substantially
(presented in the Appendix A.1) and to account for this in the validation exper-
iment, we assumed that the concentration of 2,3-BPG is insufficient, leading to
limited PGM activity. As a result, we decreased the specific activity of PGM
to give the best description of the experimental data. For it was not possible
to measure PGM activity experimentally as the characterisation experiments
were performed at a lower protein concentration and therefore lower intrin-
sic 2,3-BPG concentration. Taken together, these modifications improved the
correlation between the simulation and experimental data.

The simulation of 13 variables generated by the model, were compared
to the experimental data obtained, as shown in Fig. 5.2. The comparison
demonstrated a satisfactory prediction for GLC, G6P, DHAP, 3-PG and LAC.
But due to reduced activity of PGM the model simulations showed an under-
prediction of 2-PG. It should also be noted that 2-PG formation was only ob-
served in one biological repeat. In the case of adenosine species, only ADP cor-
related well with the model, whereas the prediction of ATP and AMP showed
in a similar trend to the values obtained experimentally, but the model un-
derestimated ATP and overestimated AMP. Similarly, the model exaggerated
F6P and F16BP, but the trend predicted by the model was correct.

The model overestimation of F16BP is likely due to underestimated al-
dolase activity determined in the enzyme assays. The measured forward spe-
cific activity of aldolase (Vf ALD) in chapter 4 was almost 4-fold lower com-
pared to aldose activity in Bcap37 and HeLa cells (both measured at 0.2
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µmol.min-1.mg-1cytosolic protein) [8, 48]. The overestimation of F6P, by con-
trast, could be as a result of PFK activity being underestimated. This could
be potentially corrected by fitting the kinetics of PFK using a MWC rate
equation, which could improve the estimated parameter values of PFK.

The partial glucose to lactate conversion is adequately predicted by the
model. LAC is sufficiently produced in the experimental results, albeit at low
concentrations (glycolytic efficiency of roughly 0.3 – 0.4). This was accurately
predicted by the model, regardless of the decreased PGM activity. However,
the rate of LAC production with the concomitant regeneration of NAD+ was
not sufficiently fast in the model. This results in a deviation in the experimen-
tal results and model prediction for nicotinamide species.

The predicted 3-PG accumulation is due to reduced PGM activity but
mechanisms involved in DHAP accumulation (≥1.0 mM) remains partially
unclear. We speculate that TPI activity is underestimated by the rate equation
fitted to the kinetic data. In addition, DHAP eludes from the HPLC column at
a position where several other metabolites elude, making it difficult to estimate
the exact concentration. The experimental data for GAP, B13PG, PEP and
PYR could not be quantified. The model simulation for these variables did
not exceed concentrations greater than 0.025 mM.
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Figure 5.2: Model simulation for glycolytic intermediates compared to exper-
imental results for glucose conversion in MDA-mb-231 cell extract, without
added 2,3-BPG. Panels show the simulation (orange curve) and validation
data (orange disc), which illustrates the change in metabolite concentration
as a function of time over 60 min (x-axis, min; y-axis, mM). Initial values
for the model simulation, obtained from the time-sample (0 min) in labelled
metabolomic analysis experiment, values listed in Table 5.2. Error bars shown
as SD of the biological duplicates.
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5.2.2 Model simulation predicting change in glycolytic
metabolites in vitro compared to experimental
results with the addition of 2,3-BPG to the cell
extract.

In the second set of experiments we added additional 2,3-BPG, the PGM co-
activator. Analysis of the time-course experiment generated chromatographic
traces, which provided the time-dynamics of metabolites and co-factors in gly-
colysis. We determined the model’s accuracy in predicting glucose to lactate
conversion in MDA-mb-231 cell extract by comparing the model to experi-
mentally obtained results, presented in Fig. 5.3. We could not quantify the
experimental results of GAP, B13PG, PEP and PYR. The concentrations of
these metabolites did not exceed 0.040 mM in the model prediction.

Two parameters that were taken from the literature, as described in Chap-
ter 4, were also changed in order to make the model simulations. We mod-
ified Vf ATPase and Vf GAPDH parameter values, where both parameters were
decreased. PGM is presumed to function sufficiently in the cell extract when
adding 2.0 mM of 2,3-BPG and therefore, no modification of the PGM param-
eters is required.

We compared the simulation of 13 variables to the experimental data ob-
tained. The simulation and experimental data resulted in a satisfactory cor-
relation for GLC, DHAP, 2-PG and LAC. Adenosine moiety trends were rea-
sonably predicted for ATP and AMP until glucose depletion at 10 min in the
experimental data and, hereafter the model under- and overestimated ATP
and AMP, respectively. The model could adequately describe the ADP trend
observed.

Experimental results for G6P and F6P appeared to correlate relatively well
with the model prediction. However, the model overestimated F16BP, predict-
ing its accumulation in the cell extract. In addition, a deviation is observed
between the model simulation and experiment results for 3-PG. The model
did not reflect this build-up, suggesting that some 3-PG accumulation occurs
regardless of the 2,3-BPG activated PGM. Nevertheless, the 3-PG accumu-
lation observed, is 2-fold lower in comparison to the first set of experiments
(Fig. 5.2).

To reiterate, 2,3-BPG activated PGM facilitated greater glucose to lac-
tate conversion, which the model was able to predict upon modification. The
conversion falls short of what is theoretically possible and observed in the
whole-cell flux results in Section 5.1. Glycolytic efficiency in the cell extract is
approx. 0.9, whereas extracellular flux results were roughly two-fold greater.
This indicates a considerable difference between the whole-cells and cell ex-
tract time-dynamics of glycolytic metabolites. The apparent block at DHAP
is largely responsible for the low conversion efficiency in the cell extract.

Similarly to the model simulation presented in Fig. 5.2, LDH flux was also
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unable to sufficiently regenerate NAD+. LAC is produced to a greater extent
in the current scenario, yet the model still could not predict the dynamic trend
of nicotinamide species. The relatively weak description of the GAPDH and
LDH obtained in Chapter 4, could be responsible for the contrast between
the simulations and experimental results. Hence, more kinetic data for these
enzymes could yield improved parameter estimations for Km and Vmax values,
and thus potentially a better prediction of nicotinamide species.

Both simulation and experimental sets exhibited DHAP accumulation, al-
though DHAP build-up is larger in the low-PGM activity experiment (Fig. 5.2).
The DHAP observed, as previously mentioned, might have been exacerbated
due to the proximity of DHAP to other peaks in the chromatographic traces.
A study conducted on MDA-mb-231 demonstrated the conversion of glucose
to glycerol-3 phosphate (G3P) from DHAP for lipid synthesis [53]. In this
case, one would observe the consumption of DHAP, leading to a noticeable
loss in 14C-carbon in the system as DHAP is shunted towards G3P produc-
tion. A low flux through glycerol-3 phosphate dehydrogenase (G3PDH) could
serve as an explanation for the lack of 14C-carbon redirected due to other
chemical species influencing either TPI or G3PDH. Further, as mentioned pre-
viously, DHAP accumulation could result in methylglyoxal production, which
is a metabolite with anti-cancer properties and consequently detrimental to
cancer cells [49]. The extent to which DHAP accumulation occurs in whole-
cells remains unclear. Scientific literature has shown HeLa cells to produce a
noticeable concentration of DHAP (0.93 ± 0.07 mM) in vivo and yet the HeLa
TPI (5 µmol.min-1.mg-1cytosolic protein) presents a higher activity compared
to the MDA-mb-231 TPI [8].
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Figure 5.3: Model simulation for glycolytic intermediates compared to experi-
mental results for glucose conversion in MDA-mb-231 cell extract, with added
2,3-BPG. Panels show the simulation (blue curve) and validation data (blue
disc) describing the time-dynamics of glycolytic metabolites over 60 min (x-
axis, min; y-axis, mM). Initial values for the model simulation, obtained from
the time-sample (0 min) in labelled metabolomic analysis experiment, values
shown in Table 5.2. Error bars shown as SD of the biological duplicates.
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5.3 Conclusion
In this chapter we compared the model simulation to 14C-glucose labelled
time-course experiment performed on MDA-mb-231 cell extract, intending to
validate the detailed-kinetic model constructed in Chapter 4. However, the
accuracy of the model prediction of the experimental data under the two con-
ditions was deemed satisfactory, and therefore partially validated the kinetic
model of glycolysis in MDA-mb-231 cell extract. We do acknowledge that this
judgement about the model prediction of the experimental data is somewhat
subjective.

In addition, we measured the glycolytic flux in MDA-mb-231 whole cells
and compared the flux to a less-invasive luminal-like MCF-7 cancer cell line.
The glycolytic flux in MDA-mb-231 is 2-fold greater in comparison to the less
invasive MCF-7 cells. Interestingly, both cell lines exhibited a similar glucose
efficiency, despite the MCF-7 cells being less dependent on glycolysis for its
energy demands.
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Chapter 6

Concluding remarks

6.1 Conclusion
The metabolic reprogramming in some cancerous cells gives rise to aerobic
glycolysis, resulting in cancer cells preferring fermentation of glucose and an
enhanced glycolytic flux [2]. Studies have shown that the Warburg effect is due
to the dysregulation of oncogenes, the mTOR signalling pathway and the loss
of tumour suppressors, among other cellular processes [5, 19, 23, 24]. Literature
has suggested that there is a correlation between the invasiveness of cancer cells
and their enhanced glycolytic flux [14, 53]. The most frequent cause of death
in breast cancer patients diagnosed with TNBC is the tumour metastasising
to viscera [13]. Hence, further investigating the association between glycolysis
and invasiveness and mobility of cancer cells could be illuminating. The study
presented here aimed to determine whether we can explain the glycolytic flux in
cancer cells based on its enzyme characteristics. Each of the glycolytic enzymes
were characterised in in vitro enzyme assays and mechanistic rate equations
were fitted to the experimental data. Subsequently, a detailed kinetic model
was constructed by combining the parametrised rate equations into ODEs.
Finally, we determined the accuracy of model prediction by comparing the
simulation to experimental data on the complete pathway.

Classic enzyme kinetic characterisation experiments were conducted un-
der conditions that mimic the cytosolic environment in order to determine
physiologically representative parameter values of the enzymes. The enzyme
kinetic characterisation results revealed some regulatory mechanisms within
the metabolic network. Unexpectedly, aldolase exhibited the lowest activity in
the glycolytic pathway. The aldolase activities observed in HeLa, and Bcap37
cells lines were several-fold greater than the activity measured in the MDA-
mb-231 cell line [8, 48]. As a result, we would expect a build-up of F16BP in
the cell extract, which the time-course experiment confirmed. However, the
model overestimated the degree to which F16BP accumulates.

The focus of Chapter 4 was MDA-mb-231 enzyme characterisation and
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model construction. The latter involved combining of the parametrised rate
equations into 17 ODEs. The ODEs describe changes in the concentration of
the variables as a function of time. This bottom-up approach resulted in a
detailed-kinetic model that could provide an integrated view of the glycolytic
behaviour in MDA-mb-231 cells.

In Chapter 5, we presented the glycolytic flux of MDA-mb-231 whole-cells
and compared the flux between invasive basal-like MDA-mb-231 and less-
invasive luminal-like MCF-7 cells. The results showed that the glycolytic flux
in MDA-mb-231 is roughly 2-fold greater than in the MCF-7 cell line, which
correlated with observations in the literature [14, 63].

We simulated the dynamic behaviour of glycolysis in MDA-mb-231 cells
in vitro and compared it to experimental results to determine the accuracy of
the model prediction. This involved performing a tracer-based metabolomic
experiment, where we introduced 14C-labelled glucose, ATP and NAD+ to
an incubating MDA-mb-231 cell extract (at 37°C and pH 7.6). Samples dur-
ing the time-course experiment were collected and analysed using an in-house
developed IP-RPLC protocol to quantify the time-dependent change in gly-
colytic intermediates, adenosine and nicotinamide species. We compared the
experimental results to the model simulations to validate the detailed-kinetic
model constructed. Two different conditions were simulated: glycolytic dy-
namics with or without extra added 2,3-BPG (an essential activator of PGM).
The model could simulate both conditions with reasonable accuracy, after we
adapted two parameters that were taken from the literature. Given the short-
comings with regards to predicting the change in some metabolites, such as
the nicotinamide species and F16BP, we conclude that the model is partially
validated in these experiments. We could also not compare the experimental
data of other metabolites (GAP, PEP and PYR) due to the inability to dis-
tinguish them on the chromatograms. Ultimately, the model is robust enough
to simulate glycolysis under both in vitro conditions. The characteristics of
glycolytic enzymes can with reasonable accuracy describe the behaviour of
glycolysis in the cell extract. The extracellular glycolytic flux results achieved
in the whole-cells is, however, quite different in comparison to the cell extract
experimental and model simulation results. In the cell extract glycolysis ex-
periments we could not reproduce the glucose to lactate conversion efficiency
observed in the whole-cell experiment.

6.2 Future Studies
The novel detailed-kinetic model developed in this study via the bottom-up
approach provides a helpful framework that could be used to further probe gly-
colysis in highly-invasive breast cancer cells. In addition, the study produced
a significant amount of enzyme kinetic data for MDA-mb-231 absent to date
in the literature. Further refinement of the model and extrapolation of the
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model to simulate a whole-cell would serve as a useful tool to determine the
underlying control mechanisms within the pathway and provide a framework
to further explore the potential of targeting cancer metabolism for therapeutic
strategies.

For future studies it is important to focus on further refinement of the
mechanistic model and extrapolating the model to simulate a whole-cell, which
should include determining the activity of transporters, e.g. MCT and GLUT.
As useful additional validation experiments one could use inhibitor titrations.
For instance GAPDH perturbation experiments to determine if the model can
predict glycolytic flux subjected to GAPDH inhibition. The mathematical
model can be used to probe underlying control mechanisms within the path-
way at a steady-state using MCA. This could aid in identifying vulnerable
mechanisms within cancer glycolysis that could serve as suitable drug targets.

In a recent publication [29], a network-based selective drug strategy that
exploits the difference in control distribution between T. brucei and erythro-
cytes was used, and a similar approach could perhaps be done for tumour cells
and healthy cells [29]. Comparing the flux-control steps between MDA-mb-
231 and MCF-7 would be an avenue worth exploring, despite their distinct
metabolic profiles, to determine whether the flux control distribution in gly-
colysis is different in highly invasive/metastatic cancer cells compared to less
invasive cancer cells [14]. Furthermore, distinct breast cancer cell lines, e.g.
MDA-mb-231 and MCF-7, can be studied to quantitatively explore the link
between glycolytic flux in breast cancer and, its invasive and malignant prop-
erties. This could further lead to identification of potential targets in the
glycolysis pathway of invasive cancers for therapeutic treatments and conse-
quently, improve the survival rates of TNBC patients.
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Appendix A

Enzyme characterisation

A.1 Phosphoglycerate mutase (PGM) kinetics
We determined the degree to which 2,3-BPG effects the co-factor dependent
PGM. To do so, coupled enzyme assays at varying concentrations 2,3-PBG
were performed whilst initialising the reaction with 10.0 mM 3-PG. The re-
sults showed an 18-fold increase in PGM activity when sufficient 2,3-BPG is
introduced to the MDA-mb-231 cell extract. This supported our theory that
low PGM activity might be responsible for the partial inhibition of the glucose
to lactate conversion, in retrospect PGM activity might only be one factor
that contributed to this observation.
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Figure A.1: 2,3-BPG induced activation of PGM. Conducted the enzyme assay
at 10mM 3-PG. We only one biological repeat was measured (n = 1). The data
points is shown as mean ± SD of the technical triplicate.
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Addendum

A.1 Supplementary table

Table 1: An overview of all parameters (Vmax and Km) that were sourced from
the literature to construct the MDA-mb-231 model.

Maximal specific activities and affinity constants
Enzyme Parameter Fitted Value References

ALD KGAP (mM) 0.16 [8]
KDHAP (mM) 0.08 [8]

TPI KDHAP (mM) 1.6 [8]

GAPDH
Vf GAPDH (µmol.min-1.mg-1 protein) 1.0 ± 0.038 [48]
KGAP (mM) 0.19 [8]
KNAD+ (mM) 0.09 [8]

PGK KB13PG (mM) 0.079 [8]
KADP (mM) 0.4 [8]

ENO KPEP (mM) 0.06 [8]
ATPase Vf ATPase (µmol.min-1.mg-1 protein) 0.0021 ± 0.0002 [64]
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