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Abstract

Biopharmaceuticals treat a range of diseases, and is a growing sector
within the pharmaceutical industry. A majority of these complex molecules
are produced by genetically modified mammalian cells in large-scale cell
cultures. Biopharmaceutical process development is costly and labor intensive,
and has often been based on time-consuming empirical methods and trial-and-
error. Mathematical modeling has great potential to speed up this work. A
central question however, engaging researchers from various fields, is how to
translate these complex biological systems into feasible and useful models.

For biopharmaceutical production, macroscopic kinetic flux modeling has
been proposed. This model type is derived from typical data obtained in the
industry, and has been able to simulate cell growth and the uptake/secretion
of important metabolites. Often, however, their scope is limited to specific
culture conditions due to e.g. the lack of information on reaction kinetics,
limited data sets, and simplifications to achieve calculability.

In this thesis, the macroscopic kinetic model type is the starting point, but
the goal is to capture a variety of culture conditions, as will be necessary for
future applications in process optimization. The e↵ects of varied availability
of amino acids in the culture medium on cell growth, uptake/secretion of
metabolites, and product secretion were studied in cell cultures.

In Paper I, the established methodology of Metatool was tested: (i) a
simplified metabolic network of approx. 30 reactions was defined; (ii) all
possible so-called elementary flux modes (EFMs) through the network were
identified using an established mathematical algorithm; and (iii) the e↵ect
on each flux was modelled by a simplified generalized kinetic equation. A
limitation was identified; the Metatool algorithm could only handle simple
networks, and therefore several reactions had to be discarded. In this paper,
a new strategy for the kinetics was developed. A pool of alternative kinetic
equations was created, from which a smaller set could be given higher weight
as determined via data-fitting. This improved the simulations.

The identification of EFMs was further studied in papers II–IV. In Paper II,
a new algorithm was developed based on the column generation optimization
technique, that in addition to the network also accounts for the data from one
of the parallel cultures. The method identifies a subset of the EFMs that can
optimally fit the data, even in more complex metabolic networks.

In Paper III, a kinetic model based on EFM subsets in a 100 reaction
network was generated, which further improved the simulations. Finally, in
Paper IV, the algorithm was extended to EFM identification in a genome-scale
network. Despite the high complexity, small subsets of EFMs relevant to the
experimental data could be e�ciently identified.
Keywords: Chinese hamster ovary; Amino acid; Metabolic network; Metabolic flux
analysis; Kinetic modeling; Elementary flux mode; Optimization; Column generation
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Sammanfattning

Bioläkemedel används vid behandling av en rad olika sjukdomar och
utgör därför en växande sektor inom läkemedelsbranschen. Majoriteten av
dessa läkemedel produceras via storskalig cellodling av genetiskt modifierade
mammalieceller. Processutvecklingen är dyr och arbetskrävande, och baseras
vanligtvis på empirisk erfarenhet och trial-and-error. Matematiska modeller
har stor potential för att e↵ektivisera arbetet. En central fråga är dock hur man
ska kunna översätta ett så pass komplext biologiskt system till en genomförbar
och användbar modell.

För bioläkemedelsproduktion har s. k. makroskopisk kinetisk flödes-
modellering föreslagits. Modelltypen bygger på den typ av data som tas fram
inom industrin och modellerna har visats kunna simulera celltillväxten, samt
cellernas upptag och utsöndring av viktiga metaboliter. Dock är tillämpnings-
området ofta begränsat till specifika odlingsvillkor, delvis p.g.a. kunskapsbrist
gällande reaktionskinetiken, begränsad tillgång till odlingsdata, samt behovet
av beräkningsmässiga förenklingar.

Denna avhandling tar avstamp i makroskopisk kinetisk modellering, men
här med målet att fånga upp de mer varierade odlingsvillkor som behövs för
att kunna optimera processer. En cellinje studerades först i parallella odlingar
med varierad tillgång på aminosyror. Påverkan på tillväxt, upptag/utsöndring
av metaboliter och läkemedelsproduktion registrerades.

I artikel I prövades metodiken etablerad i tidigare studier: (i) ett förenklat
metaboliskt flödesnätverk om cirka 30–40 reaktioner togs fram; (ii) samtliga
s.k. elementära flöden genom nätverket identifierades med en etablerad mate-
matisk algoritm; (iii) påverkan på varje flöde beskrevs av en förenklad och
allmän kinetisk ekvation. Dels klarade algoritmen endast mycket förenkla-
de nätverk och ett flertal reaktioner kunde därför inte tas med, dels var den
kinetiska ekvationen alltför begränsad för att kunna simulera många av flödes-
förändringarna i datan. Därför togs en ny strategi för kinetiken fram i artikel I.
En pool av alternativa ekvationer skapades, varifrån ett mindre antal kunde
ges större vikt via dataanpassning. Detta förbättrade simuleringsresultaten.

Identifieringen av elementära flöden studerades sedan i artiklarna II–IV. I
II togs en ny algoritm fram, baserad på en optimeringsteknik kallad kolumn-
generering. Algoritmen identifierar en delmängd av de elementära flödena
genom ett givet nätverk, med målet att uppnå optimal dataanpassning för en
enskild odling. Detta visade sig vara e↵ektivt även för mer komplexa nätverk.
I III tillämpades metoden för att simulera samtliga odlingar tillsammans i en
enda modell. Den kinetiska modellen kunde nu baserades på en delmängd av
flödena i ett stort nätverk om cirka 100 reaktioner, vilket förbättrade simu-
leringsresultaten ytterligare. I IV, utvidgades till sist den nya algoritmen för
identifiering i en genomskalig modell. Trots den höga nivån av komplexitet
kunde små delmängder av elementära flöden e↵ektivt tas fram.
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Abbreviations and notations
Abbreviations

C. griseus Cricetulus griseus
CEAA Conditionally essential amino acid
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FVA Flux variability analysis
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HPLC High-performance liquid chromatography
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PEPck Phosphoenolpyruvate carboxykinase
PPP Pentose phosphate pathway
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SP Subproblem
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3PG 3-phosphoglycerate
AcCoA Acetyl-CoA
AcetoAc Acetoacetate
AcetoAcCoA Acetoacetyl-CoA
aKad ↵-Ketoadipate
aKbut ↵-Ketobutyrate
aKG ↵-Ketoglutarate
ArgSucc Argininosuccinate
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Biomassext Biomass
Cho Choline
Choext Choline (extracellular)
Cholesterol Cholesterol
Cit Citrate
Cln Citrulline
CO2 Carbon dioxide
CO2ext Carbon dioxide (extracellular)
DHAP Dihydroxyacetone phosphate
DNA Deoxyribonucleic acid
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F6P Fructose-6-phosphate
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Ctot Total cell concentration, total cell density
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c Concentrations of metabolites
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Kp Product inhibition constant/parameter
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v Flux rates
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wB An solution to the EFMs-based MFA problem with a subset of

the EFMs
w⇤B An optimal solution to the EFMs-based MFA problem with a

subset of the EFMs
wmax Maximum macroscopic flux rates
wl Cell-specific macroscopic flux rate for the l:th macroscopic reac-

tion
wmax,l Maximum cell-specific macroscopic flux rate for the l:th macro-

scopic reaction
µ Cell-specific growth rate

xii



List of Figures

2.1 The lineage of popular CHO cell lines . . . . . . . . . . . . . . . . . . . . . . 11
2.2 Overview of the cell metabolism . . . . . . . . . . . . . . . . . . . . . . . . 20
2.3 The connection between glutaminolysis and glycolysis in CHO cells . . . . . . 27

3.1 A macroscopic/black-box model of a cell population . . . . . . . . . . . . . 35
3.2 Comparison of the network sizes in the present work . . . . . . . . . . . . . 48
3.3 Conceptual illustration of the flux space . . . . . . . . . . . . . . . . . . . . 50
3.4 Example of a simple pathway linking glucose to lactate . . . . . . . . . . . . 54
3.5 Graphical illustration of the extreme rays . . . . . . . . . . . . . . . . . . . 56
3.6 A comparison of EPs versus EFMs . . . . . . . . . . . . . . . . . . . . . . 60
3.7 Plot of a Michaelis-Menten–type equation . . . . . . . . . . . . . . . . . . . 65
3.8 Plot of saturation and inhibition for di↵erent parameter values . . . . . . . . 69
3.9 Workflow for a derivation of a macroscopic kinetic model . . . . . . . . . . 73

4.1 Workflow of a parallel cell culture experiment . . . . . . . . . . . . . . . . . 76
4.2 Pseudo-perfusion protocol with example of culture data . . . . . . . . . . . 78

5.1 The three principles for the metabolic model . . . . . . . . . . . . . . . . . 84
5.2 The one-model approach . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85
5.3 The workflow toward proof-of-concept in Paper I . . . . . . . . . . . . . . . . 87
5.4 The metabolic network map from Paper I . . . . . . . . . . . . . . . . . . . 89
5.5 A consideration of the kinetics at balanced growth . . . . . . . . . . . . . . . 91
5.6 The flexible kinetics strategy . . . . . . . . . . . . . . . . . . . . . . . . . . 92

6.1 Active/inactive EFM subsets and evaluation of a candidate EFM . . . . . . . 98
6.2 Workflow of the column generation-based algorithm . . . . . . . . . . . . . 100
6.3 EFM enumeration versus EFM subset identification . . . . . . . . . . . . . . 102

7.1 The metabolic network map from Paper III . . . . . . . . . . . . . . . . . . 106
7.2 Integration of column generation into the modeling framework . . . . . . . . . 107
7.3 Weighting factors to improve the fit for unusual behavior . . . . . . . . . . . . 111
7.4 The flexible kinetics strategy, now with model reduction . . . . . . . . . . . 112

xiii



7.5 Overview of the cross-validation and model selection in Paper III. . . . . . . 113

xiv



List of Tables

2.1 The reactions of the glycolysis pathway . . . . . . . . . . . . . . . . . . . . . 21
2.2 The reactions of the pentose phosphate pathway . . . . . . . . . . . . . . . . 22
2.3 The reactions of the TCA-cycle . . . . . . . . . . . . . . . . . . . . . . . . 23
2.4 The reactions of the essential amino acid metabolism . . . . . . . . . . . . . 25
2.5 The reactions of the non-essential amino acid metabolism . . . . . . . . . . 26
2.6 The anaplerotic reactions . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
2.7 Possible amino acid syntheses . . . . . . . . . . . . . . . . . . . . . . . . . 29
2.8 The reactions of the urea cycle . . . . . . . . . . . . . . . . . . . . . . . . . 30
2.9 Patterns of amino acid uptake/secretion in CHO cells . . . . . . . . . . . . . . 31

3.1 Three types of idealizations that enable the modeling of complex model targets 37
3.2 Five guiding ideals that govern the model building process . . . . . . . . . . . 37
3.3 A framework for the classification of cell population models . . . . . . . . . 40
3.4 An overview of the metabolic networks in the present work . . . . . . . . . . . 47
3.5 Tasks of EFM analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58
3.6 Publications focused on kinetic modeling of cell cultures . . . . . . . . . . . 64

4.1 The selected amino acids to vary in the experiment . . . . . . . . . . . . . . 79
4.2 The selected concentration levels for the experiment . . . . . . . . . . . . . 80

6.1 Important contributions to the development of column generation . . . . . . . 97

7.1 Kinetic model development in Paper III . . . . . . . . . . . . . . . . . . . . 110

8.1 Extracting information from the EFMs and the macroscopic reactions . . . . . 121

xv





Contents

Abstracts iii

List of papers and authors’ contributions v

Abbreviations and notations vii

List of Figures xiii

List of Tables xv

1 Introduction 1
1.1 Production of biopharmaceuticals . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Challenges in process development . . . . . . . . . . . . . . . . . . . . 2
1.3 Mathematical modeling . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.4 Modeling approaches . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.5 Aim of the present thesis . . . . . . . . . . . . . . . . . . . . . . . . . . 5
1.6 Thesis organization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2 Biopharmaceutical production 7
2.1 Biopharmaceutical products and market . . . . . . . . . . . . . . . . . . . 7
2.2 Production and process development . . . . . . . . . . . . . . . . . . . 8
2.3 The metabolism of the CHO cell lines . . . . . . . . . . . . . . . . . . . 18
2.4 Future strategies for process optimization with metabolic models . . . . 32

3 Mathematical modeling of cells 35
3.1 Idealization and guiding ideals in the model construction process . . . . 36
3.2 Model classifications . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39
3.3 Introduction to metabolic reaction networks . . . . . . . . . . . . . . . . 42
3.4 Introduction to metabolic flux analysis (MFA) . . . . . . . . . . . . . . 46
3.5 Introduction to pathway analysis . . . . . . . . . . . . . . . . . . . . . . 53
3.6 Kinetic modeling of cell populations . . . . . . . . . . . . . . . . . . . 62
3.7 Derivation of a macroscopic kinetic model . . . . . . . . . . . . . . . . 72

4 Experimental data: Influence of varied amino acid availability in CHO cell
cultures 75
4.1 Aim and overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75
4.2 Experimental plan . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77
4.3 Experimental data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

xvii



5 Contribution of Paper I: Development of an initial methodology 83
5.1 Proposed concept and workflow . . . . . . . . . . . . . . . . . . . . . . 83
5.2 Application and further development . . . . . . . . . . . . . . . . . . . 86
5.3 Summary of the contribution . . . . . . . . . . . . . . . . . . . . . . . . 93

6 Contribution of Paper II: A column generation-based method for pathway
identification in complex metabolic networks 95
6.1 Introduction to mathematical optimization . . . . . . . . . . . . . . . . 95
6.2 Column generation applied to EFM identification . . . . . . . . . . . . . . 97
6.3 Summary of the contribution . . . . . . . . . . . . . . . . . . . . . . . . 104

7 Contribution of Paper III: Integration of the column-generation-based path-
way identification into the poly-pathway methodology 105
7.1 Network and identification of EFMs for the model . . . . . . . . . . . . 105
7.2 Kinetic model development and evaluation . . . . . . . . . . . . . . . . 109
7.3 Summary of the contribution . . . . . . . . . . . . . . . . . . . . . . . . 114

8 Contribution of Paper IV: Pathway identification in a genome-scale CHO
metabolic network using the column generation-based approach 117
8.1 The genome-scale network model . . . . . . . . . . . . . . . . . . . . . . 117
8.2 Pathway analysis at genome-scale . . . . . . . . . . . . . . . . . . . . . 119
8.3 Summary of the contribution . . . . . . . . . . . . . . . . . . . . . . . . 120

9 Conclusions and future perspectives 123

References 127

Acknowledgments 145

xviii



Chapter 1

Introduction

1.1 Production of biopharmaceuticals
Over the last decades, novel biotechnological approaches have enabled the selective
generation of therapeutic proteins in living cells. Nowadays, high-quality complex
biopharmaceutical products are produced in large-scale cell-based bioprocesses.
These biopharmaceutical products o↵er treatments for a range of potentially serious
and/or chronic conditions, and are of major importance to healthcare systems
globally (Ecker et al., 2015). Biopharmaceuticals constitutes a fast-growing sector
in the pharmaceutical industry, generating considerable profits each year (Walsh,
2014; Ecker et al., 2015; Faustino Jozala et al., 2016; Moorkens et al., 2017;
Soelkner, 2017). In 2016, total global sales amounted to $228 billions (Moorkens
et al., 2017), and are projected to reach $390 billions by 2020 as reported by the
IMS Health market research firm (Soelkner, 2017).

Mammalian cell lines have become the preferred hosts for many biopharmaceu-
tical products, in particular for the more complex ones requiring post-translational
modifications (PTMs) (Butler and Spearman, 2014; Jedrzejewski et al., 2014; Du-
mont et al., 2016). Chinese hamster ovary (CHO) cell lines derived from the ovary
tissue of a Chinese hamster (Puck, Theodore et al., 1958; Wurm, 2013) (Cricetulus
griseus) are the most widely used (Wurm and Hacker, 2011; Kim et al., 2012; Walsh,
2014). Products based on monoclonal antibodies (mAbs) (Leavy, 2010; Ecker et al.,
2015; Pierpont et al., 2018) dominate the market, and a majority are produced in
CHO cell lines (Walsh, 2014).
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1. Introduction

1.2 Challenges in process development
Upstream process development begins with gene cloning, choice of cell line, and
subsequent cell line development (Zhang, 2010; Kim et al., 2012; Wurm, 2013;
Dahodwala et al., 2012). After follows process design: the choice of bioreactor type
and cultivation mode (Xie and Wang, 1994a; Xie and Zhou, 2006; Kompala and
Sadettin, 2006; Henry et al., 2008), the development of suitable media (Burgener
and Butler, 2006), and the determination of various process parameters to achieve
satisfactory growth rates, productivity and product quality (Li et al., 2010; Pörtner
et al., 2017; Huang et al., 2017). First-to-market and product cost-e↵ectiveness
are factors driving process development (Li et al., 2010; Bhambure et al., 2011).
Meanwhile, the work is often complex, time-consuming, and costly (Li et al., 2010).

CHO cells and other mammalian cell lines need to be cultured in complex media,
frequently of proprietary composition (Zhang, 2010) and consisting of up to 50–60
di↵erent components. Genetic and phenotypic diversity can be found among the
various cell lines in use today (Wurm and Hacker, 2011; Wurm, 2013; Kaas et al.,
2014). As the chosen cell line is developed to express a novel product, additional
changes in genome and behavior occur, leading to specific nutritional requirements
(Carrillo-Cocom et al., 2015). Consequently, medium development constitutes an
important step in the upstream process development, especially since changes in
an original candidate medium composition can have dramatic e↵ects on growth,
product yield and/or quality (Zhang, 2010).

Mammalian cells lines are characterized by an ine�cient yet flexible metabolism
(Gódia and Cairó, 2006; Sidorenko et al., 2008; Altamirano et al., 2013; Feichtinger
et al., 2016). The impact of the culture media on the growth and cell metabolism in
cultivation can be evaluated based on the exchange of selected metabolites between
the cells and the medium (Kaas et al., 2014). Glucose and glutamine are the main
substrates and are rapidly consumed. Lactate and ammonium are rapidly secreted
by-products, and potentially toxic at high concentrations. Amino acids, studied
in the present thesis, are necessary for cell growth and product formation. All 20
natural amino acids are typically supplied, and their availability and concentrations
can influence growth and metabolism (Chen and Harcum, 2005). The uptake,
secretion, and potential depletion of amino acids and other metabolites (Gódia and
Cairó, 2006; Wahrheit et al., 2014a) provide clues on how to improve media and
feeds of a particular process (Xing et al., 2011; Sellick et al., 2011).

2



1.3. Mathematical modeling

1.3 Mathematical modeling
While process development strives to optimize multiple factors, this can be di�cult
to achieve through experiments and intuitive reasoning alone. To speed up the work
and cut costs, screening experiments in simple small-scale culture systems and lab-
scale instrumented bioreactors serve as simplified models before scale-up (Lara et al.,
2017). Unfortunately, there is often a lack of understanding for why certain changes
in the process conditions lead to improvements (Lewis et al., 2016; Huang et al.,
2017). Mathematical modeling has the potential to accelerate this work (Zeng and
Bi, 2006; Bailey, 1998). Models can provide frameworks for the interpretation of
data, enable in silico predictive simulations decreasing experimental workload, and
aid the identification of optimal process conditions through optimization algorithms
(Zeng and Bi, 2006). A meaningful research question, which is also the main theme
in this thesis, is therefore how to generate models of cell cultures and specifically
the type of models that can: (i) deepen our knowledge about cell-based processes;
and (ii) ultimately function as computational tools for process development and
optimization (Bhambure et al., 2011; Almquist et al., 2014).

1.4 Modeling approaches
For cell cultures, metabolic and mechanistically-based models are preferred, in
particular for predictions outside an experimental range. Models based on general
mathematical relationships, e.g. polynomial functions, are limited in this aspect.
Metabolic and mechanistically-based models incorporating biological properties
into the model structure are better suited for understanding cell behavior, and for
prediction and optimization tasks.

Metabolic flux analysis (MFA) is a method that can be used to estimate and
simulate fluxes over metabolic reaction networks, and has been applied to model
di↵erent organisms (Niklas et al., 2010; González-Martínez et al., 2014; Lopes and
Rocha, 2017), including mammalian cell lines (Xie and Wang, 1996a,b; Bonarius
et al., 1997; Martens, 2007; Sidorenko et al., 2008; Quek et al., 2010; Zamorano
et al., 2010; Goudar et al., 2007; Nicolae et al., 2014; Huang et al., 2017). Here,
a distinction can be made between steady-state metabolic models versus kinetic
or dynamic metabolic models (Steuer and Junker, 2009; Ben Yahia et al., 2015;
Almquist et al., 2014). Models describing single steady-states can be achieved using
basic MFA, potentially in combination with isotope tracer experiments (Bonarius
et al., 1998), or flux balance analysis (FBA) (Orth et al., 2010; Santos et al., 2011;
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Martínez et al., 2013; Huang et al., 2017). FBA relies on the optimization of a
biologically relevant objective function (Schuetz et al., 2007; Orman et al., 2011),
and is frequently applied to simulate the steady-state metabolism of microorganisms
under the assumption of maximized growth (Feist and Palsson, 2010; Huang et al.,
2017). Steady-state modeling, including FBA, has been applied to mammalian
cells and cell lines in several studies (Xie and Wang, 1996a,b; Sheikh et al., 2005;
Sidorenko et al., 2008; Quek et al., 2010), including CHO cells (Altamirano et al.,
2006; Zamorano et al., 2010; Goudar et al., 2010; Xing et al., 2011; Martínez
et al., 2013). For FBA studies of microorganisms, large and complex genome-
scale consensus models derived from the organism’s genome have been employed
for many years (Edwards and Palsson, 2000; Orth et al., 2011; Feist et al., 2007;
Hädicke and Klamt, 2017). These types of genome-scale models have only recently
become available for CHO cells (Wurm and Hacker, 2011; Xu et al., 2011; Kaas
et al., 2014; Hefzi et al., 2016; Rejc et al., 2017; Huang et al., 2017).

Steady-state models provide snapshots of cell metabolism under specified condi-
tions (Huang et al., 2017). If the conditions change, the metabolism may change in
response. Metabolic models incorporating kinetics have the ability to describe such
phenomena, and support dynamic simulations and predictions, possibly outside the
experimental range. Meanwhile, the generation of realistic kinetic models presents a
major challenge due to the lack of kinetic information for most organisms (Almquist
et al., 2014). Previous studies have demonstrated the simulation of dynamic cell
behavior in cell cultures using simplified kinetic models (Provost et al., 2005; Gao
et al., 2007; Zamorano Riveros, 2012; Zamorano et al., 2013). These kinetic models
are often limited in their scope, e.g. in the number of inputs and outputs, the size
and flexibility of the underlying metabolic network (Jungers et al., 2011; Zamorano
et al., 2013), and/or the experimental range covered. While progress has been made
(Jungers et al., 2011; Zamorano et al., 2013), many aspects remain to be studied.
Attempts to build large-scale kinetic models of E. coli have been made (Khodayari
et al., 2014; Khodayari and Maranas, 2016; Huang et al., 2017), yet large-scale
kinetic models of CHO cells still remain poorly developed (Huang et al., 2017).

Several of the proposed kinetic cell culture models are macroscopic kinetic
models (Provost et al., 2005; Gao et al., 2007; Zamorano Riveros, 2012; Zamorano
et al., 2013; Ben Yahia et al., 2015), and this is the type of model studied in the
present thesis. Main features are: the simplification of the metabolism into multiple
pathways running through the metabolic network that links observable extracellular
substrates to products; and a description of pathway kinetics based on simplified
kinetic equations. This approach appears to be suitable for industrial applications,
in which extracellular substrates and products are routinely monitored.
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1.5 Aim of the present thesis
This thesis is dedicated to mathematical modeling of cell cultures, and to the
question of how to generate such models. The aim is stated as follows:

To develop a methodology for generating one single kinetic macroscopic model,
representing mAb-producing CHO cells in pseudo-perfusion cultures, with the
ability to simulate diverse metabolic behavior triggered by variations in the initial
availability of single amino acids in the cultivation medium.

The specific CHO cell line, the type of bioreactor, medium and cultivation mode
targeted are further specified as follows:

• The cell line is CHO-K1SV (provided by Selexis, Switzerland), which pro-
duces Immunoglobulin G (IgG)—this is a common mAb with applications in
e.g. cancer treatment (Kato, 2016; Pierpont et al., 2018).

• Cultures are carried out in TubeSpin bioreactors (Strnad et al., 2010). This is
a simple culture system suitable for screening experiments, and which can
serve as simplified scale-down models of the instrumented bioreactors used
in large-scale manufacturing (Lara et al., 2017).

• The cultivation medium (provided by Irvine Scientific, CA, USA) is chemically-
defined, protein-free, and has the ability to support CHO-K1SV cell growth
and IgG synthesis.

• As specified in the aim above, cell cultures were carried out in pseudo-
perfusion cultivation mode. This is a simplified version of a continuous
cultivation mode referred to as perfusion (Kompala and Sadettin, 2006).
Pseudo-perfusion can be applied to study cell cultures under relatively stable
culture conditions, while using simple equipment.

The main application considered in this thesis is medium development, with
focus on the amino acids in the medium. Furthermore, the aim emphasizes that one
single model is to capture diverse metabolic behavior. This requisite stems from
a more general goal of cell culture modeling: the generation of models that are,
in practice, able to predict and optimize cell culture processes, e.g. to optimize a
medium composition. While this goes beyond the scope of this thesis, it is assumed
that such optimization requires that diverse metabolic behavior can be simulated
and predicted in one single kinetic model.
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1.6 Thesis organization
The modeling of complex biological systems presents a major challenge; it must be
realized through concerted e↵ort and engages researchers from di↵erent fields. In
the present case, a project was carried out in a collaboration between researchers
from biotechnology and from applied mathematics at KTH. The thesis is written
from the viewpoint of a biotechnologist with industrial applications in mind, to
whom the role of the mathematics is to provide tools for solving biotechnological
problems that arise. After this introduction, the remaining eight chapters of the
thesis are organized as follows. Chapter 2 outlines biopharmaceutical production
with focus on upstream process development and cell metabolism. Chapter 3
introduces general concepts and methods for the modeling of cells, and derives a
type of model proposed in the literature, and on which the present work was based.
The generation of experimental data for the purpose of method development are
described in Chapter 4. The development of methodology and generation of models
are covered in Chapters 5, 6, 7, and 8, each corresponding to one of the appended
papers. Lastly, Chapter 9 gives the conclusions, as well as prospects of how research
could be pursued in the future.
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Chapter 2

Biopharmaceutical production

2.1 Biopharmaceutical products and market

2.1.1 Biopharmaceutical products

Biological molecules play important roles in the human body (Faustino Jozala
et al., 2016). Biopharmaceuticals based on such molecules provide highly specific
treatments and diagnostics for various diseases. Major product classes include
hormones, growth factors, interferons, vaccines, mAbs, enzymes, fusion proteins,
gene therapy and nucleic acids. The IgG produced by the CHO-K1SV cell line in
this thesis belongs to the mAbs class. In terms of best-selling products, the mAb-
based products dominate the market (Walsh, 2014); in 2013, four mAb products
were found among the top five best-selling biopharmaceuticals within the EU and
US. All four were produced in mammalian cell lines; two indicated for treatment
of Rheumatoid arthritis, and the other two for Chron’s disease and Non-Hodgkin’s
lymphoma, respectively (Walsh, 2014).

2.1.2 mAb-based products

Antibodies are proteins produced naturally by cells of the immune system whose
function is to recognize and attach to specific targets found in proteins. mAb-based
biopharmaceuticals provide means to activate, inhibit or block proteins involved in
disease mechanisms, and can thus be used for diagnostic and treatment purposes.

mAbs are highly-specific and generally well-tolerated with lower risk of safety
issues compared to many other types of biopharmaceuticals (Ecker et al., 2015).
This has led to the widespread usage of mAb products in the treatment of numerous
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conditions, including e.g. cancer or autoimmune diseases. Depending on the
condition, patient populations can range from a few thousands (e.g. rare blood
or auto-inflammatory diseases) to hundreds of thousands (e.g. some cancers and
multiple sclerosis) to millions (e.g. asthma and rheumatoid arthritis) (Ecker et al.,
2015).

2.1.3 Future outlook

Biopharmaceuticals is a growing market and the number of products are expected
to increase (Faustino Jozala et al., 2016). mAb products have been predicted1 to
reach world-wide sales of nearly $125 billions by 2020 (Ecker et al., 2015). Several
factors drive this development, e.g. an increasing and aging world population, novel
mAb technologies (Tiller and Tessier, 2015; Ecker et al., 2015), and non-inventor
product versions (biosimilars) associated with lower research and development
costs. As patent protection and exclusivity rights expire (Moorkens et al., 2017),
a↵ordable mAb biosimilars are expected to open up cost-sensitive markets with
large populations in e.g. India, China, and Russia (Ecker et al., 2015).

2.2 Production and process development

2.2.1 Overview of process

The general manufacturing process for biopharmaceuticals can be divided into
upstream and downstream processing (Faustino Jozala et al., 2016; Pörtner et al.,
2017). Steps for the upstream process development include the selection of a cell
line, the development of that cell line to produce the biopharmaceutical product,
the selection of suitable culture media, bioreactor and cultivation mode, and the
definition of process parameters such as pH and temperature. It includes strategies
for the scale-up of cell bank/stock cultures to seed the large-scale bioreactor (seed
train), for controlling pH and oxygen supply, as well as for ensuring sterile condi-
tions throughout all operations. The steps of downstream processing involve the
harvest of the product from the culture, extraction and purification via e.g. centrifu-
gation, filtering, chromatography techniques, and the formulation, quality control
and packaging of the final biopharmaceutical product. The modeling approaches
developed in this thesis target upstream process development, and the selection of
culture media in particular.

1A prediction made in 2015.
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2.2.2 Host selection

Potential hosts include microbial cells (bacterial or yeast), fungi, animal cells
(insect, mammalian, or avian), and plant cells (Dumont et al., 2016; Faustino Jozala
et al., 2016; Bertolini et al., 2016). Transgenic animals (Bertolini et al., 2016)
and plants are other options. The selection depends largely on the ability of the
organism to perform the necessary PTMs of the recombinant protein. This involves
the proper assembly and folding of the protein, and in particular the attachment of
suitable glycan structures. The latter is referred to as glycosylation, and the resulting
structure as the glycosylation profile.

PTMs are critical for biopharmaceutical proteins as they a↵ect their structure,
clinical function and e�cacy (Butler and Spearman, 2014). Additionally, inappro-
priate PTMs can seriously compromise the safety of the product, as it may cause a
response in the immune system of humans (Dumont et al., 2016). The glycosylation
profiles of biopharmaceutical glycoproteins are of particular importance, as these
are species-specific and need to be identical or at least similar to those found in
human proteins.

Mammalian cell lines are frequently chosen for the production of biopharma-
ceutical products. Between 2010 and 2014, 212 biopharmaceuticals were approved
for EU and US markets and of those 60 % were produced in mammalian systems
(Walsh, 2014). Mammalian cells have the inherent ability to perform PTMs, and
to achieve human-like glycosylation profiles. Examples of mammalian cell lines
in biopharmaceutical production include CHO, murine myeloma (NS0 and Sp2/0),
and baby hamster kidney (BHK) (Zhang, 2010). Human cell lines are also in use or
under development (Dumont et al., 2016), e.g. the human embryonic kidney 293
(HEK-293) and fibrosarcoma HT-1080.

Compared to the microbial cells, mammalian cells have been associated with
technological limitations, e.g. slow growth, an ine�cient metabolism, complex
medium requirements and low productivity (Altamirano et al., 2013). Over time,
product yields have increased by several orders of magnitude thanks to gene am-
plification systems, and improvements in the process design (Jayapal et al., 2007;
Wurm et al., 2008; Rader and Langer, 2015; Langer, 2018). Fast growing microbial
cells with simple nutritional requirements (as e.g. E. coli, Saccharomyces cere-
visiae or Pichia Pastoris) may still represent more cost-e↵ective options (Dumont
et al., 2016; Faustino Jozala et al., 2016). Unfortunately, due to lack of specific
enzymes, intracellular compartmentalization, and chaperon enzymes involved in
protein folding, bacterial cells cannot always achieve the PTMs required (Waegeman
and Soetaert, 2011; Dumont et al., 2016). Yeast cells tend to attach mannose-rich
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glycans to proteins, which can impact the product e�cacy and safety (Dumont et al.,
2016). Insect and plant cells produce complex PTMs, but the resulting glycosylation
profiles achieved by these organisms are not human-like.

2.2.3 CHO cell lines

CHO cell lines have become standard in research and industry (Jayapal et al., 2007),
and are the most popular hosts in biopharmaceutical production; about one third of
the 212 biopharmaceuticals approved between 2010 and 2014 were produced by
CHO cells (Walsh, 2014).

The original CHO cell line was derived in experiments carried out in the 1950s.
The aim was to find new techniques for the long-term culture of human and animal
cells for applications in genetic research (Puck, Theodore et al., 1958). Tissues of the
Chinese hamster could be successfully grown, and reported as "particularly hardy
and reliable". Cells obtained from Chinese hamster ovary tissue could be cultured
at maintained growth rate for several months in a row, appearing to have undergone
spontaneous immortalization (Puck, Theodore et al., 1958; Wurm, 2013). During
the 1960s and 1970s, CHO cells were extensively used for studies in cell genetics
(Wurm, 2013). In 1986, human tissue plasminogen activator (tPA) produced in
CHO cells became the first biopharmaceutical produced in mammalian cells to be
regulatory approved (Zhang, 2010; Altamirano et al., 2013).

The popularity of CHO cell lines in biopharmaceutical production can be ex-
plained by several factors. It is easy to transfer foreign DNA into their genome
(Wurm and Hacker, 2011). They possess the capacity for e�cient PTMs, resulting
in glycoproteins compatible and bioactive in humans (Kim et al., 2012). When
suitable culture conditions are applied, this leads to rapid cell growth, at which the
cells typically double in number once a day (Wurm, 2013). CHO cells can be easily
adapted for suspension culture, to regulatory approved media, and to large-scale
processes (Kim et al., 2012). Low productivity typical for mammalian cell lines can
be overcome by powerful gene amplification systems available for CHO cell lines
(Kim et al., 2012). Finally, the long track-record as safe hosts for biopharmaceutical
production (Wurm and Hacker, 2011) makes it easier to obtain approval from regu-
latory agencies, promoting future use of CHO cell lines as production hosts (Kim
et al., 2012).

The lineage of popular CHO cell lines is illustrated in Figure 2.1. The CHO-
K1SV cell line used in the experimental work of this thesis originates from CHO-K1,
which was derived from the original CHO cell line in the late 1960s. As the genomes
of immortalized cells are dynamic (Wurm and Hacker, 2011), di↵erent CHO cell

10



2.2. Production and process development

Figure 2.1: The lineage of CHO cell lines illustrating the historic development of important
and widely applied CHO cell lines. EMS: ethyl methanesulfonate. Lonza and Fisher are
companies. ATCC: American Type Culture Collection. ECACC: European Collection of
Authenticated Cell Cultures. The cell line used in the experimental work of this thesis is
marked in grey. This figure is based on an illustration by Xu et al. (2017).

2. Biopharmaceutical production

Figure 2.1: CHO cell lines lineage illustrating the historic development of important and
widely applied CHO cell lines. This figure was adapted from the cell lineage of CHO
cells illustrated by Xu et al. (2017). EMS: ethyl methanesulfonate. Lonza and Fisher are
companies. ATCC: American Type Culture Collection. ECACC: European Collection of
Authenticated Cell Cultures. The cell line used in the experimental work of this thesis is
marked in grey.
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these complex biological molecules in turn requires more simple building blocks,
e.g. amino acids and other metabolites taken up from the medium or produced
intracellularly from other components.

Growth is quantified by the cell-specific growth rate µ, which can be calcu-
lated from an initial and final viable cell density measurement at two consecutive
time points:

µ =
ln( Cv

Cv,0
)

t � t0
, (2.1)

where Cv,0 and Cv are the numbers of viable cells at the two consecutive time points
t0 and t. The viability indicates the balance between viable and dead cells in the

12

lines have become genetically and phenotypically diverse (Wurm, 2013; Feichtinger
et al., 2016). Environmental changes promote such genetic drift, as cells with certain
properties are favored over more sensitive cells (Wurm, 2013), e.g. shifting from
adherent to suspension culture, changing the medium composition, or subjecting
cells to harsh conditions in large-scale bioreactor cultures. Di↵erent chromosomal
numbers and rearrangements (Wurm, 2013; Kaas et al., 2014) can be found between
C. griseus and di↵erent CHO cell lines (Cao et al., 2012), and even between cells
in the same cell population (Wurm and Hacker, 2011; Vclear et al., 2018). A
comparison of the genomes of several CHO cell lines and C. griseus identified
millions of point mutations and other genetic di↵erences that have occurred over
time (Lewis et al., 2013; Kaas et al., 2014).
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2.2.4 Cell line development

After the cell line has been chosen, the subsequent cell line development involves
steps of transfection, selection and amplification (Kim et al., 2012; Wurm, 2013;
Zhang, 2010). The end result is number of clones that produce the biopharmaceuti-
cal, but are genetically di↵erent to the original cell line and to each other. These
clones can respond di↵erently to changes in the media and other culture conditions.
Thus, candidate clones may need to be tested against established production plat-
forms, and additional process development must often be carried out (Kim et al.,
2012; Dahodwala et al., 2012).

2.2.5 Development of the cultivation process

The ultimate goal for upstream process development is to define a process that
achieves high density and viability of the cells, accompanied by a high cell-specific
productivity and final amount of the recombinant product (Huang et al., 2017; Li
et al., 2010). The process must also meet requirements imposed by regulatory
agencies in terms of process reproducibility, product quality (Huang et al., 2017)
and safety. Important factors that can be changed to influence process performance
include: changes in the media composition, temperature, and pH; the choice of
bioreactor type and cultivation mode; and the strategies chosen for feed and feed
rates, oxygen (O2) and carbon dioxide (CO2) supply, and agitation.

The cell growth is one of the most important cultivation variables and is observed
experimentally as an increase in the number of cells per volume with time. The
underlying process involves cell growth and division, which requires the synthesis
of nucleotides (DNA and RNA), protein and cell membrane. The synthesis of
these complex biological molecules in turn requires more simple building blocks,
e.g. amino acids and other metabolites taken up from the medium or produced
intracellularly from other components.

Growth is quantified by the cell-specific growth rate µ, which can be calcu-
lated from an initial and final viable cell density measurement at two consecutive
time points:

µ =
ln( Cv

Cv,0
)

t � t0
, (2.1)

where Cv,0 and Cv are the numbers of viable cells at the two consecutive time points
t0 and t. The viability indicates the balance between viable and dead cells in the
culture, and is defined as the percentage of viable cells relative to the total number
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of cells in the culture at a specific time point.

Viability% = 100 ⇤ Cv

Ctot
(2.2)

To evaluate the productivity, the cell-specific product secretion rate between
two consecutive time points can be calculated as follows:

qmAb = µ ·
cmAb � cmAb,0

Cv �Cv,0
, (2.3)

where cmAb,0 and cmAb are the concentration of mAb at two consecutive time points
t0 and t. The amount of product depends both on the cell-specific product secretion
rate and the number of viable and producing cells. Even if qmAb is stable, an
impaired cell growth and low viable cell density reduce the amount of product that
can be obtained.

2.2.6 Culture conditions

As first reported by Puck, Theodore et al. (1958), and in contrast to e.g. E. coli,
CHO and other mammalian cells in culture are highly sensitive to the environmental
conditions. The temperature and pH have to be kept within an optimal range
(pH: 6.9-7.4 (Burgener and Butler, 2006), T: ⇡37±0.1 degrees Celsius (Zhang,
2010)), and a complex medium has to be used to supply carbohydrates, amino
acids, inorganic salts, vitamins, hormones/growth factors, lipids and other nutrients
necessary for cell growth. Oxygen must be supplied to support cell respiration. The
osmolality of the medium (a measure of the osmoles (Osm) of solute per kilogram
of solvent (Osm/kg)), needs to be maintained at approximately 300 mOsm/kg. This
is to prevent osmotic imbalances between the cell and its surroundings (Burgener
and Butler, 2006). A rough control over pH can be achieved via the addition of
bu↵ers to the cultivation medium; bicarbonate, and potentially HEPES, is used in
combination with carbon dioxide supplied to the headspace. Typically, a mixture of
95% air and 5% carbon dioxide is used, which is in line with the pCO2 physiological
range (Altman and Dittmer, 1971; Dezengotita et al., 1998). The carbon dioxide
in the headspace dissolves and is in equilibrium with the bicarbonate bu↵er in the
medium.

2.2.7 Cultivation modes

The batch, fed-batch (Xie and Wang, 1994a; Xie and Zhou, 2006) and continuous
cultivation modes (e.g. chemostat cultures and perfusion) (Zhang, 2010) are well-
established techniques within cultivation technology (Wittmann et al., 2017).
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For the large-scale production of biopharmaceuticals using mammalian cell
lines, the batch or fed-batch modes are the most common (Xie and Wang, 1994a;
Xie and Zhou, 2006; Zhang, 2010). In batch mode, cells are seeded in a cultivation
medium after which no additional additions are made. In fed-batch mode, a feed
medium is fed to the cultivation in a strategic manner, primarily to avoid nutrient
depletion.

The timeline of these cultivations can be divided into four phases. The lag
phase corresponds to the period of limited growth that begins immediately after
seeding, during which the cells adapt to their new environment. The transition
into the exponential phase is marked by an acceleration of the growth rate, which
eventually stabilizes at a high and constant rate.

As the number of cells increases rapidly, the nutrient concentrations decrease.
In the fed-batch mode, the addition of a concentrated nutrient solution at particular
intervals can increase the maximum cell density, and prolong the cultivation (Zhang,
2010). Regardless, by-products (primarily lactate and ammonium) begin to accu-
mulate, inhibiting growth and promoting death. A decreasing growth rate marks
the transition into the stationary phase, during which growth and death rates are in
balance. Eventually, the cultivation enters the death phase; the death rate exceeds
the growth rate causing a decline in cell number.

In the continuous mode, e.g. chemostat, medium is continuously fed and culture
broth (including cells) removed. The result is a stable environment with a continuous
supply of nutrients and by-product removal. Chemostat culture is seldom used for
mammalian cells, as slow growth rates can lead to washout e↵ects.

Instead, continuous perfusion (Kompala and Sadettin, 2006) has become in-
creasingly popular within the biopharmaceutical industry. This is a variant of the
continuous mode in which the cells are retained inside or recycled back to the
bioreactor, using e.g. filter, sedimentation, centrifugation or acoustic aggregation
devices to separate the cells from the liquid (Kompala and Sadettin, 2006). Even
though perfusions are associated with high costs (Henry et al., 2008), contamination
risk, and complex set up and operation, they can last for several months, achieve
very high cell densities (Clincke et al., 2013; Zhang et al., 2015; Chotteau et al.,
2015) and ultimately generate large amounts of product (Zhang, 2010).

For the present work, a cultivation mode referred to as pseudo-perfusion (or
semi-continuous (Henry et al., 2008)) was chosen. This mode is a simplified version
of the perfusion mode, as the medium renewal is carried out at discrete time-
points. This reaps some of the benefits of a perfusion, yet can be carried out using
simple equipment available in most cell culture laboratories (e.g. small-scale non-
instrumented bioreactors, an incubator, a laminar air flow bench, and a centrifuge).
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Thereby, pseudo-perfusion suits small-scale and parallel screening experiments, in
which selected process parameters are tested on many di↵erent levels.

2.2.8 Bioreactors

A wide range of bioreactors are available for the cultivation of CHO cells (Zhang,
2010). While the original CHO cell lines were adherent, the description here is
limited to CHO cells in suspension which dominates in the industry (Zhang, 2010).

Small-scale and non-instrumented bioreactors, e.g. flasks, tubes or multi-well
plates, are used as models of the final large-scale bioreactor. These are kept inside
incubators that provide the appropriate temperature and an atmosphere of carbon
dioxide and oxygen. Loose caps allow for exchange of gas between the culture and
the atmosphere of the incubator. Gentle mixing to ensure a homogenous suspension
and distribution of gases is achieved by placing the flasks on shaking tables. The
TubeSpin bioreactors applied in this thesis belong to this category. A TubeSpin
resembles typical centrifuge plastic tube (e.g. 50 mL), but comes with a vented cap.
Multiple tubes can be placed in racks, allowing for parallel cultures to be carried
out, e.g. to screen di↵erent media.

The simple bioreactors described in the previous paragraph lack the monitoring
and control required in the final production process. A step-wise scale-up toward
the final process is therefore carried out in bioreactors with an increased level of
instrumentation. pH, pO2 and temperature are monitored using electrodes. pH
control is achieved through automated addition of acid (1M HCl) and base (1M
NaOH). pO2 control is achieved through controlled inflow of a CO2/O2 gas mixture.
Deviations in the temperature is counteracted by automated heating. In addition,
shear e↵ects on the cells resulting from primarily agitation and bubble aeration
can be studied (Pörtner et al., 2017); this is to achieve a strategy that minimizes
adverse shear and cell damage while still achieving su�cient mixing and gas supply
(Aunins and Henzler, 2008).

In the present work, cell cultures were carried out in TubeSpin bioreactors in
the pseudo-perfusion mode. While this set up serves as a model of the continuous
perfusions used in industry, an important di↵erence is the lack of control over
some process parameters achieved in larger instrumented systems. Exchange of the
medium at discrete time points can lead to significant fluctuations in e.g. pH, dis-
solved oxygen, and nutrient and by-product concentrations. From that perspective,
an alternative name for pseudo-perfusion is "repeated batch" since the cells experi-
ence similar conditions as during the exponential growth phase of batch-cultures
(Henry et al., 2008).
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2.2.9 Medium development

Changes in the medium composition can have dramatic e↵ects on the growth and
product yield and/or quality (Zhang, 2010; Xing et al., 2011), but presents a highly
challenging task (Bhambure et al., 2011). Even if medium development can be
complex and time-consuming, it is an opportunity to improve process outcomes.
An optimal medium formulation constitutes intellectual property of considerable
value. Consequently, the composition of most high-performance commercial media
are proprietary and not publicly available (Zhang, 2010).

Culture media used for mammalian cells contain a high number of components.
The nutritional requirements vary between di↵erent cell lines and candidate clones,
and may also be influenced by the composition of the biopharmaceutical product
(Carrillo-Cocom et al., 2015).

In the past, animal-derived components (e.g. from blood or tissue) were used
in media. The first CHO cell cultures carried out by Puck, Theodore et al. (1958)
relied on a defined nutrient solution of amino acids, vitamins, inorganic salts,
glucose, and some other components, supplemented with antibiotics and fetal calf
serum at 15 %. The potential interference of unknown components and issues with
reproducibility made these media inappropriate for some experimental work. In
addition, the reliance on animal-derived components was a major disadvantage in
biopharmaceutical production due to contamination risks, for which an example
is Bovine spongiformous encephalopathy (BSE) contamination in sera from cows
(Wurm, 2013).

Over the years, considerable e↵orts were made to reduce and finally elim-
inate the dependence on chemically undefined and animal-derived components.
Nowadays, chemically-defined media free of animal-derived components are com-
mercially available. In addition, modern media are frequently protein-free since this
benefits product purification.

Cell culture media are mixtures of carbohydrates, amino acids, inorganic salts,
vitamins, hormones/growth factors, lipids, and bu↵ers. Glucose is the most com-
monly used carbohydrate. In addition, the amino acid glutamine serves as a major
energy source. The availability of vitamins is essential to the cells, and to cell
growth and productivity. Vitamins function as co-factors for many enzymes. Supp-
lementation of lipids can significantly improve the performance of cell cultures, as it
reduces the need for lipid biosynthesis, and certain lipids are essential for some cell
lines. The medium also helps to maintain pH and osmolality within an acceptable
range. The pH is maintained via the use of bu↵ers; i.e. sodium bicarbonate as
previously mentioned.
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Medium optimization means solving a multifactorial and combinatorial problem.
There is a high number of potential components to choose from, and the combination
of components is important rather than the individual components themselves
(Burgener and Butler, 2006). Initially, several di↵erent candidate media, and
mixtures of them, can be screened.

The optimal concentration of a specific component can also be determined
by examining the growth response at di↵erent concentrations. However, due to
component interaction e↵ects, combinations of multiple components at varied
concentration levels must also be studied. Components with positive e↵ect in other
media or cultures may in another scenario have little impact, an may become toxic
due to such interactions. The media must also be chemically stable, during store
and in culture.

In depletion analysis, component concentrations in spent medium are analyzed
to reveal the nutrient profiles of a specific process. Depleted nutrients should
be increased in concentration (Xie and Wang, 1994b; Bibila and Robinson, 1995;
Bradley et al., 2010; Sellick et al., 2011), or supplied via feeds, (Bibila and Robinson,
1995), and components in excess could potentially be reduced in concentration (Xing
et al., 2011).

It is clear that there is a close connection between the development of media
and the cell metabolism. The medium provides the nutrients processed by the
metabolism to support the cell growth and product formation. In that context, an
ideal medium promotes a metabolism characterized by an e�cient usage of the
substrates, with limited formation of by-products.

The metabolism of cells in culture can be characterized experimentally by
sampling and concentration analysis of important medium components, the cell
number, the product, and several by-products at consecutive time points. From
such data follow the calculations of the corresponding cell-specific growth and
production rates (see (2.1) and (2.3), p. 12), and several metabolite uptake/secretion
rates. The latter can be calculated as follows for a metabolite i:

qext = µ ·
ci � ci,0

Cv �Cv,0
, (2.4)

After the rate data have been calculated, mathematical models can be used to
interpret such data, and to guide the design of media and feeds, e.g. using statistical
methods or flux analysis, which will be described in the next chapter.
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2.3 The metabolism of the CHO cell lines
Rapidly growing CHO cells are characterized by an altered overflow metabolism:
high glucose and glutamine uptake rates, and high lactate and ammonium secretion
rates (Gódia and Cairó, 2006). In a batch cultivation, glucose and glutamine are
rapidly depleted from the medium, while lactate and ammonium accumulate. The
pattern of uptake and secretion of amino acids tend to vary between cell lines, and
for a specific cell line when subjected to di↵erent culture conditions.

In this section metabolic subsystems, frequently referred to in metabolic cell
culture modeling, will be described. Figure 2.2 shows an overview of those subsys-
tems in the CHO cell metabolism. The reactions of a reaction network applied in
Paper III of this thesis will be referred to throughout the section (see Figure 7.1,
p. 106).

2.3.1 Overview of cell metabolism

Cell metabolism involves the chemical processes occurring within the cell result-
ing in growth, energy production and elimination of waste. Catabolism involves
metabolic processes in which complex molecules are broken down into simple ones
with the release of energy. Anabolism (also called biosynthesis) involves metabolic
processes in which complex molecules, e.g. proteins and fats, are synthesized from
simpler ones.

A metabolic pathway consists of several reactions in series, and most of those
reactions are catalyzed by enzymes. The metabolic flux through a pathway refers
to the turnover rate of metabolites through that pathway. This flux is regulated via
di↵erent mechanisms so that current demands are met, e.g. to support biosynthesis
and energy generation.

Anabolic pathways lead to the synthesis of complex macromolecules essential
for life, i.e. nucleic acids (DNA and RNA), proteins, lipids and complex carbo-
hydrates. Catabolic pathways lead to the breakdown of complex molecules to
generate energy. In principle, the energy released from catabolic pathways is used
by anabolic pathways. Some metabolic pathways can both produce and utilize
energy, depending on the current energy need and availability.

The metabolism of CHO cells has been described as flexible (Altamirano et al.,
2013); there is an inherent ability to balance the use of di↵erent metabolic subsys-
tems to counteract changes in their environment. This metabolism will be covered
in Sections 2.3.2-2.3.11. Here follows an overview of the most important pathways
and their functions in the cell.

18
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• The glycolysis pathway, the TCA-cylce, and the oxidative phosphorylation,
break down nutrients and transfer the energy released into energy molecules
(e.g. ATP, GTP, NADH, NADPH and FADH2).

– The glycolysis pathway converts glucose, the main source of energy of
living organisms, into pyruvate. ATP and NADH are generated.

– The pentose-phosphate pathway (PPP) runs parallel to the glycolysis and
converts glucose (via G6P) into pentose sugars and ribose-5-phophate
(a precursor for nucleotide synthesis). NADPH is generated.

– The tricarboxylic acid cycle, TCA-cycle, is also known as the Krebs
cycle or citric acid cycle, and carries out the oxidation of Acetyl-CoA
into carbon dioxide and water. NADH, FADH2 and GTP are generated.

– NADH and FADH2 are used in the oxidative phosphorylation pathway.
ATP is generated. Oxygen is the final electron acceptor in aerobic
respiration, and is reduced to water and energy stored as ATP.

• Examples of pathways involved in anabolism/biosynthesis are the syntheses
of the cell membrane, DNA and RNA, and proteins.

– The cell membrane consists of lipids: phospholipids, sphingolipids and
cholesterol. Phospholipids and sphingolipids are made from fatty acids.

– DNA and RNA are built from purine and pyrimidine nucleotides.
– Proteins are built from amino acids.

The biochemical reactions and metabolites of eukaryotes (e.g. protists, fungi,
animals and plants) are separated into cellular compartments (Schryer et al., 2009;
Wahrheit et al., 2011), making eukaryotic metabolism highly complex. Within
the cytosol are numerous membrane-bound organelles, i.e. the cell nucleus, the
mitochondrium, the endoplasmatic reticulum, the Glogi apparatus, the ribosomes,
the lysosome, and the peroxisome. Each compartment carries out specialized
functions, but needs to communicate and co-operate with others via signaling and
metabolite transport (Wahrheit et al., 2011). A metabolic pathway can span several
compartments, reactions can occur in parallel within di↵erent compartments, and
there can be distinct subpopulations of some organelles (Wahrheit et al., 2011).

2.3.2 Glucose uptake and lactate secretion

A metabolic pathway crucial for understanding mammalian and CHO cell metabolism
is the glycolysis, and its relation to lactate metabolism. The high-rate conversion of
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Figure 2.2: An overview of cell metabolism with important metabolic subsystems. Sub-
strates (glucose and glutamine) and by-products (lactate and ammonium) important in CHO
cells are indicated. The dashed red line indicates the location of the TCA-cycle in the
mitochondria. GLC: glucose; GLN: glutamine; LAC: lactate; NH4: ammonium, NH4

+.
This overview follows the arrangement of the subsystems in Figure 7.1 (p. 106), in which
the biochemical reactions are visible in the N126 network map from Paper III.

glucose into lactate in fast-growing CHO cells is the result of an ine�cient overflow
metabolism that does provide ATP, but also leads to extensive by-product formation.

Glucose is converted into pyruvate via a number of intermediates (Table 2.1).
Two molecules of ATP and two molecules of NADH are obtained. At this point,
two main routes for pyruvate are usually considered: either the conversion into
lactate, or the entry into the mitochondria for entering the TCA-cycle. Typically, a
large fraction of the pyruvate generated via the glycolysis is converted into lactate.
CHO cells operate with aerobic glycolysis (Mulukutla et al., 2010; Altamirano et al.,
2013), meaning that this conversion occurs even when oxygen is available. This
lactate production stemming from aerobic glycolysis is a characteristic feature of
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growing cells in culture (Gódia and Cairó, 2006; Mulukutla et al., 2012), and is
similar to "the Warburg E↵ect" observed in cancer/tumor cells (Warburg, 1956).

Table 2.1: The reactions of the glycolysis in network N126 (v1-v8), and a connection to the
TCA-cycle via transport of pyruvate into the mitochondria (v91), a conversion of pyruvate
into AcCoA (v14), which then enters the cycle via v15.

Glycolysis
v1 Glcext+ATP! G6P + ADP
v2 G6P$ F6P
v3 F6P + ATP! DHAP + GA3P + ADP
v4 DHAP$ GA3P
v5 GA3P + ADP + NAD+ $ 3PG + ATP + NADH
v6 3PG$ PEP
v7 PEP + ADP! Pyr + ATP
v8 Pyr + NADH! Lacext + NAD+

A connection to the TCA-cycle
v91 Pyr! Pyrm
v14 Pyrm + NAD+ ! AcCoAm + CO2,m + NADH
v15 AcCoAm + Oxam ! Citm

Di↵erent explanations have been proposed (Gódia and Cairó, 2006). One
suggests that the conversion of pyruvate into lactate via the lactate dehydrogenase
enzyme is favored to regenerate the co-factor NAD+ (Gódia and Cairó, 2006). While
the glycolytic conversion of glucose to pyruvate consumes NAD+, the conversion
of pyruvate into lactate catalyzed by the lactate dehydrogenase enzyme regenerates
NAD+, and could thus be necessary to maintain the cytosolic NAD+/NADH bal-
ance. Another explanation is a potential limitation in the capacity of the enzymes
responsible for the link between the glycolysis and the TCA-cycle.

The secretion of lactate into the medium can have detrimental e↵ects on the cell
culture. High lactate concentrations, ⇡ 35-40 mM, tend to occur in the later stages
of batch and fed-batch cultivations. Lactate accumulation in the medium leads to
a decrease in the pH. CO2 production associated with cell growth has a similar
e↵ect. This can be counteracted by pH control systems as previously described. The
addition of base (NaOH) to raise the pH to the set point does however increase the
osmolality of the medium, which is also problematic (Dezengotita et al., 1998).

Examples of strategies that can reduce lactate accumulation in mammalian cell
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cultures are the use of alternative sugars instead of glucose (Altamirano et al., 2006),
a controlled feeding of glucose (Gambhir et al., 1999), and various cell engineering
strategies (Zhou et al., 2011).

2.3.3 Pentose Phosphate Pathway (PPP)

The pentose phosphate pathway (PPP) provides an alternative route for G6P (glucose-
6-phosphate), an intermediate generated in the glycolysis (Table 2.2). The role of
the PPP is mostly anabolic, meaning that it supplies building blocks for biosynthetic
processes: NADPH, pentoses and ribose-5-phosphate. Ribose-5-phosphate is used
in the nucleotide synthesis (Figures 2.2 and 7.1).

The PPP can be divided into two phases. The first phase is termed oxidative
and generates NADPH for fatty acid synthesis. The second phase is termed non-
oxidative and generates six-carbon sugars. The PPP also results in release of carbon
dioxide.

Table 2.2: The reactions from the PPP in N126 (v9-v13). Metabolites found in the glycolysis
are marked in bold. Rl5P, which occurs in v9-v11, is a metabolite that enters the nucleotide
synthesis.

Pentose phosphate pathway (PPP)
v9 G6P + 2 NADP+ ! Rl5P + CO2 + 2 NADPH

v10 Rl5P$ R5P
v11 Rl5P$ X5P
v12 R5P + X5P$ F6P + E4P
v13 X5P + E4P$F6P + GA3P

2.3.4 The TCA-cycle

The tricarboxylic acid cycle (TCA-cycle), also known as the Krebs cycle or citric
acid cycle, acts as a central hub of the cell metabolism, as it is connected to several
of the other metabolic pathways (Table 2.3). But as the TCA-cycle is primarily
located in the mitochondria, it is separated from many of the other pathways, and
several metabolites need to be transported in between.

A key role of the TCA-cycle is in aerobic respiration, to which it supplies co-
factors for the energy generation. In terms of the number of energetic co-factors that
can be produced per carbon, the TCA-cycle is more e�cient than the glycolysis. In
CHO cells, despite this di↵erence, only a small fraction of the pyruvate generated in
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the glycolysis appears to enter the mitochondria for participating in the TCA-cycle
(Gódia and Cairó, 2006).

Table 2.3: Reactions from the TCA-cycle in network N126 (v14-v25).

TCA-cycle
v14 Pyrm + NAD+ ! AcCoAm + CO2,m + NADH
v15 AcCoAm + Oxam ! Citm
v16 Citm + NAD(P)+ ! aKGm + CO2,m + NADPH
v17 aKGm + NAD+ ! SucCoAm + CO2,m + NADH
v18 SucCoAm + GDP$ Sucm + GTP
v19 Sucm FAD+$ Fumm + FADH2
v20 Fumm $Malm
v21 Malm + NAD+ $ Oxam + NADH
v22 Cit$ AcCoA + Oxa
v23 Cit + NAD(P)+ ! aKG + CO2 + NAD(P)H
v24 Fum$Mal
v25 Mal + NAD+$ Oxa + NADH

The TCA-cycle is closely linked to the metabolism of amino acids, which will
be described in more detail in the next section. As will be seen, the conversion
between di↵erent amino acids often involve the TCA-cycle intermediates.

2.3.5 Introduction to the amino acid metabolism

Amino acids play a crucial role in the metabolism of mammalian cells. They act
as precursors for the proteins and nucleotides important in cell growth, and as the
main building blocks of the recombinant protein product. Some amino acids are
essential, as they cannot be synthesized by the cells, while other amino acids can be
synthesized (Table 2.7). Nevertheless, all the 20 natural amino acids are typically
provided in cell culture media to support cell growth and product formation (Xie
and Wang, 1996a).

The pattern of uptake/secretion rates for amino acids in cell cultures can be
unpredictable (Table 2.9, p. 31). The prevalence of amino acids in the recombinant
protein product can demand for higher consumption and/or synthesis of certain
amino acids (Carrillo-Cocom et al., 2015). The pattern also depends on the medium
(Wahrheit et al., 2014a; Hagrot et al., 2017) and current process parameters, and
can vary throughout a cultivation as the cell number and extracellular environment
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change (Wahrheit et al., 2014a). Increasing the concentration of certain amino acids
appears to protect cells from adverse e↵ects due to e.g. elevated ammonium (Chen
and Harcum, 2005), carbon dioxide or osmolality (Vivian et al., 2002).

2.3.6 Essential and non-essential amino acids

The amino acids are usually divided into: essential; non-essential; and conditionally
essential. The essential amino acids (EAAs) must be supplied in the culture medium,
as they cannot be synthesized by the cells. Essential amino acids include histidine,
isoleucine, leucine, lysine, methionine, phenylalanine, threonine, tryptophan and
valine. It is expected that growing CHO cells would consume EAAs, as these
are building blocks of proteins and product. EAAs can also be degraded via
EAA catabolism (Table 2.4). Their degradation routes replenish the TCA-cycle
via AcCoA and SucCoA. Ammonium, carbon dioxide, and glutamate are major
products of this metabolism, and aKG frequently occurs as a substrate.

The NEAAs of the mammalian cell metabolism include alanine, asparagine,
aspartate, glutamate, glutamine, glycine, proline, and serine. These can be synthe-
sized by the cells, and can thereby be both taken up and secreted. Isotopic tracer
studies have revealed that in CHO cells, the degradation and synthesis of some
of the non-essential amino acids appear to occur simultaneously (Wahrheit et al.,
2014b; Ahn and Antoniewicz, 2012; Deshpande et al., 2009), and that some of those
amino acids are reversibly exchanged with the surrounding medium (Nicolae et al.,
2014).

The conditionally essential amino acids, CEAAs, can be synthesized by the
cells; however, their syntheses do depend on the availability of certain other amino
acids. The following three examples are given by Gódia and Cairó (2006) for
the general mammalian cell line metabolism: tyrosine can be synthesized from
phenylalanine; cysteine can be synthesized from methionine; and arginine can be
synthesized by the arginase enzyme. Thereby, the essentiality of these amino acids
is situation-dependent.

Finally, certain amino acids are essential for specific cell lines (auxotrophy).
The CHO-K1 cell lines are proline-auxotrophic (Kao and Puck, 1967; Wurm, 2013)
and thereby requires proline in the culture medium. Unless transfected with vectors,
the GS-CHO cell lines are glutamine-auxotrophic, and DHFR-deficient cell lines
CHO-DG44 and CHO-DXB11 also requires glycine for growth. A more recent
comparison of CHO cell lines, carried out during the development of large-scale
metabolic models, indicated that the CHO-K1 cell line are actually auxotroph also
for the amino acids arginine and cysteine (Hefzi et al., 2016).
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Table 2.4: The reactions of the EAA metabolism in network N126 (v46-v63).

Essential amino acid metabolism
v46 Thr + NAD+ ! Gly + AcCoAm + NADH
v47 Thr! aKbut + NH4

+

v48 aKbut + NAD+ ! PropCoA + CO2 + NADH
v49 PropCoA + CO2 + ATP! SucCoAm + ADP
v50 Trp! Ala + aKad + 2 CO2
v51 Lys + 2 aKG + 3 NAD(P)+ + FAD! 2 Glu + aKad + 3 NAD(P)H + FADH2
v52 aKad + 2 NAD+ ! AcetoacCoA + 2 CO2 + 2 NADH
v53 AcetoacCoA! 2 AcCoAm
v54 Val + aKG + 3 NAD+ + FAD

! Glu + PropCoA + 2 CO2 + 3 NADH + FADH2
v55 Ile + aKG + 2 NAD+ + FAD

! Glu + PropCoA + CO2 + AcCoAm + 3 NADH + FADH2
v56 Leu + aKG + ATP + NAD+ + FAD

! Glu + Acetoac + AcCoAm + ADP + NADH + FADH2
v57 Acetoac + SucCoAm ! AcetoacCoA+ Sucm
v58 Phe + NADH! Tyr + NAD+
v59 Tyr + aKG! Glu + Fum + Acetoac + CO2
v60 Met + Ser + ATP! Cys + aKbut + NH4

+ + AMP
v61 Cys! Pyr + NH4

+

v62 Arg! Orn + Urea
v63 His! Glu + NH4

+

2.3.7 Glutamine uptake and ammonium secretion

The amino acid glutamine is of particular interest in mammalian cell culture, since
it is usually consumed at high rates which leads to overflow metabolism; glu-
tamine uptake and subsequent catabolism exceed what would be needed for purely
biosynthetic requirements (Altamirano et al., 2013). The result is an extensive
ammonium formation and secretion into the medium.

Ammonium is a potentially toxic and inhibitory by-product in CHO cell cultures
(Chen and Harcum, 2005). It can inhibit cell growth and negatively a↵ect the
productivity and quality of the recombinant product (e.g. on the glycosylation
profile). Ammonium generation is closely linked to the metabolism of amino acids,
and in particular to the glutamine uptake and degradation routes referred to as the
glutaminolysis.

In one route of the glutaminolysis, glutamine is first converted into glutamate,
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Table 2.5: The reactions of the NEAA metabolism in network N126 (v30-v45).

Non-essential amino acid metabolism
v30 Pyr + Glu$ aKG + Ala
v31 Pyrm + Glum $ aKGm + Alam
v32 Oxa + Glu$ aKG + Asp
v33 Oxam + Glum $ aKGm + Aspm
v34 Asn! Asp + NH4

+

v35 Asn + Glu$ Gln + Asp
v36 Gln$ Glu + NH4

+

v37 Glu + NAD(P)+ $ aKG + NH4
+ + NAD(P)H

v38 Glum NAD(P)+ $ aKGm + NH4m + NAD(P)H
v39 3PG + Glu + NAD+! aKG + Ser + NADH
v40 Ser! Pyr + NH4

+

v41 Ser$ Gly
v42 Gly$ CO2,m + NH4

+

v43 aKG + Orn$ Glu + Glu�SA
v44 Pro! Glu�SA
v45 Glu�SA$ Glu

and then into aKG to replenish the TCA-cycle. Each step of this route generates
ammonium, leading to formation of two moles of ammonium ions per mole of
glutamine.

A second route converts the glutamate and pyruvate into aKG and alanine via
an alanine transaminase enzyme. This conversion does not generate ammonium.
In this way, alanine serves as a nitrogen sink, which provides an alternative route
with reduced ammonium formation. This can explain why alanine is often secreted
as a by-product when CHO cells are cultured in glutamine-containing media (see
Table 2.9).

In a third route, aspartate transaminase converts oxaloacetate and glutamate
into aspartate and aKG. Again, this conversion does not generate ammonium, and
aspartate can thereby serve as a nitrogen sink similar to alanine.
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Figure 2.3: Routes of the glutaminolysis and the connection between the glutaminolysis
and the glycolysis. A: Degradation of glutamine into aKG via glutamine synthetase (GS)
and glutamate dehydrogenase (GDH). B: Alternative routes via transaminase enzymes,
alanine transaminase (ala TA) and aspartate transaminase (asp TA). C: Conversion of
malate/oxaloacetate into pyruvate; for enzymes see the text and Table 2.6. Note that citrate
is extracted from the cycle to supply lipid synthesis. This figure is based on illustrations by
Gódia and Cairó (2006), specifically Figure 3 and 4.

There is a connection between the glycolysis and the glutaminolysis (Figure 2.3).
aKG derived from glutamine enters the TCA-cycle, and is converted into malate via
the lower half of the cycle. The frequent route to account for this overflow in the
TCA-cycle is via the malate shunt (Gódia and Cairó, 2006); malate is exported out
of the mitochondrion, and then converted into pyruvate via a cytosolic malic enzyme
(ME) (Niklas et al., 2011). This connects the glutaminolysis to the glycolysis, and
pyruvate derived from glutamine can be converted into lactate. The degradation of
glutamine is thereby linked to the lactate secretion.

Other routes connecting malate to pyruvate are possible, and it can be di�cult to
separate them experimentally (Niklas and Heinzle, 2011), see Table 2.6. In network
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Table 2.6: The anaplerotic reactions in network N126 (v26-v29). ME: malic enzyme. PC:
pyruvate carboxylase. PEPck: phosphoenolpyruvate carboxykinase.

Anaplerotic reactions
ME v26 Malm + NAD(P)+ $ Pyrm + CO2 + NAD(P)H
PC v27 Oxam + ADP$ Pyrm + CO2 + ATP
PEPck v28 PEP + CO2 + GDP$ Oxa + GTP
ME v29 Mal + NAD(P)+ $ Pyr + CO2 + NAD(P)H

N126, there is a mitochondrial version of ME that can convert malate into pyruvate,
within the mitochondria. Another route involves oxaloacetate. Oxaloacetate is
obtained from malate in the TCA-cycle, but this reaction can also take place in the
cytosol via malate dehydrogenase (MDH). Oxaloacetate can then be converted into
PEP, an intermediate of the glycolysis, by the phosphoenolpyruvate carboxykinase
(PEPck) enzyme (Niklas et al., 2011). Finally, the enzyme pyruvate carboxylase
(PC) can perform the opposite conversion of pyruvate into oxaloacetate within the
mitochondria.

2.3.8 General trends of amino acid uptake/secretion patterns

Gódia and Cairó (2006) divides amino acids into three groups based on the general
trend of consumption/production in mammalian cell cultures. Valine, isoleucine,
leucine, lysine and cysteine are usually consumed rapidly. Threonine, arginine,
phenylalanine, serine, histidine, methionine and glycine usually remain constant or
are consumed in fair amounts. Alanine, proline, asparagine and glutamate are typi-
cally produced. Table 2.9 lists the amino acids and the pattern of uptake/secretion
described by (Gódia and Cairó, 2006), and as reported in some literature for CHO
cells (Gódia and Cairó, 2006; Zamorano et al., 2010; Wahrheit et al., 2014a). The
patterns observed in the present work are also indicated (the generation of those
data are presented in Chapter 4).

2.3.9 Amino acid synthesis

NEAAs can be synthesized within the cell. In Table 2.5, ten of the sixteen reactions
in the NEAA metabolism are reversible, and some of the NEAAs can be synthesized
via the degradation of EAAs in the EAA metabolism.
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As shown in Table 2.4, glutamate is produced in six reactions of the EAA
metabolism; i.e. in the degradations of lysine (v51), valine (v54), isoleucine (v55),
leucine (v56), tyrosine (v59), and histidine (v63). Glycine and alanine are produced in
degradation of threonine (v46) and tryptophan (v50), respectively. Serine is consumed
in the degradation of methionine (v60).

As can be seen in Table 2.7, glutamate is a highly connected metabolite within
the amino acid synthesis and metabolism. Glutamate can be obtained from ten other
amino acids. Noteworthy is that aspartate can be obtained from asparagine, and
serine and glycine are interconvertible, as are glutamine and asparagine.

Table 2.7: Synthesis of amino acids. Proline synthesis is not represented as CHO-K1 cells
are definitely auxotrophs for this amino acid.

Can be obtained from
Amino acid NEAAs (C)EAAs

NEAAs
Ala Glu Trp
Asn Gln
Asp Glu, Asn
Glu Ala, Asp, Gln, Pro Lys, Val, Ile, Leu, Tyr, His
Gln Glu, Asn
Gly Ser Thr
Ser Gly

CEAAs
Cys Met
Tyr Phe
Arg Asp, Glu

2.3.10 Balancing ammonium

The metabolism of amino acids contributes to ammonium formation, and to am-
monium consumption. At high ammonium, the metabolism can adapt; ammonium
release is reduced and ammonium fixation supported via increased production and
secretion, or decreased uptake and degradation, of specific amino acids (Wahrheit
et al., 2014a). As seen in Table 2.4, four reactions in the EAA metabolism generate
ammonium, i.e. degradations of threonine (v47), methionine (v60), cysteine (v61) and
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histidine (v63). And as seen in Table 2.5, four out of the five ammonium–generating
reactions in the NEAA metabolism are reversible in network N126.

2.3.11 Urea cycle

The metabolism of urea in the urea cycle is connected to the detoxification of
ammonium, and to amino acids glutamate and arginine (Table 2.8). In animals,
the urea cycle contributes to ammonium detoxification, primarily in the liver, by
converting ammonium into urea that is secreted. The activity of the cycle in CHO
cell lines has been uncertain. While mammalian tissue is ureotelic (Bonarius et al.,
1996), it is usually assumed that the urea cycle is not active in tumor cells (Coleman
and Lavietes, 1981; Bonarius et al., 1996; Martens, 2007), industrial mammalian
cell lines (Martens, 2007) or CHO cells (Altamirano et al., 2013). Zamorano et al.
(2010) reported that small amounts of urea could be detected during cultures of
a CHO cell line. In a more recent study, the concentration of urea was analyzed
during cultures of a CHO-K1 cell line under varied availability of glutamine; in that
case, no urea was detected (Wahrheit et al., 2014a).

Table 2.8: The reactions of the urea cycle in network N126 (v64-v66).

Urea cycle
v64 Orn + NH4

+
m + 1 CO2,m + 2 ATP! 1 Cln + 2 ADP

v65 Asp + Cln + ATP! Argsucc + AMP
v66 Argsucc! Fum + Arg

As pointed out by Martens (2007), it is possible that products of the urea cycle
other than urea could be secreted during a culture (e.g. citrulline and/or ornithine)
(Martens, 2007). Furthermore, Park et al. (2000) achieved a reduced ammonium
accumulation by forcing permanent expression of selected urea cycle enzymes (Park
et al., 2000), and pointed out that certain co-factors were needed for the activation
of some of those urea cycle enzymes (e.g. ATP, acetylglutamate and ornithine).

30



2.3. The metabolism of the CHO cell lines

Table 2.9: Patterns of amino acid uptake/secretion in mammalian cells and CHO cells.
E: essential, NE: non-essential, CE: conditionally essential. +: secretion, �: uptake, c:
constant, +/�: varying between uptake and secretion, d: depleted. NA: measurement not
available. General trend refers to the one described by Gódia and Cairó (2006).
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Alanine Ala A NE + + + + + + +

Aspartate Asp D NE + � +/� +/� + + +/�
Asparagine Asn N NE + � � � � + �
Cysteine Cys C CE + NA � � NA NA �
Glutamate Glu E NE + + +/� +/� + + +

Glutamine Gln Q NE � � �/d +/� � � �
Glycine Gly G NE �/c + +/�/c +/� + + +/�
Proline Pro P NE + � � � NA NA �
Serine Ser S NE �/c � � � � � +/�/c
Tyrosine Tyr Y CE � � � � � � �
Arginine Arg R E/CE �/c � � � � � NA
Histidine His H E �/c NA/- � � � � NA/�
Isoleucine Ile I E �� � � � � � �
Leucine Leu L E �� � � � � � �
Lysine Lys K E �� � � � � � �
Methionine Met M E �/c � � � � � �
Phenylalanine Phe F E �/c � � � �
Threonine Thr T E �/c � � � � � �
Tryptophan Trp W E � NA � � � � �
Valine Val V E � � � � � � �
a CHO-320 cells in batch (Zamorano et al., 2010).
b CHO-K1 cells in glutamine-supplemented medium at di↵erent glutamine
concentrations in either batch or fed-batch mode cultures (Wahrheit et al., 2014a).
c CHO-K1 cells in glutamine-free medium in either batch or fed-batch cultures
(Wahrheit et al., 2014a).
d CHODUKX with asparagine in repeated three-day batch cultures (refers to the two
first repetitions) (Seewöster and Lehmann, 1995).
e CHODUKX without asparagine in repeated three-day batch cultures (refers to the third
repetition) (Seewöster and Lehmann, 1995) .
f CHO-K1 cells in media with varied amino acid availability in parallell
pseudo-perfusion mode cultures (this thesis).
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2. Biopharmaceutical production

2.4 Future strategies for process optimization with
metabolic models

Process optimization, here relating to the upstream process and in particular to the
cultivation, is the action of adjusting the conditions and the process parameters in
such a way that the best possible process outcome is obtained. The best outcome
could depend on multiple objectives, e.g., a high amount of final product, a high
product quality, and an overall process cost-e↵ectiveness.

2.4.1 A framework for optimization strategies

In their review, Bhambure et al. (2011) divides process optimization strategies into
four types: A, B, C, and D. Strategy A is one used historically for the production
of biopharmaceuticals and entails experience, empirical knowledge, and heuristic
approaches such as rule-of-thumb and intuitive reasoning. Strategy B entails high-
throughput experiments based on e.g. robotic equipment, liquid handling devices,
sensitive detectors, and data processing and control softwares. Strategy C involves
algorithms and optimization tools. Finally, Strategy D encompasses hybrid strategies
obtained by combining two or three of A–C. In this thesis, adopting a hybrid strategy
appears most interesting, as there are clearly synergistic e↵ects to be gained.

In a hybrid strategy, simply put, A could be said to be of human nature, B is a
robotic system, and C a computational program. A includes our acquired knowledge
and experience, books, databases etc., our ability to plan and carry out experiments,
interpret results, plan new experiments and generate new knowledge. But there are
clearly cognitive limitations of the human mind, as well as limitations in our ability
to e�ciently and accurately perform repetitive and parallel manual tasks. Here,
advanced computational programs (C) can compensate for our cognitive limitations,
and robotic systems (B) can reduce our dependence on manual labor, and the risk of
human error.

To provide an example from medium optimization, a typical experiment to select
promising candidates is to culture the cell line in di↵erent medium compositions
and register the growth rate, productivity, and product quality. High-throughput
(B) increases the number of medium compositions that can be tested for a specific
cell line within a reasonable time frame. Algorithms and optimization tools (C)
can support the experimental design, the analysis and interpretation of the data, the
extrapolation within and beyond the experimental range, and the optimization of
media compositions and feeding strategies.
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2.4. Future strategies for process optimization with metabolic models

2.4.2 A vision of the future

In the future, robots and computers within biopharmaceutical production might
evolve toward artificially intelligent systems (AI), with abilities such as learning,
planning, decision-making, and self-programming. Progress within this area largely
depends on our ability to translate our knowledge, experience and objectives into
instructions that can be interpreted by our computers and robotic systems, and
enable them to provide us with relevant outputs.

For medium development applications, the standpoint taken in this thesis is that
the synergy between human, robot, and computer will benefit from metabolic mod-
els, representing the connection between the medium composition, the underlying
metabolism, and the resulting process outcome. Below are tasks that the type of
models considered in this thesis could hopefully perform, in the future:

1. Interpret culture data obtained in medium screening experiments through
advanced modeling of the underlying metabolism.

2. Simulate growth rates, productivity and metabolism as functions of di↵erent
medium compositions in order to identify candidates for experimental testing.

3. Identify an optimal medium composition for a particular cell line, product,
and production process.

The focus in the next chapter is on useful theory and methods for the generation
of such models.
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Chapter 3

Mathematical modeling of cells

"...if validly constructed, a metabolic model is the key to a vast variety of
properties that cannot be accessed by intuitive reasoning alone"

(Steuer and Junker, 2009)

Figure 3.1 shows a drawing of a general model M, in this case representing a
cell population producing a biopharmaceutical. The complex cell described in the
pervious chapter has been simplified to a box, with inputs and outputs represented
by arrows.

M
cA
cB
cC
pH
Temp.

Cell density and growth (Cv, µ)
Product secretion (cmAb, qmAb)
Substrate uptake (e.g. cGlc, cGln, qGlc, qGln)
By-product secretion (e.g. cLac, cNH+4 , qLac, qNH+4 )
Glycosylation profile

Figure 3.1: A general macroscopic/black-box model M of a cell population.

Inputs could be the concentrations of extracellular components present in the
medium (here cA, cB, and cC for components A, B, and C), potentially complemented
by physical parameters such as the pH and/or temperature. The given outputs are: the
resulting cell density (Cv) and growth rate (µ); the product secretion (cmAb and qmAb)
and quality (here the glycosylation profile); and the metabolic behavior, meaning
the uptake/secretion of selected extracellular metabolites from/to the medium (e.g.
cGlc, qGlc, cLac, and qLac). The type of model depicted in Figure 3.1 could be
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3. Mathematical modeling of cells

referred to as a macroscopic model (Ben Yahia et al., 2015), or a black-box model
(Bunge, 1963), in which variations in the observable inputs produce a response in
the observable outputs, or in the macroscopic behavior of the cells.

Any model M is a simplified representation of a real-world target T . When it
comes to cell-based biological systems, T is inherently complex. As a consequence,
models of cells are always extensively simplified in relation to their real-world
target (Bailey, 1998). Despite advancements in the characterization of biological
systems, this situation will likely persist, at least within a foreseeable future. How
to generate a model M and what simplifications that can be justified will depend
on what the model is to be used for. To generate M for mammalian cell cultures,
kinetic macroscopic modeling has been proposed in several papers (Table 3.6), and
the same approach is considered in the present thesis.

In the next section, this chapter begins with a discussion about simplifications,
and the ideals that guide the development of modeling methodology and generation
of biological models (Section 3.1). This is followed by a description of model
classifications relevant to the modeling of cell populations (Section 3.2). After this,
focus is given to the concepts and methods relevant to arrive at and further develop
macroscopic kinetic models (Sections 3.3-3.5). Finally, the chapter ends with the
derivation of a macroscopic kinetic model (Section 3.7), which sets the stage for the
present investigation of this thesis.

3.1 Idealization and guiding ideals in the model
construction process

A model is a distorted version of its target, and the process of distortion is referred
to as idealization. A guiding ideal is a goal that governs the model construction
process. An awareness of idealization–types and guiding ideals can be helpful
in model construction, as it provides a systematic framework against which to
evaluate and compare various models and proposed methodologies. In a paper
published in the Journal of Philosophy, Weisberg (2007) outlines three types of
idealization: Galilean, minimalist, and multiple models idealization (MMI); these
are summarized in Table 3.1. Weisberg (2007) also introduces the five guiding ideals
listed in Table 3.2: completeness, simplicity, 1-causal, Maxout, and generality.

The completeness ideal aims toward a true and highly accurate representation
of the complex model target, incorporating all the information currently available.
This ideal can never be fully realized, but can still be a primary goal. Galilean
idealization is driven by this ideal, but is pragmatic: simplifications are accepted mo-
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3.1. Idealization and guiding ideals in the model construction process

Table 3.1: The three types of idealization suggested by Weisberg (2007) that enable the
modeling of complex model targets.

Galilean Strives for a complete, accurate and precise model. Sim-
plifies to achieve a tractable problem, based on pragmatic
justification. Assumes future de-idealization, and is sensi-
tive to the current state of science and technology.

Minimalist Includes those factors that make a di↵erence to the occur-
rence and character of the phenomenon under study.

Multiple
models
idealization
(MMI)

Builds multiple related but incompatible models, justified
by the idea of tradeo↵s. Does not expect a single best
model, but recognizes that multiple models are required
to satisfy our scientific needs.

Table 3.2: Five of the guiding ideals introduced by Weisberg (2007).

Completeness Include every property of the target and the external fac-
tors.

Simplicity Include as little as possible to achieve a qualitative predic-
tion of the phenomenon.

1-Causal Include only the core or primary causal factors that ac-
count for the phenomenon of interest, that is, the "factors
that make a di↵erence".

MaxOut Values predictive power. Maximize the precision and
accuracy of the model’s output

Generality Increase the number of actual targets (a-general) and pos-
sible targets (p-general).

mentarily, but will be removed once more information, theories, and computational
power become available (Weisberg, 2007). In biological modeling, striving for
completeness tends to be time-consuming and requires extensive resources. As will
be seen in Section 3.6 on kinetic modeling, the result is often a complex model, for
which calculations are di�cult, and for which crucial information is still missing.

As a contrast, the simplicity ideal embraces a simplified representation of the
model target. Simple models are generally easy to set up and calculate, and are good
starting points for testing new ideas, for the development of new methodology, and
eventually more complex models. Simple models are also useful in a pedagogical
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3. Mathematical modeling of cells

context, and can help build intuition about the behavior of the system (Weisberg,
2007). From the perspective of biopharmaceutical industry, modeling applications
that are straightforward and user-friendly are attractive, as they can be adopted by
employees with limited expertise. Simplicity could mean that constraints in time
and costs can be met1.

The 1-causal ideal prioritizes the inclusion of the causal factors that account for
the phenomena under study. This is in line with practice of minimalist idealization.
A minimal model could be simple, but is not necessarily so (Weisberg, 2007); there
is no restriction in terms of complexity per se. The 1-causal ideal can be useful
when the purpose of the model is to explain and to improve our understanding about
a system’s behavior; it highlights the essential properties, leaving out extraneous
details.

The Maxout ideal values predictive power, i.e. to maximize the precision and
accuracy of the model’s output. It does not say how to achieve this (Weisberg,
2007). Black-box models, which will be introduced in Section 3.2.3, can have great
predictive power but they do not necessarily explain the system behavior (Bunge,
1963). Model selection can be carried out guided by this ideal; a best model, the
one with the best fit to data, is chosen from a set of alternative models, and a new
best model is identified as more data come in (Cawley and Talbot, 2010).

The generality ideal strives to increase the number of targets that a particular
model captures. Certain models can accurately simulate the behavior of cells under
specific conditions, e.g., models developed for the monitoring and control of a
defined manufacturing bioprocess need to be valid with high precision within a
narrow operating range (Hodgson et al., 2004). The same model may however fail
to simulate or predict the behavior of the system when culture conditions change,
and would thus possess a low degree of generality from that perspective. When
the purpose is prediction and optimization, the model must encompass a range of
di↵erent input parameter values and have an ability to simulate accurate outputs,
even outside an experimental range. If this is the purpose of the model, generality
can become an important guiding ideal.

Clearly, the guiding ideals are not always compatible. There must therefore
be tradeo↵, balancing the ideals against each other. MMI emphasizes that for the
modeling of complex phenomena, such as those observed in biological systems,
multiple models are required to "satisfy our scientific needs". No single model can
have all desired properties to the highest magnitude (Levins, 1966; Weisberg, 2007).

1 These aspects were stressed by an industry representative at one of my conference
poster presentations.
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3.2. Model classifications

Naturally, models that prioritize ideals di↵erently will be found in the research
literature, and the tradeo↵ might change throughout phases of model development.

3.2 Model classifications
Mathematical models of cells can be classified into di↵erent categories. Some of
them, which are frequently referred to will be described in this section to provide a
wider context for the type of models applied in the present work.

3.2.1 Probabilistic/stochastic versus deterministic models

Probabilistic/stochastic models describe a small number of individual cells or
molecules (Székely and Burrage, 2014), as would be relevant at microscopic scales
(Kirkilionis, 2010). In deterministic models, average behavior of the cell pop-
ulation is described rather than that of individual cells; growth, production and
consumption are modeled as continuous processes (Tsuchiya et al., 1966; Székely
and Burrage, 2014). Deterministic models tend to be more intuitive (Kirkilionis,
2010), and suit the modeling of large cell populations best (Ben Yahia et al., 2015);
as in the present work, measurements referring to the properties of individual cells
or molecules are typically not available. All models discussed in this thesis are
therefore deterministic.

3.2.2 A systematic framework for cell population modeling

Table 3.3 illustrates the systematic framework for the classification of mathematical
models of fermentation processes, established by Fredrickson et al. (1970). This
framework has had a large influence on the way biochemical engineers think about
cells (Fredrickson et al., 1970; Bailey, 1998). It defines four model classes based on
the combination of an either unstructured or structured, with an either unsegregated
or segregated point of view. Within the framework, the unstructured unsegregated
class is the most idealized, and the structured segregated the most realistic (Bailey,
1998).

Unstructured models idealize the cell population as one single component.
Structured models describes the cell in more detail, e.g. by dividing the model into
an extracellular and intracellular part; an internal structure of multiple components
and reactions is accounted for, potentially in combination with relevant transport
and enzyme kinetics (Sanderson et al., 1996).
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3. Mathematical modeling of cells

Table 3.3: A systematic framework for the classification of cell population models, based
on Figure 1 in the paper by Bailey (1998).

Unstructured Structured
Unsegregated An average one-component cell. An average multi-component cell.

Segregated A heterogenous population of
one-component cells.

A heterogenous population of
multi-component cells.

Unsegregated models idealize the cells as a homogeneous population. In con-
trast, segregated models account for distinct subpopulations within the culture
(Fredrickson et al., 1970; Bailey, 1998). Cell population heterogeneity can be
relevant, e.g. to model the proportion of cells in di↵erent phases of the cell cycle
(i.e. G1, S and G2/M), or the increasing proportion of apoptotic cells and dead cells
in some cultures (Zeng and Bi, 2006; Naderi et al., 2011). In the present work, the
cell populations in the pseudo-perfusion cultures will be idealized as homogenous.

3.2.3 Black-box models
"A black box is a fiction representing a set of concrete systems into which
stimuli S impinge and out of which reactions R emerge. The constitution and
structure of the box are altogether irrelevant to the approach under considera-
tion, which is purely external or phenomenological. In other words, only the
behavior of the system will be accounted for."

Bunge (1963), p. 346.

Black-box theory idealizes a real world system, i.e. an open system in which there
is a boundary between the system and its surroundings, to a black box. Input and
output flows represent exchanges between the system and its surroundings. The
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system is hidden to the observer; only stimuli (inputs) and responses to those stimuli
(outputs) can be observed. In the case of an experiment, the observer is in control of
and can vary the inputs, and records the output response. Afterwards, a model is
derived from those inputs/outputs.

A pure black-box model of a cell population would belong to the unstructured
unsegregated model class; this is because the internal structure of the cells, or
the existence of subpopulations, are both based on knowledge about the system’s
internal organization. In a pure black-box model, the relation between the inputs and
the outputs is inferred only from the data, and modeled via a suitable mathematical
relationship, e.g. linear or quadratic polynomial functions. This can also be referred
to as data-driven, or empirical/descriptive modeling.

A good example of empirical modeling often applied in engineering is design
of experiments (DoE); DoE is a systematic framework for experimental design
and predictive modeling of multiple factors and interaction e↵ects (Ryan, 2011).
The method highlights correlations between inputs and outputs, and can guide a
user toward optimal conditions. However, the fact that the biological properties are
ignored may impose a limitation on the model scope, and on the model’s explanatory
power.

It could be argued that macroscopic cell culture models are of black-box–type,
since macroscopic refers to what can be observed. In practice however, knowledge
about the organization of the system is often available to the observer, and will
influence the model construction to some degree. In that case, the model can be
referred to as of grey-box–type. The situation which will be relevant in the present
work is one in which measurements are limited to the extracellular components, but
some knowledge about the internal structure of the cells is available, and largely
influences the formulation of the model equations.

3.2.4 Mechanistic and structured models

In a mechanistic model, the underlying biological mechanisms that give rise to
the observed phenomena are emphasized to provide a more complete and accurate
description. Biological properties of the target system are introduced to generate a
structured model.

The information that characterizes relevant biological systems has increased
significantly over the years, and so has the availability of powerful computational
tools (Sanderson et al., 1996). A common standpoint is that mechanistic models
based on a priori biochemical information (Kirkilionis, 2010) have the best po-
tential for improving our understanding of cellular behavior, and for prediction
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and optimization tasks (Sanderson et al., 1996; Hodgson et al., 2004; Zeng and Bi,
2006). For these reasons, unstructured models now appear to be something of the
past (Sanderson et al., 1996). A metabolic reaction network is a central component
of a structured metabolic model, and of the reaction network-based macroscopic
kinetic models developed in this thesis; this is therefore the topic of the next section.

3.3 Introduction to metabolic reaction networks

3.3.1 Representation of metabolism

A metabolic reaction network consists of two main parts: (i) a set of metabolites;
and (ii) a set of reactions interconnecting the metabolites to each other, including the
stoichiometric ratios associated with these interconversions. The metabolic network
can be visualized as a two-dimensional node graph in which the metabolites are
nodes interconnected by the reactions in the form of arrows. One-headed arrows
represent irreversible reactions, while double-headed arrows represent reversible
reactions.

The metabolic network is represented by a stoichiometric matrix A:

A =

0
BBBBBBBBBBBBBBB@

a1,1 a1,2 · · · a1,n
a2,1 a2,2 · · · a2,n
...

...
. . .

...
am,1 am,2 · · · am,n

1
CCCCCCCCCCCCCCCA
. (3.1)

Each row in A corresponds to a metabolite, and each column to a reaction. The
non-zero entries in the matrix are the stoichiometric coe�cients, indicating the
involvement and stoichiometric contribution of the i:th metabolite in the j:th reaction.
Substrates are indicated by negative coe�cients (ai, j < 0), and products by positive
coe�cients (ai, j > 0). Zero (ai, j = 0) means that the metabolite is not involved in
that particular reaction (neither as a substrate nor product). Ideally, the network is
stoichiometrically balanced; in each reaction the number of atoms of each element
consumed equals the number produced.

The stoichiometry represented in A can be seen as an invariant property of the
biological system, independent of physiological environmental conditions (Steuer
and Junker, 2009) and of time (Llaneras and Picó, 2008). Llaneras and Picó
(2008) refers to this stoichiometry as stoichiometric non-adjustable constraints.
This information about the modeled system can be considered relatively well-
established (Sanderson et al., 1996); it can be obtained from e.g. databases such as
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KEGG pathways (Kanehisa and Goto, 2000; Kanehisa et al., 2014), or biochemistry
textbooks (Nelson and Cox, 2005).

The reversibility can be indicated in a vector; this vector is of same length as the
number of reactions, and contains zeros and ones. In the present work, zeros indicate
reversibility, and ones indicate irreversibility. An example of an irreversibility vector
of a network with seven reactions could be:

virrev =
⇣

1 1 0 1 1 1 1
⌘
, (3.2)

In this example, the third reaction is reversible and the others are irreversible. The
same information can be indicated via bounds on each reaction flux v j. The flux is
constrained to a minimum and a maximum value, [vmin, j vmax, j]. Setting vmin, j = 0
and vmax, j � 0 means that the reaction is restricted to net fluxes in the forward
direction.

Metabolites in a simple metabolic network are divided between an extracellular
and an intracellular space. For suspension cells, as the ones studied in this thesis,
the extracellular space is their outside environment, the cultivation medium, from
which the cells take up substrates and into which they secrete products. The
intracellular space is the interior of the cells, and the barrier separating the two
spaces is the cell membrane. Metabolic networks can also represent one or several of
the compartments located within the intracellular space, typically the mitochondria.

Each metabolite of a network is either extracellular, belonging to the set Mext,
or intracellular, belonging to the set Mint. Based on this division, the stoichiometric
matrix is split into an extracellular stoichiometric matrix Aext and an intracellular
stoichiometric matrix Aint by separation of the rows in A. To define the transport
of metabolites between the two spaces, transport reactions (also called exchange
reactions) are added to the network by the addition of new columns to A. Additional
compartments within the intracellular space can be accounted for using the same
principle: a separation of metabolite pools and the addition of adequate transport
reactions (Sanderson et al., 1996). A common situation, as in the present work, is
that the metabolites in Mext are accessible for concentration analysis. The analysis
of the intracellular metabolite concentrations is less straightforward and generally
requires cell disruption (Seewöster and Lehmann, 1995).

3.3.2 Design of metabolic networks

The metabolism of living cells, including the metabolism of CHO cells, is highly
complex and consists of thousands of reactions. Many of those reactions are known
and have been organized into metabolic subsystems and metabolic pathways, for
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which detailed information is available in biochemistry textbooks (Nelson and Cox,
2005) and databases (Steuer and Junker, 2009; Kanehisa and Goto, 2000).

Reaction network-based models have been published in the literature for various
organisms and applications, and range from small to large, and from simple to
highly complex. Rejc et al. (2017) has provided an informative graph of the
evolution of CHO models as a function of time, with the models categorized as
either constraint-based (steady-state) or dynamical (kinetic), and with the number
of reactions indicated via marker size (Figure 3 in their paper).

Accordingly, most metabolic networks published in the literature have been
of relatively small-scale (Zamorano et al., 2010; Ben Yahia et al., 2015; Rejc
et al., 2017). An early CHO metabolic network from 1999 (Nyberg et al., 1999)
included 33 reactions to represent the central carbon metabolism responsible for the
generation of energy, biomass building blocks and major waste products. With time,
the size and level of detail of CHO metabolic networks have gradually increased
(Rejc et al., 2017); yet, many of subsequent networks have remained of similar size
as the one by Nyberg et al. (Provost and Bastin, 2004; Provost et al., 2005; Nolan
and Lee, 2011). Minimally, the glycolysis and lactate secretion, the glutaminolysis
and ammonium secretion, and the TCA-cycle are included, as well as a simplified
representation for the synthesis of new cells to simulate the cell growth, as in e.g. the
network by Provost and Bastin (2004). Reactions from the amino acid metabolism
may also be included, as in for example the networks by Gao et al. (2007), and Niu
et al. (2013).

Networks with a large number of reactions and complex connectivity are im-
practical for certain modeling applications, and in particular for kinetic models
associated with lack of knowledge about kinetic mechanisms and parameters (Zeng
and Bi, 2006). When developing a model that simulates a small set of the most
relevant process variables, completeness becomes a subordinate ideal. The goal
is instead to obtain a calculable model within a reasonable time frame, that can
be identified using available data. Thereby, ideals such as simplicity and 1-Causal
could serve as guiding ideals.

Kinetic model development in particular tends to arrive at minimal represen-
tations of the metabolism. Starting from a slightly more detailed model, a model
reduction can be achieved by lumping, meaning that several interconnected reactions
are combined into an overall reaction. The complexity of the model can be further
reduced by assuming a net direction for each reversible reaction. Based on flux
analyses, the reactions with low flux can even be removed from the model (p. 70),
if considered unimportant for the intended application (Gao et al., 2007; Naderi
et al., 2011; Niu et al., 2013). A need for more detailed reaction networks in kinetic
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models has been recognized (Zamorano et al., 2010, 2013); but this will require
the development of suitable methodology and more information about the kinetic
mechanisms and regulation within the cells.

Larger and more detailed models have been established for constraint-based
steady-state modeling applications, which do not consider kinetics. The early
genome-scale CHO networks were derived from mouse models (Selvarasu et al.,
2012; Martínez et al., 2013). The reconstruction of an actual CHO cell metabolic
model had to wait for the completion of CHO genome annotation data. In 2011,
the CHO genome had been sequenced (Xu et al., 2011), and several years later, in
2016, a first consensus genome-scale metabolic model of CHO cell metabolism was
presented (Hefzi et al., 2016; Harcum and Lee, 2016; Rejc et al., 2017).

3.3.3 Genome-scale models

A genome-scale model covers all the reactions of the organism currently known,
and as new information becomes available it is incorporated into the model. The
reconstruction of genome-scale models could therefore be described as a practice of
Galilean idealization, driven by the completeness ideal. Even though the genome of
an organism can be sequenced, a full characterization of the organism’s metabolism
has no clear ending (Steuer and Junker, 2009); metabolism does not only depend
on the genomic data, and is situation-dependent. The transcriptome, proteome and
metabolome in particular are bound to change with the environmental conditions
(see p. 53). Nevertheless, a consensus reconstruction possesses a high degree of
generality, and can be re-used for many kinds of problems (Almquist et al., 2014).

Genome-scale modeling is well established for microorganisms, e.g. various
species of bacteria (Feist et al., 2007; Orth et al., 2011) and yeast (Lopes and Rocha,
2017). E. coli in particular has been extensively modeled (Feist et al., 2007; Orth
et al., 2011). The BiGG Models database organizes published genome-scale models
in a standardized format (King et al., 2016). Out of the > 80 genome-scale models
in the database, more than 50 are of E. coli, but only a small number of mammalian
models are available and are limited to few species.

Four BiGG models are of the human species (Homo sapiens). Naturally, there
is great interest in genome-scale modeling for applications in human health and
disease, and for better understanding human metabolism (Cook and Nielsen, 2017).
One model of mouse (Mus musculus), probably the most commonly used mam-
malian research model, is available (Sigurdsson et al., 2010). The CHO consensus
reconstruction iCHO (Hefzi et al., 2016) from 2016 is the recent addition to the
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database, and has been appointed a significant advance for the CHO cell biotechnol-
ogy community (Harcum and Lee, 2016).

Hefzi et al. (2016) introduces a global CHO model, iCHO1766, made up of
1,766 genes, 6,663 reactions, and 4,456 metabolites, together with several CHO cell
line-specific models, including CHO-K1; each has ⇡ 1,200 genes, 4,600 reactions,
and 2,800 metabolites. In terms of compartmentalization, nine compartments are
accounted for, namely: the cytosol and the extracellular space, the mitochondria,
the nucleus, the endoplasmic reticulum, the Golgi complex, the lysosome, the
peroxisome, and the mitochondrial inter-membrane space.

3.3.4 Metabolic networks in the present work

The metabolic networks in this thesis are listed in Table 3.4. The list displays the
gradual increase in complexity, starting from the smaller networks in papers I and
II (N30 and N1), and ending with a genome-scale network (NG) in paper IV. The
same gradual increase is visualized in the bar chart in Figure 3.2.

The smaller networks N30 and N1 both encompass ⇡30 reactions, on par with
simple CHO networks in the literature (Rejc et al., 2017). The focus of these simple
networks are on the major metabolic subsystems in CHO cells, i.e. the glycolysis,
the TCA-cycle, and the amino acid metabolism and biomass synthesis.

Networks N2 (Paper II) and N126 (Paper III) were both derived from the detailed
network of CHO cells by Zamorano et al. (2010), and encompass ⇡ 100 reactions
(the map of N126 is found on p. 106). Compared to the smaller networks, additional
pathways are now represented, e.g. the PPP, the urea cycle, lipid metabolism, the
nucleotide synthesis, the fatty acid synthesis, and the protein synthesis. Furthermore,
N126 includes the synthesis of IgG, and the intracellular space is separated into a
mitochondrion and the cytosol.

Finally, the network in Paper IV encompasses ⇡994 reactions divided into 13
metabolic subsystems and 65 di↵erent pathways. This network is a genome-scale
model, and is a reduced version of the mouse-derived genome-scale CHO model by
(Selvarasu et al., 2012), here referred to as NGS.

3.4 Introduction to metabolic flux analysis (MFA)
Metabolic flux analysis (MFA) and related methods deal with the distribution of
intracellular flux in metabolic networks, and in particular changes in this distribution
resulting from perturbations, e.g. in the environment, or in the genome (Altamirano
et al., 2013). The calculation of an unknown flux vector v, which defines the flux
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Table 3.4: Metabolic networks in the present work. N2 and N126 were based on (Zamorano
et al., 2010), and NG on (Selvarasu et al., 2012). NG is a reduced version of the original
network by Selvarasu et al. (2012); the values within parentheses refer to the original
network. PA: pathway analysis. Glycol.: Glycolysis. TCA: TCA-cycle. Met.: Metabolism.
Synth.:Synthesis. Prot.: Protein. AAM: Amino acid metabolism.
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I Kinetic
model

N30 30 18 38 23 Glycol., TCA, AAM,
biomass synth.

II PA N1 36 7 31 22 Glycol., TCA, AAM,
biomass synth.

N2 100 29 96 24 Glycol., TCA, AAM,
PPP, urea cycle, lipid
met., nucleotide
synth., fatty acid
synth., prot. synth.,
biomass synth.

III Kinetic
model

N126 126 74 118 29 Glycol., TCA, AAM,
PPP, urea cycle, lipid
met., nucleotide
synth., fatty acid
synth., prot. synth.,
biomass synth., mAb
synth..

IV PA NG 994 467 700 61 65 pathways divided
into 13 subsystems.

(NGS) (1,545) (679) (1,351) (218) (69 pathways divided
into 13 subsystems.)

over each network reaction, provides a quantitative characterization of the cell
phenotype based on extracellular metabolite concentration measurements.
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Figure 3.2: Comparison of network size in terms of: the number of reactions, referring to
the number of irreversible reactions when each reversible reaction has been split into two
reactions (see p. 57); and the number of metabolites. N30 is from Paper I. N1 and N2 are
from Paper II. N126 is from Paper III. NG and NGS are from Paper IV, where NG is the
reduced and adapted version of NGS.

3.4.1 Metabolic flux analysis

MFA is based on the application of material balances to the system under study,
and is carried out under the assumption and approximation of a pseudo-steady state
(Zupke and Stephanopoulos, 1995; Nyberg et al., 1999). It is assumed that the
concentrations of intracellular metabolites remain constant with time, and that the
overall net rate of the consumption/production of each intracellular metabolite is
zero. Thereby, only the extracellular metabolites can accumulate or decrease in
concentration.

In cell cultures, this implies an ideal state with stable extracellular substrate
uptake and product secretion rates. Constant environmental conditions can bring a
cell culture close to this state, e.g. as those achieved in the chemostat and perfusion
modes (Goudar et al., 2010). On the contrary, the batch or fed-batch modes are
characterized by dynamic conditions. Yet, for such cultures, it is commonly assumed
that the cells will adapt quickly; the validity of the pseudo-steady state can then be
justified for distinct phases of the culture.

48



3.4. Introduction to metabolic flux analysis (MFA)

Box 3.1: MFA

"
Aext

Aint

#
v =
"

qext

0

#
, v j � 0, j 2 Jirrev. (3.3)

The stoichiometry of the reactions in the metabolic network is defined in matrices Aext (rows
of extracellular metabolites) and Aint (rows of intracellular metabolites). Jirrev is the set
of irreversible reactions. v is a solution to the fundamental equation of MFA (3.3) and is
consistent with the stoichiometry and irreversibility constraints of the metabolic network,
the experimentally determined uptake/secretion rates in qext, and the pseudo steady-state
assumption (Quek et al., 2010).

In the equation of MFA, (3.3) in Box 3.1, the metabolic network is accounted
for via the stoichiometric matrices Aext and Aint, and the available extracellular
measurements via the vector qext. While Aext, Aint and qext are known, v is an
unknown flux vector to be calculated. Aintv = 0 follows from the pseudo-steady-
state assumption.

MFA has been applied in several studies of CHO and hybridoma cell cultures.
For example, studies have been conducted to investigate the e↵ects on metabolism
from e.g. di↵erent carbon sources (Altamirano et al., 2006), di↵erent amino acid bal-
ances (Xing et al., 2011), butyrate treatment (Carinhas et al., 2013), and temperature
shifts (Martínez et al., 2013).

An equation system with fewer equations than unknown flux rates is under-
determined. This is often the case in MFA. The metabolic network can be quite
detailed, while experimental data, qext, are limited to a few metabolites. As a result,
several flux vectors may satisfy (3.3). Measurements can also be associated with
uncertainty, which increases the number of possible solutions.

Finding just one of many solutions provides limited information (Mahadevan
and Schilling, 2003). As an alternative, intervals on each reaction flux can be
calculated. Such approaches have has been demonstrated for CHO cell cultures,
e.g. interval metabolic flux analysis (Zamorano et al., 2010), and the flux spectrum
approach (Llaneras and Picó, 2008). Flux variability analysis, FVA, is a similar
approach that will be introduced in Section 3.4.2.

More narrow flux intervals can be achieved via the introduction of additional
constraints, as demonstrated by e.g. Zamorano et al. (2010); the inclusion of
rate data for additional metabolites, and an assumption regarding the amino acid
catabolism, led to more narrow intervals for several fluxes in the metabolic network.

The blue cone in Figure 3.3 illustrates a flux space of feasible solutions in three
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dimensions (the graph is a simplified description as metabolic networks usually have
more than three fluxes). A point in this graph represents a specific flux distribution,
v = [v1 v2 v3]T . As point a lies outside the cone, that flux vector is not feasible
given the metabolic network. Point b lies within the blue cone, and is thus a
feasible solution. The red cone, which lies within the blue cone, illustrates a more
constrained flux space obtained after adding known extracellular uptake/secretion
rates (qext) as constraints. As point b lies outside the red cone, this solution is now
infeasible given the added data, but point c which lies within the red and the blue
cone remains a feasible solution. Here, this graphical representation illustrates the
flux space concept in MFA. For a more rigorous definition and representation of
relevant flux cones and/or flux polyhedra, see Paper II of the present thesis, and the
paper on elementary flux vectors by Klamt et al. (2017).
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rates (qext) as constraints. As point b lies outside the red cone, this solution is now
infeasible given the added data, but point c which lies within the red and the blue
cone remains a feasible solution. Here, this graphical representation illustrates the
flux space concept in MFA. For a more rigorous definition and representation of
relevant flux cones and/or flux polyhedra, see Paper II of the present thesis, and the
paper on elementary flux vectors by Klamt et al. (2017).

v1

v2

v3

a

c b

Figure 3.3: Graphical illustration of the flux space, a convex polyhedron cone in three-
dimensions. A flux vector v is defined by the three fluxes v1, v2, and v3 and is graphically
represented by a point in this three-dimensional space.

3.4.2 Flux balance analysis (FBA)

Flux balance analysis (FBA) is useful in situations when (3.3) is underdetermined.
By defining an objective function (Feist and Palsson, 2010), an optimization problem
can be formulated (Equation 3.4 in Box 3.2). This problem can be solved e�ciently
using linear programming, even for genome-scale reconstructions.

The objective function f is preferably based on a relevant biological assumption
about the cells, e.g. the maximization of the growth rate. In that case, the solution v
found produces a maximized flux over the biomass synthesis reaction in the network.
Additionally, all reaction fluxes in the network can be constrained by formulating
upper and lower bounds, [vmin, vmax]. Extracellular metabolite rate data (qext) can

50

Figure 3.3: Graphical and conceptual illustration of the flux space, a convex polyhedral
cone in three-dimensions. A flux vector v is here defined by the three fluxes v1, v2, and v3,
and is graphically represented by a point in this three-dimensional space.

3.4.2 Flux balance analysis (FBA)

Flux balance analysis (FBA) is useful in situations when (3.3) is underdetermined.
By defining an objective function (Feist and Palsson, 2010), an optimization problem
can be formulated (Equation 3.4 in Box 3.2). This problem can be solved e�ciently
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Box 3.2: FBA and FVA

minimize
v

fob j(v) = c1v1 + c2v2 + · · · + c jv j (3.4a)

subject to Aintv = 0 (3.4b)
Aextv = qext (3.4c)
qextnm,min  Aextnmv  qextnm,max (3.4d)
vmin  v  vmax. (3.4e)

A flux vector v minimizes (or maximizes) an objective function fob j. fob j depends on one or
several fluxes in v (3.4). The problem is constrained by: (i) the stoichiometric constraints (mass
balances) provided by the metabolic network (3.4b); (ii) the constraints defined by experimental
data 3.4c; and (iii) the capacity constraints that specify the allowed lower and upper bounds
on the fluxes over the reactions in the metabolic network (3.4e). Here are also constraints in
the form of upper and lower bounds on the uptake/secretion rates for unmeasured metabolites
(3.4d). In FVA, each flux, v j, in the network is systematically minimized and maximized,
potentially using the optimal objective value, fob j(v⇤), as a constraint.

using linear programming, even for genome-scale reconstructions.
The objective function fob j is preferably based on a relevant biological assump-

tion about the cells, e.g. the maximization of the growth rate. In that case, the
solution v found produces a maximized flux over the biomass synthesis reaction in
the network. Additionally, all reaction fluxes in the network can be constrained by
formulating upper and lower bounds, [vmin, vmax]. Extracellular metabolite rate data
(qext) can also be included in the problem formulation. The solution v must then
maximize the objective, while satisfying all of those additional constraints.

Within the graphic representation of the flux space, if the objective is to maxi-
mize the flux v2, the solution is a point achieving a maximum value of v2, within
the feasible solution space (Figure 3.3). Here, this point lies on the edge of the cone.
But in general, the solution v is not necessarily unique; several di↵erent v may give
an equally optimal solution to the problem.

Flux variability analysis (FVA) is variant of FBA, in which each reaction flux
over the entire network is systematically minimized and maximized (Selvarasu et al.,
2012). This procedure yields an interval defined by an upper and a lower value
on each reaction flux. FVA can therefore be used to examine the flux space of the
problem. As in MFA, if the FBA problem is further constrained, more narrow flux
intervals can be achieved and the flux distribution more precisely characterized.

The use of FBA to model bacterial cells benefits from their ability to grow
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in simple media; bounds/constraints on the uptake rates for nutrients from the
medium can be readily assumed (Feist and Palsson, 2010). Furthermore, it is a
reasonable assumption that a major evolutionary driving force for bacterial existence
is to replicate; this qualifies the use of growth as an objective function in the FBA
problem. Consequently, FBA has been extensively used in genome-scale modeling,
e.g. to perform in silico knock-out experiments, examine strategies for metabolic
engineering, and to study bacterial evolution (Alper et al., 2005; Pál et al., 2005).

The application of FBA to mammalian cells is considered less straightforward.
Mammalian cells have a more complex metabolism (Section 2.3) and complex
medium requirements (Section 2.2.9). Nevertheless, FBA has been applied to
analyze the metabolism of CHO cells in several studies (Martínez et al., 2013; Sou
et al., 2015; Ivarsson et al., 2015; Huang et al., 2017), in some cases in combination
with isotope labeling (Sengupta et al., 2011) or ’omics data (Selvarasu et al., 2012;
Lewis et al., 2016).

3.4.3 Dynamic MFA and FBA

In dynamic flux analysis, time series of concentration measurements are transformed
into flux values (Lequeux et al., 2010). Flux analysis (either MFA or FBA) is carried
out for each time point in the series, leading to a sequence of solutions (Ahn and
Antoniewicz, 2012). Di↵erent pseudo-steady states under dynamic conditions can
thereby be accounted for (Almquist et al., 2014). But additional equations would
need to be formulated to connect those sequential solutions to each other, as is
achieved in a kinetic model.

3.4.4 Isotope labeling techniques

Conventional MFA can be complemented with measurements obtained using isoptope-
labeling techniques (Sengupta et al., 2011). The cells are fed substrates with labeled
atoms (e.g. carbon-13), and these substrates are metabolized by the cells. The
presence of the labeled atoms in metabolic intermediates and macromolecules is
then assessed by nuclear magnetic resonance (NMR) spectroscopy or mass spec-
trometry (MS). Given a metabolic network, the flux vector is then calculated using
a combination of metabolite and isotopomer balancing.

The application of labeling techniques can provide more detailed information
on the distribution of intracellular fluxes than conventional MFA using extracellular
measurements only. The techniques are however more experimentally and compu-
tationally demanding. When comparing fluxes obtained using isotope techniques
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and conventional MFA for CHO cells in perfusion cultures, Goudar et al. (2010)
found good agreement. Meanwhile, Ahn and Antoniewicz (2013) found discrepancy
between the estimated fluxes, specifically in the distribution of flux over the TCA
cycle as its activity was overestimated when relying on conventional MFA.

3.4.5 ’Omics data

’Omics technologies refer to large-scale approaches that study the cell in a com-
prehensive manner, rather than individual genes, proteins or metabolites. Popular
’omics technologies include genomics, transcriptomics, proteomics, and metabolomics.
’Omics data sets are generally large. Interpretation of those data, and the combina-
tion and integration of data from multiple ’omics technologies can be achieved via
constraint-based modeling (Huang et al., 2017), e.g. using MFA or FBA.

’Omics data complements conventional metabolite balancing. As realized in
genome-scale reconstructions, genomic data indicate genes present in the DNA of
the organism. Transcriptomic and proteomic data indicate the genes actually tran-
scribed and translated, respectively. Metabolomic data can identify and potentially
quantify a range of metabolites, and serve as indicators for enzymatic activities.

The amount and applications of ’omics data from CHO cell cultures are increas-
ing (Lewis et al., 2016; Huang et al., 2017). Nevertheless, as each CHO cell line
has a unique genome, transcriptome, proteome, and metabolome, it can be di�cult
to compare ’omics data across di↵erent cell lines (Wurm, 2013).

3.5 Introduction to pathway analysis
In pathway analysis, a pathway is formed by combining a succession of reactions in
a metabolic reaction network at pseudo-steady state; in the resulting overall reaction,
the intracellular metabolites have been eliminated, leaving only the consumption of
extracellular substrates and consumption of extracellular products (Provost, 2006).
The combination is stoichiometrically balanced, and the intracellular metabolites
participating in the pathway are consumed and produced at the same net rate; they
do neither decrease nor accumulate with time.

3.5.1 Pathways in a metabolic reaction network

In a set of pathways, L , the l:th pathway is defined by the vector,

pl = [p1, p2, p3, . . . pJ]T , (3.5)
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where each coe�cient p j indicates the involvement of reaction j in pathway l. pl is
thus of the same length as the number of reactions in the network. The pathways
are gathered in the matrix P = [p1, p2, p3, . . . pL], where column l refers to the
l:th pathway, and row j refers to the j:th reaction in the metabolic network.

As an example, Figure 3.4 shows how the reactions of the glycolysis in a
simple network can be combined into a pathway to connect extracellular glucose to
extracellular lactate. The net reaction is the macroscopic reaction of the pathway.
The conversion is stoichiometrically balanced; two moles of lactate are produced
for each mole of glucose consumed. Here, p1 = p2 = 1, and p3 = p4 = 2. Any
remaining reactions of the network are not used so p5, p6, . . . , pJ = 0.
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Figure 3.4: A pathway linking extracellular glucose to extracellular lactate via the gly-
colysis in a simple reaction network. w is the flux over the entire pathway of successive
reactions. G6P, 3PG, and Pyr are intracellular metabolites (see p. ix). The macroscopic
reaction is stoichiometrically balanced; two moles of lactate are produced for each mole of
glucose consumed.

The flux over the entire pathway of successive reactions is denoted by w. In
Figure 3.4, when w is positive, glucose is taken up and converted into lactate via the
three intracellular metabolites G6P, 3PG, and Pyr. Intracellularly, no metabolites
accumulate. The macroscopic reaction and its flux w can be applied to model the
diminish of glucose and accumulation of lactate occurring in a cell culture. A
collection of macroscopic reactions that together link all the observable extracel-
lular metabolites in the cell culture can form the basis for the development of a
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3.5. Introduction to pathway analysis

(grey-box) macroscopic kinetic model (Provost and Bastin, 2004; Provost et al.,
2005; Zamorano et al., 2013). How to derive such models will be covered in Sec-
tion 3.6 and 3.7 of this chapter. How to develop them for modeling the influence of
varied amino acid availability in CHO cell cultures is the main focus in papers I and
III of this thesis.

3.5.2 The identification of relevant pathways

Given the complexity of most metabolic reaction networks, a relevant question
is how to identify its relevant and biologically meaningful pathways. Several
related concepts for systematic identification have been proposed, e.g. extreme
currents, ECs (Clarke, 2007), elementary flux modes, EFMs (Schuster and Hilgetag,
1994), extreme pathways, EPs (Papin et al., 2002), and minimal generators, MGs
(Urbanczik and Wagner, 2005). A thorough comparison of those concepts with
examples is available in the paper by Llaneras and Picó (2010). Among them, there
seems to be consensus that the EFMs are the most useful for the identification of
pathways that are biologically meaningful (Klamt and Stelling, 2003; Papin et al.,
2004; Provost, 2006; Klamt et al., 2017).

All four concepts are related to the mathematical concept referred to as extreme
rays. Extreme rays are the edges of a convex polyhedral pointed cone (Llaneras
and Picó, 2010), i.e. the edge vectors of the cone that generate the space of feasible
solutions of v to the problem P · w = v, w � 0, see Figure 3.5. While P contains
the extreme rays and is referred to as a generating set, v can be obtained as a
non-negative linear combination of P,

v = w1p1 + w2p2 + ... + wLpL, (3.6)

where wl � 0 for l = 1, 2, . . . , L. This decomposition is not necessarily unique,
meaning that it is possible that v could be decomposed with di↵erent weight combi-
nations (w) and onto di↵erent sets of pathways (P). The extreme rays in P constitute
the smallest generating set of the solution space, and are all the non-decomposable
vectors in this space, meaning that each vector cannot be decomposed (broken
down) into simpler vectors.

Moving on to pathway analysis, the vectors in P represent pathways in a meta-
bolic reaction network at steady state, thus Aintv = 0, and v is a feasible flux
distribution over the individual reactions in the network. In the context of a macro-
scopic cell culture model, the weights in w can be thought of as the pathway fluxes,
like in Figure 3.4. The extreme rays of the cone in Figure 3.5 correspond to the
pathways of a network in which all the reactions are irreversible (Llaneras and Picó,
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v1

v2

v3

Figure 3.5: Graphical illustration of the extreme rays of a convex polyhedron cone in
three-dimensions. A solution vector v = [v1, v2, v3] is graphically represented by a point
in this three-dimensional space. Feasible solutions lies within the cone. The extreme rays
are the red edge vectors of the cone, and act as a basis for each feasible vector.

and reversible intracellular reactions. Consider, e.g., the metabolism of the NEAAs
in CHO cells, of particular interest in the present work. The exchanges of those
amino acids with the medium are reversible, and many of the intracellular reactions
involved in their metabolism are also reversible.

The definition and use of MGs, EFMs, or EPs, depend to a large extent on
the presence of reversibility in the network. The following three scenarios can be
imagined: (i) all fluxes are irreversible; (ii) there are reversible reactions, but no
reversible pathway; (iii) there are reversible reactions and reversible pathway(s) (see
e.g. Figure 2 in the paper by Llaneras and Picó (2010)). In the simplest case, (i),
there are only irreversible reactions; and there is a unique generating set of the flux
space. This set is both the unique set of MGs, EPs and EFMs of the network. But
for the development of the kinetic models considered in the present work, scenario
(iii) is clearly the most relevant.

Extreme currents (ECs) (Clarke, 2007) were an early attempt to define pathways
through a metabolic reaction network, that took reaction reversibility into account;
each reversible reaction was split into two irreversible ones, running in the opposite
directions (Llaneras and Picó, 2010). This is referred to as moving from the original
vector space into an extended space of higher dimension, where all reactions are
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Figure 3.5: Graphical and conceptual illustration of the extreme rays, of a convex polyhe-
dron cone in three-dimensions. A flux vector v = [v1, v2, v3] is graphically represented
by a point in this three-dimensional space. Feasible flux vectors lie within the cone. The
extreme rays are the red edge vectors of the cone, and act as a basis for each feasible vector.

2010). Each pathway is non-decomposable meaning that if one of the participating
reactions does not carry flux, the pathway cannot carry flux.

Reaction reversibility is a characteristic feature of metabolic reactions networks.
In the general case, a network has both reversible transport reactions (exchanges)
and reversible intracellular reactions. Consider, e.g., the metabolism of the NEAAs
in CHO cells, of particular interest in the present work. The exchanges of those
amino acids with the medium are reversible, and many of the intracellular reactions
involved in their metabolism are also reversible.

The definition and use of MGs, EFMs, or EPs, depend to a large extent on
the presence of reversibility in the network. The following three scenarios can be
imagined: (i) all fluxes are irreversible; (ii) there are reversible reactions, but no
reversible pathway; (iii) there are reversible reactions and reversible pathway(s) (see
e.g. Figure 2 in the paper by Llaneras and Picó (2010)). In the simplest case, (i),
there are only irreversible reactions; and there is a unique generating set of the flux
space. This set is both the unique set of MGs, EPs and EFMs of the network. But
for the development of the kinetic models considered in the present work, scenario
(iii) is clearly the most relevant.
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3.5. Introduction to pathway analysis

Extreme currents, ECs) (Clarke, 2007), were an early attempt to define pathways
through a metabolic reaction network, that took reaction reversibility into account;
each reversible reaction was split into two irreversible ones, running in the opposite
directions (Llaneras and Picó, 2010). This is referred to as moving from the original
vector space into an extended space of higher dimension, where all reactions are
irreversible. The ECs are obtained by finding the extreme rays to the pointed cone
in that extended space (Llaneras and Picó, 2010). When moving back to the original
space, the reversible fluxes are merged together.

The elementary flux modes, EFMs (Schuster and Hilgetag, 1994), were a further
extension of the concept of extreme rays, that accounted for reaction reversibility in
a similar way as the ECs (Llaneras and Picó, 2010). The EFMs have the following
important properties:

• The set of EFMs for a network are all the non-decomposable pathway vectors
that can generate the flux space. Because of this, the EFM set is exhaustive,
and always unique for a particular network (Steuer and Junker, 2009), up to a
positive scalar multiplication (Provost, 2006).

• The set of all EFMs is a generating set for the flux space, meaning that all
feasible flux distributions can be written as a non-negative linear combination
of the EFMs (Klamt et al., 2017).

• The EFMs are conformally non-decomposable vectors of the flux space
(Klamt et al., 2017), because the elementary modes are defined with a "no
cancelation rule", meaning that there must be no cancellation of reversible
fluxes. This rule is unique for the EFMs, and distinguishes them from other
pathway concepts (Llaneras and Picó, 2010). Importantly, after moving back
to the original space, the EFMs contain the pathways necessary to generate
the flux space without cancelations.

• EFMs are not necessarily systemically independent, so an EFM could be
a non-negative combination of other EFMs, as is illustrated in Figure 3.6
(Llaneras and Picó, 2010; Papin et al., 2004).

Zanghellini et al. (2013) compared the tasks for EFM analysis to the task of
finding the possible travel routes between two stations in a city subway system;
EFM analysis can be used to identify the routes that pass a specific station, or the
e↵ect of service interruptions on the set of possible routes. Similarly, EFM analysis
can be applied to answer questions about a metabolic network structure that are of
high relevance to e.g. metabolic engineering (Table 3.5).
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3. Mathematical modeling of cells

To answer the type of questions given in Table 3.5, two matrices are particularly
useful. The first one is the matrix of the EFMs, denoted by E, in which each row
corresponds to reaction j of the metabolic reaction network, and each column to
EFM l; E specifies the reactions involved in each EFM. The second one is the
macroscopic stoichiometric matrix, denoted by Amac, which is calculated via the
following matrix multiplication:

Amac = Aext · E (3.7)

In Amac, each row corresponds to an extracellular metabolite in Mext, and each
column to a macroscopic reaction l; the l:th macroscopic reaction has been translated
from the l:th EFM in E. Amac specifies the extracellular substrates and products of
each macroscopic reaction.

Table 3.5: Tasks for EFM analysis.

Task Solution
Identify all the possible routes that
connect two specific metabolites.

In Amac, find the columns that have a neg-
ative element on the substrate row, and a
positive element on the product row.

Identify the reactions that are
essential to produce a certain prod-
uct (Llaneras and Picó, 2010).

In Amac, find all the columns with a positive
element on the product row. Among the
associated columns in E, find the rows of
the reactions that have non-zero elements
in all the columns.

Compare pathways against each
other, e.g in terms of the number of
reactions used (Klamt and Stelling,
2003).

Count the number of non-zero elements in
each vector el.

Identify the route between two
metabolites with the highest yield
(Klamt and Stelling, 2003; Llaneras
and Picó, 2010).

In Amac, identify all the possible routes. Cal-
culate the yield coe�cient for each route
by dividing the stoichiometric coe�cient
on the product row with the one on the sub-
strate row.

Examine the e↵ect of a "knock-out"
of one or several reactions on the
capabilities of the network (Llaneras
and Picó, 2010).

Identify the EFMs that involve one or
several of the knock-out reactions by in-
specting el for each route. Remove those
columns from E.

Each pathway in E is non-decomposable, meaning that all reactions of the
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3.5. Introduction to pathway analysis

pathway must carry flux for the pathway to carry flux. From a biological viewpoint,
if the reaction carried out by a particular enzyme is not available (e.g. due to a
knock-out of the corresponding gene or due to inhibition of the enzyme), pathways
that use that reaction are neither available. In the subway network example, routes
that pass stations in which service is currently interrupted will not be able to carry
the passenger to the terminal station via that route (Zanghellini et al., 2013).

The EPs will now be considered. The EFMs and EPs were compared against
each other by several authors to clarify their definitions and possible applications
(Klamt and Stelling, 2003; Papin et al., 2004; Llaneras and Picó, 2010). The EFMs
have been found to be more useful in terms of analyzing the network properties
(Klamt and Stelling, 2003; Klamt et al., 2017).

EPs are obtained in an extended space, but only intracellular fluxes are split into
forward and backward reactions; reversible transport reactions are kept as reversible.
The EPs do not have the "no cancelation rule", and this could lead to cancelation of
reversible fluxes. Furthermore, to find the EPs means to identify all the pathway
vectors than can generate the flux space, and that are systemically independent in
the extended space; an EP can never be formed through a combination of other EPs.
Unfortunately, this means that EPs can miss pathways present in the EFMs. As an
example, the EPs may miss optimal yield routes, or fail to identify the shortest and
longest route between a substrate and a product (Klamt and Stelling, 2003). The
issue is visualized in Figure 3.6, where the third pathway is an EFM, but not an
EP, because it can be formed by combining EP 1 and EP 2. While EFM 3 would
not be found via an EP analysis, the pathway could still be of interest as a possible
route between A and P. Finally, EPs need to be re-calculated if a reaction is removed
from the network, or changed from reversible to irreversible (Klamt and Stelling,
2003). With the set of EFMs, EFMs involving the associated reaction can simply be
removed from the set.

The last pathway concept, minimal generators (MGs), was devised to define
a minimal number of systemically independent vectors that can generate the flux
space. For scenarios (ii) and (iii) in which reversibility is considered, there could be
EPs and/or EFMs that would not be included in the MGs. Because of this, MGs are
not very useful for assessing network properties as outlined in Table 3.5, but could
su�ce when the goal is to find a small set that generates the flux space, and that
connects all the extracellular substrates and products (Llaneras and Picó, 2010).
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EP 1

EFM 1

A

A C B

B

R1

R4 R5

R2

EP 2

EFM 2
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R3R2

EFM 3 A

A C B P
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R1

R4 R5 R6
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Figure 3.6: Example of EFMs and EPs. The first two pathways are systemically indepen-
dent and are both EFMs and EPs. The third pathway is only an EFM. It is systemically
dependent since it can be obtained by combining the two first pathways: EFM3 = EFM1 +
EFM2 = EP1 + EP2. This figure is based on an illustration by Klamt and Stelling (2003).

3.5.3 EFM enumeration

EFM enumeration is to identify all the EFMs of a metabolic network. For complex
metabolic networks, finding any generating set is computationally challenging as
a result of the combinatorial explosion of possible routes through the network. In
particular, EFM enumeration becomes computationally prohibitive as the method
strives to enumerate a very large number of pathways (Klamt and Stelling, 2002).

A good question is how many EFMs there are in a particular network. In a
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study by Provost et al. (2005), a simple network representing the growth phase of
the CHO cell metabolism had 24 reaction fluxes, and was associated with just 11
EFMs. Meanwhile, a model of E. coli with ⇡ 100 reactions was estimated to have
⇡ 272 million EFMs (Jungreuthmayer and Zanghellini, 2012; Zanghellini et al.,
2013). Clearly, the number of EFMs grows rapidly with increasing network size
and complexity.

While metabolic reaction networks are often referred to by the number of
reactions, to estimate the number of EFMs in a particular network, structural
information must also be considered. Two equally-sized networks could have
di↵erent numbers of EFMs (Klamt and Stelling, 2002). Reversible reactions, and
occurrence of highly connected metabolites, e.g. some intermediates of the TCA-
cycle (Steuer and Junker, 2009), are factors that tend to increase the number of
EFMs. This will become evident in Chapter 5 and in Paper I, in which one of the
tasks is to enumerate the EFMs of a network that represents the flexible amino acid
metabolism of the CHO cells.

The standard approach for EFM enumeration is based on the double description
method (Fukuda and Prodon, 1996). The method generates an EFM candidate via
pairwise combination of existing EFMs, and verifies that the EFM has not been
previously identified. The computation process requires high amounts of primary
data storage (Zanghellini et al., 2013). Efmtool (Terzer and Stelling, 2008) and
Metatool (von Kamp and Schuster, 2006) are stand-alone tools based on the double
description method, and Metatool was applied in Paper I and II of this thesis.

When an enumeration of the EFMs is prohibitive, a subset of the EFMs may
su�ce. As an example, de Figueiredo et al. (2009) suggested an approach in which
the analysis was limited to the k shortest EFMs. Kaleta et al. (2009) developed
a concept referred to as elementary flux patterns to examine feasible pathways
through subnetworks. Jungers et al. (2011) used the decomposition of a flux vector
estimated from experimental data to find a small and suitable subset of EFMs that
could then be applied in macroscopic kinetic modeling (Zamorano et al., 2013).
The idea of finding a relevant EFM subset is the focus in Paper II of this thesis.

3.5.4 EFMs-based MFA

EFMs-based MFA (Provost, 2006) combines the theory of MFA and EFMs to
transform network fluxes v to pathway fluxes w, and provides a link between the
experimental data qext and w. Similar to conventional MFA, EFMs-based MFA
characterizes the cell phenotype based on extracellular measurements, but from a
pathway-based point of view.
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The derivation of the EFMs-based problem starts from the fundamental MFA
equation, here restated as (3.8),

"
Aext
Aint

#
v =
"

qext
0

#
, v j � 0, j 2 Jirrev. (3.8)

The flux vector v is decomposed on to the set of EFMs in E with weights w,

v = Ew. (3.9)

Equation (3.9) provides the important link between v and w, so that w can be linked
to qext. The external part of (3.8) is combined with (3.9), and (3.7),

qext

(3.8)
#
= Aextv

(3.9)
#
= AextEw

(3.7)
#
= Amacw, (3.10)

such that,
qext = Amacw. (3.11)

Given qext, Aext, and E, an EFMs-based MFA problem is to find an estimate of
the flux vector w that optimizes the quality of data-fitting,

minimize
w

1
2

X
kqext � AextEwk22

subject to w � 0.
(3.12)

In the original problem, the EFM set must be enumerated prior to the data-fitting,
e.g. using the Metatool software (Provost and Bastin, 2004; Provost et al., 2005).

3.6 Kinetic modeling of cell populations
Dynamic models that can simulate and predict the behavior of cells in di↵erent
cultivation modes and under di↵erent culture conditions would be extremely useful
for the biopharmaceutical industry. In the long-term, kinetic models will become
increasingly important for the improvement of industrial applications (Almquist
et al., 2014). Over the years, a number of studies dedicated to the development
of reaction network-based kinetic models of mammalian cell cultures have been
published (some of which are listed in Table 3.6), paving the way toward this goal.

This section begins with fundamental enzyme kinetics (Section 3.6.1), and ki-
netics in cell population models (Section 3.6.2). The following sections focus specif-
ically on the kinetics in macroscopic models derived from EFMs (Section 3.6.3),
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and on the related parameter estimation (Section 3.6.4) and network reduction
(Section 3.6.5) in those types of models. Finally, the section ends with a discussion
about the scope of kinetic models, which is of interest when the goal is to capture
diverse behavior and to identify optimal culture conditions (Section 3.6.6).

3.6.1 Enzyme kinetics

In a structured kinetic model, each reaction flux v j will be modeled by a kinetic
function,

v j = f j(c1, c2, ..., k1, k2, ...), (3.13)

where c1, c2, ... are metabolite concentrations and k1, k2, ... kinetic parameters. As
the biochemical reactions within the cell are governed by the activity of enzymes,
f j should logically be derived from the kinetics of the corresponding enzyme.

"The dynamics of metabolic networks are predominated by the activity of
enzymes - proteins that have evolved to catalyze specific biochemical trans-
formations. The activity and specificity of all enzymes determines the specific
paths in which metabolites are broken down and utilized within a cell or
compartment."

Steuer and Junker (2009), p. 19.

The fundamental equation of enzyme kinetics is the Michaelis-Menten rate
equation derived by Victor Henri (Henri, 1902) and evaluated by Leonor Michaelis
and Maud Menten (Michaelis and Menten, 1913),

v = vmax
S

S + Ks
, (3.14)

where v is the rate of the reaction, S is the concentration of a substrate, vmax is
the maximum rate of the reaction, and Ks is the Michaelis constant which is the
concentration of S at which the reaction proceeds at half of the maximum rate. A
plot of this rate equation is shown in Figure 3.7.
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Figure 3.7: Michaelis-Menten–type equation where vmax = 4 and Ks = 0.5.

The fundamental Michaelis-Menten rate equation describes a substrate satu-
ration e↵ect imposed by a single substrate on the reaction rate v; the function is
hyperbolic and approaches vmax for increasingly higher values of S . At zero sub-
strate concentration, v = 0; logically, if the substrate is not present, the reaction
cannot proceed.

The Michaelis-Menten equation is an approximative and simplified description
of the kinetics of most enzymes. The derivation of (3.14) rests on numerous
assumptions (Steuer and Junker, 2009). For example, it is assumed that: the
substrate binds reversibly to the enzyme, forms an enzyme-substrate complex, and
that the formed product then dissociates irreversibly; the binding of the substrate
is much faster than the slow dissociation of the product; the complex immediately
reaches steady-state as the reaction begins, and rapidly adjust to slow variations in
the substrate concentration; and that the concentration of enzyme-bound substrate is
negligible compared to the total substrate concentration (Steuer and Junker, 2009).

When a product is present at high concentration, the reversible version of
the reaction should be derived, incorporating product inhibition e↵ects (Steuer
and Junker, 2009). Furthermore, most enzymatic reactions involve two or more
substrates, and substrates and products can bind and dissociate in di↵erent ways.
There can also be allosteric regulation, in which a molecule binds to the enzyme
to increase or decrease its activity. Consequently, there are many possible rate-
equations, many of them are tedious to derive, and for which parameter estimation
through experiments is di�cult (Steuer and Junker, 2009).

65
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3.6.2 Kinetics in cell population models

It has been emphasized that for the kinetic modeling of cell populations, a global
system perspective is necessary (Almquist et al., 2014). Even though kinetic
parameters for enzymes can be found in databases, e.g. BRENDA (Barthelmes
et al., 2007), those rate laws were usually derived in vitro and under di↵erent
conditions than those occurring in a living cell (Chen et al., 2014; Almquist et al.,
2014). The allosteric regulation within the network is an important aspect in this
context, but is di�cult to characterize (Steuer and Junker, 2009).

Instead of trying to elucidate detailed kinetics, cell population models tend to
be developed from approximative and generalized kinetic equations, and judged
by their ability to capture the global behavior of the modeled system (Steuer and
Junker, 2009). This solution suits automation (Almquist et al., 2014). Examples of
generalized kinetic functions are power-laws and linearizable logarithmic equations
(Steuer and Junker, 2009; Almquist et al., 2014; Ben Yahia et al., 2015), and
Michaelis-Menten–type equations (Table 3.6).

Convenience kinetics was developed to model kinetics in metabolic reaction
networks (Liebermeister and Klipp, 2006a,b). In this approach, each reaction of
a metabolic network can be systematically gone through to determine a rate equa-
tion of Michaelis-Menten–type, accounting for potential saturation, activation and
inhibition e↵ects on the reaction flux. Parameters that ensure that thermodynamic
constraints are met can also be included. The approach was applied by Nolan and
Lee (2011) to model CHO cell cultures; there the general equations were manually
adjusted based on an experimental data base, i.e. on the quality of the data-fitting,
and complemented by the introduction of regulatory factors.

The Monod-equation, named after Jacques Monod, models the experimentally
observed growth rate of a cell population of a microorganism as a function of
a limiting nutrient concentration (Monod, 1949). The Monod equation does not
require any structural information available in metabolic reaction networks, and can
be derived from data. In unstructured animal cell population models, Monod–type
equations have been frequently applied to describe the experimentally observed
macroscopic behavior of the cultured cells (Zeng and Bi, 2006; Ben Yahia et al.,
2015). The cell growth rate is a function of one or several limiting substrate
concentrations in the medium, e.g. glucose and/or glutamine. The kinetic parameters
are the maximum cell-specific growth rate, µmax, and a substrate half-saturation
constant, KS , for each limiting substrate, such that the general Monod-equation is:

µ = µmax

Y

i

S i

S i + KS i

= µmax ·
S 1

S i + KS 1

· S 2

S 2 + KS 2

. . .
S i

S i + KS i

. (3.15)
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For a single substrate, (3.15) resembles (3.14), the fundamental Michaelis-Menten
equation for enzyme kinetics. Inhibition from secreted by-products can also be
accounted for; here follows an example from an unstructured model of hybridoma
cells (Jang and Barford, 2000; Ben Yahia et al., 2015) that accounted for saturation
e↵ects from limiting nutrients glucose and glutamine, and inhibitory e↵ects from
by-products lactate and ammonium:

µ = µmax ·
Glc

Glc + KGlc
· Gln

Gln + KGln
· kLac

Lac + KLac
· kAmm

Amm + KAmm
. (3.16)

Rates other than µ, e.g. qGlc, and qGln, can be calculated from known yield co-
e�cients, e.g. YBiomass/Glc, and YBiomass/Gln. Those rates are then proportional to
the growth rate. An alternative is to derive additional Monod–type equations (Ben
Yahia et al., 2015).

3.6.3 Macroscopic kinetic models derived from EFMs

In macroscopic kinetic models derived from EFMs, a kinetic function for each
pathway l is defined, and the full set of functions are collected in F such that,

qext = Aextv = AextEw = AextEF(c1, c2, ..., k1, k2, ...)wmax (3.17)

Each macroscopic flux has thus been replaced by a kinetic function. This approach
has been applied in several papers (Provost and Bastin, 2004; Provost et al., 2005;
Gao et al., 2007; Dorka et al., 2009; Naderi et al., 2011; Zamorano et al., 2013), as
well as in papers I and III of the present thesis.

When formulating a macroscopic rate equation, it could be reasoned that as
the individual reactions making up a pathway are governed by enzymes, enzyme
kinetics could be applied. But even if rate laws could be derived for each of the
participating enzymes, it is not a straightforward task to combine those rate laws
into a rate law for the entire pathway. Given a rate-limiting step of the pathway,
kinetics could perhaps be derived from the kinetics of the governing enzyme. It
appears however that the control of flux is shared among multiple steps rather than
by single enzymes (Moreno-Sánches et al., 2008); pathways do not proceed in
isolation, but are interconnected with other pathways.

But as Monod–type equations can model the global behavior of cells, a macro-
scopic model built on general Monod– or similar Michaelis-Menten–type equations
appears reasonable, at least as a starting point in model construction (Provost et al.,
2005; Zamorano et al., 2013). As seen in Table 3.6, the kinetics in the macroscopic
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models are all based on generalized multiplicative Monod- or Michaelis-Menten–
type kinetics. The general equation of this type, also adopted in the present work,
can be stated as follows,

wl = wmax,l

Y

i

S ext,i

S ext,i + KS ext,i

, (3.18)

were wl is the macroscopic flux rate, wmax,l is the maximum macroscopic flux
rate, S ext,i is the initial concentration of the extracellular substrate i and KS ext,i is
its associated half-saturation constant. Plots of this equation at several di↵erent
values for KS ext are shown in Figure 3.8, as is the corresponding plots for product
inhibition.

3.6.4 Parameter estimation and the balanced-growth assumption

An e�cient estimation of multiple parameters in several simultaneous non-linear
equations can be a challenge, especially for large equation systems, see e.g. (Ben
Yahia et al., 2015) for approaches applied in macroscopic modeling. To simplify
the estimation of the kinetic parameters in (3.18), the non-linear problem can be
transformed into a linear problem. Values for each half-saturation parameter KS ext,i

is specified beforehand and fixed. In the linear problem, the vector wmax is estimated
from the experimental data (Provost et al., 2005; Gao et al., 2007; Zamorano et al.,
2013).

The simplification is justified by a balanced-growth assumption; as substrates
are available in excess, it is assumed that the macroscopic reactions occur at their
maximum rates (Gao et al., 2007; Zamorano et al., 2013). This assumption is
realized in a model by setting each KS ext,i to a low value relative to the initial
concentration of the substrate (Provost et al., 2005; Gao et al., 2007; Zamorano et al.,
2013). The principle is illustrated in Figure 3.8 for a case in which KS ext = 0.001.
In that case, w ⇡ wmax, unless S ext is very small or zero. This principle will be
revisited in Chapter 5, when examining the application of generalized kinetics in a
macroscopic kinetic model that is supposed to model the influence of varied amino
acid availability on the macroscopic behavior of sixteen parallel CHO cell cultures.

3.6.5 Network reduction in preparation for kinetic modeling

Most of the metabolic networks applied in the reaction network-based macroscopic
kinetic models listed in Table 3.6 were defined by less than 40 reactions. The
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Figure 3.8: A plot of the equations w = wmax
S ext

(S ext+Ks)
(top) and w = wmax

Kp

(Pext+Kp) (bottom)
for di↵erent values of Ks and Kp, and where wmax = 4. Here, S ext is the initial concentration
of a single extracellular substrate, Pext is the initial concentration of a single extracellular
product, and w is the macroscopic flux rate. The dashed line indicates an initial concentration
of 0.2 mM.
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network in the EFMs-based model developed by Zamorano et al. (2013) is an
exception, with 100 reactions.

In a priori MFA, prior to the identification of pathways, a flux vector v is
calculated to determine a subnetwork of the most significant reactions; reactions
with small fluxes are removed. Gao et al. (2007), Naderi et al. (2011), and Niu et al.
(2013) each used the approach to reduce their initial networks in preparation for
kinetic model development. Starting from metabolic networks of approximately 30
reactions, most of them irreversible, after network reduction their resulting kinetic
models were developed from eight or nine macro-reactions deemed to be the most
significant (Gao et al., 2007; Naderi et al., 2011; Niu et al., 2013).

Now, the results of the a priori MFA in those studies can be looked at in terms
of the amino acid metabolism, which is central to the present thesis. The amino
acid metabolism was not well represented in those models. Gao et al. (2007) ended
up removing the catabolism and interconversions of a majority of the amino acids.
For Naderi et al. (2011), only five significant amino acids remained in the reduced
network. Niu et al. (2013) assumed that aside from glutamine, alanine and glutamate,
all other amino acids were used exclusively for protein synthesis.

In the model by Zamorano et al. (2013), a reduction of the complex 100 reaction
network was achieved by applying the algorithm developed by Jungers et al. (2011)
to identify an EFM subset (Section 3.5.3, p. 61). A major advantage of this approach
was that the EFMs could be obtained directly from the detailed network; the network
did not have to be reduced using e.g. a priori MFA. Keeping detailed reactions of
the catabolism and interconversions of the amino acids, the resulting kinetic model
by Zamorano et al. (2013) was able to simulate a CHO cell batch culture and, i.e.,
the evolution of glucose, lactate, ammonium and 17 amino acid concentrations with
time.

3.6.6 Modeling diverse conditions

The scope of a model refers to the situations the model is applicable to, and is clearly
of high relevance for anyone that intends to use it. A model might be applicable to
a certain mode of cultivation, to a specific phase of a culture, cell line, or medium
composition, etc. This is important to bare in mind when examining models and
proposed modeling methodologies. Below follows examples from the literature
focused on the kinetic modeling of diverse conditions and changing behavior of CHO
cells, e.g. encountered during dynamic cultivation modes, from applying stimulatory
chemicals, stemming from clonal variation, or di↵erent medium compositions.

70



3.6. Kinetic modeling of cell populations

The simulation of batch or fed-batch cell cultures is of high relevance to the bio-
pharmaceutical industry (Zhang, 2010); naturally, the majority of the kinetic models
in Table 3.6 were developed from batch- or fed-batch culture data. Throughout such
cultures, the environment of the cells is changing with time; consequently, the cells
pass through di↵erent phases as described in Section 2.2.5 (p. 13). A challenge
is how to generate a kinetic model under such dynamic conditions (Provost et al.,
2005; Gao et al., 2007; Zamorano et al., 2013; Robitaille et al., 2015).

One strategy is to generate several consecutive and phase-specific models. (Gao
et al., 2007) divided a batch culture into two phases corresponding to a growth
and post-growth phase, and developed one model for each phase. The phase-
specific models can also be combined by linear switching functions, for which the
time points at which the transitions occur are based on the actual data. Provost
and Bastin (2004) considered only the phase of exponential growth in their initial
model, but the stationary and death phases were accounted for in a second model
by switching functions, combining three phase-specific models to simulate the
concentration of cells and metabolites throughout the entire batch culture (Provost
et al., 2005). Switching functions were again applied by Zamorano et al. (2013) to
model the phases of a CHO cell batch culture, but now using the EFMs obtained
from the more detailed 100 reaction network.

Sodium butyrate is a chemical whose addition to cell cultures can improve the
recombinant protein production (McMurray-Beaulieu et al., 2009). Ghorbaniagh-
dam et al. (2013) studied the e↵ect of sodium butyrate stimulation in CHO cell
cultures by developing kinetic models representing the cell metabolism with and
without butyrate stimulation, respectively. Each condition was represented by a
separate model, to provide information about its metabolic pattern; those models
could then be compared.

Metabolic e�ciency is of interest when selecting between di↵erent clones
for biopharmaceutical production. This scenario was examined in another study
by Ghorbaniaghdam et al. (2014). Di↵erent CHO cell clones with and without
induction by cumate were investigated, and could be compared with the help of
clone-specific kinetic models (Ghorbaniaghdam et al., 2014; Robitaille et al., 2015).

The strategy of modeling distinct phases of batch cultures was further examined
by Robitaille et al. (2015), noting that the transitions between the phases happens
due to biological mechanisms and intracellular changes. Based on the model by
Ghorbaniaghdam et al. (2013), the authors generated a new structured model of
mAb-producing CHO-DXB11 cells in the batch/fed-batch mode. With access to
intracellular metabolite data, the model was able to at least simulate the exponential
and early plateau-phase of the culture using a single set of parameters. Robitaille
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et al. (2015) tried simulations in two di↵erent culture media, and concluded that
while their model was likely cell line-specific, the approach did show potential for
simulating the behavior of a specific cell line in di↵erent media.

3.7 Derivation of a macroscopic kinetic model
In this section, a macroscopic kinetic model is derived in eight steps by combining
the concepts introduced in the previous sections. To help to visualize the procedure,
a flow chart is presented in Figure 3.9.

Step 1: Perform experiment The model target is studied in cell cultures to
generate experimental data. The approach relies on an access to a typical cell
culture laboratory, including the possibility to measure the viable cell number, the
concentrations of selected metabolites, and the concentration of the product at
consecutive time points. The corresponding rates of growth, µ, product secretion,
qmAb, and metabolite uptake and secretion, qext, are calculated using equations (2.1),
(2.3), and (2.4) in Chapter 2. The rates are collected in the vector,

qext = [qext,1 qext,2 qext,3 . . . , qext,Mext ]
T , (3.19)

Here, Biomassext and mAbext belong to Mext and are extracellular products.

Step 2: Define metabolic reaction network The metabolism of the cell line is
represented in a metabolic reaction network of the type introduced in Section 3.3.
The network is specified by Aint, Aext, and virrev.

Step 3: Enumerate the EFMs The pathways accessible to the cells are identified
via systematic enumeration of the EFMs of the metabolic network. The EFMs
provide links between the extracellular substrate and product metabolites in Mext.
The EFM enumeration is carried out using the Metatool software (Provost and
Bastin, 2004; Provost et al., 2005; von Kamp and Schuster, 2006) to which Aint and
virrev are given as inputs. Metatool provides the EFM-matrix E, and an irreversibility
vector eirrev to indicate EFMs reversible in the original space.

Step 4: Translate into macroscopic reactions Revisiting (3.7), the EFMs are
translated into macroscopic reactions, Amac = Aext · E. In Amac, each row corre-
sponds to an extracellular metabolite in Mext, and each column to macroscopic
reaction; the l:th macroscopic reaction has been translated from the l:th EFM in E.
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Figure 3.9: Workflow for a derivation of a reaction network-based macroscopic kinetic
model, where qsim refers to the simulated rates.
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Step 5: State the EFMs-based MFA problem Revisiting (3.11), the EFMs-
based MFA problem is stated, qext = Amacw, where w contains the macroscopic
flux rates.

Step 6: Introduce kinetic functions Each macroscopic flux rate wl is modeled by
a kinetic function based on a generalized Michaelis-Menten–type kinetic equation2,

wl = wmax,l · fl = wmax,l

Y

i2Mext,s,l

c0,i

c0,i + Ks,i,l
= wmax,l

Y

i2Mext,s,l

c0,i
Ks,i,l

c0,i
Ks,i,l
+ 1

(3.20)

where c0,i is the initial concentration of metabolite i, Ks,i,l is the half-saturation
constant of metabolite i in macroscopic reaction l, and Mext,s,l is the set of substrate
metabolites in macroscopic reaction l.

Step 7: Parameter estimation The parameter estimation is carried out by solving
a least-squares-type minimization problem, e.g.,

minimize
wmax

1
2

DX

k=1

���qext,k � AmacF(c0,k,K)wmax
���2

2

subject to wmax � 0,

(3.21)

See Section 2.2 in Paper III for details about (3.21). Each Ks,i,l is fixed to a guessed
value. Given an assumption of balanced growth (Provost and Bastin, 2004; Provost
et al., 2005; Zamorano et al., 2013), Ks,i,l can be set su�ciently small such that
wl ⇡ wmax,l unless S s,i,l is very small relative to the initial concentration of the
component in the medium (see Figure 3.8, p. 69).

Step 8: Evaluation The rates simulated by the model, qsim, are compared to the
data qext (direct validation).

2 The rate-equation is rewritten to avoid division by a small number, something which could
happen when Ks is small and c0 is small or equal to zero.

74



Chapter 4

Experimental data: Influence of
varied amino acid availability in
CHO cell cultures

This chapter presents the experiment carried out to generate data for the model
development in Chapters 5-8.

4.1 Aim and overview
Revisiting the aim of this thesis (p. 5), the methodology developed should be able
to generate one single macroscopic kinetic model with the ability to capture diverse
metabolic behavior of the CHO-K1SV cell line in response to variations in the amino
acid availability. The reference medium, cultivation mode and type of bioreactor
have already been specified, and the workflow is illustrated in Figure 4.1 for the
general case with a set G of media di↵ering in their composition of amino acids.

Preparations A basal medium is prepared without amino acids, and distributed
into G flasks. Amino acids are added from stock solutions according to the experi-
mental plan. The cell line is cultured in the reference medium, and the number of
cells is scaled-up in preparation for the parallel experiment.

Pseudo-perfusion protocol Cells from a common pool are seeded into TubeSpins,
where the last TubeSpin corresponds to the control. A parallel pseudo-perfusion
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Figure 4.1: Workflow of a parallel cell culture experiment with media 1, 2, 3, . . . , G.

protocol is carried out with daily medium renewals (Figure 4.2). Parallel cultures
avoid e↵ects due to cell history (Henry et al., 2008). In pseudo-perfusion, each
medium renewal restores the nutrient levels and removes the by-products, providing
a relatively stable environment for the cells. It is assumed that in each culture,
a metabolic pseudo-steady state is reached within a matter of days, and that the
exponential growth phase is maintained throughout the experiment. Each condition
is tested in a single culture, but each of those cultures are carried out for several
consecutive days in the pseudo-perfusion mode1.

Sampling and data collection Samples are collected starting on day 4, and ana-
lyzed with BioProfile FLEX, amino acid high-performance liquid chromatography

1See the study by De Jesus et al. (2004) for a comment about the reproducibility between duplicate
cultures.
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(HPLC), and IgG HPLC. The viable cell density, the cell viability and the concen-
trations of glucose, lactate, glutamine, glutamate and ammonium are analyzed using
a BioProfile FLEX analyzer. The IgG concentration is analyzed with HPLC and
the concentrations of amino acids with amino acid HPLC. The resulting concentra-
tion values are collected in spreadsheets, and read into the programming software.
Cultivation data from one of the TubeSpin cultures are shown in Figure 4.2. The
viable cell concentration Xv is maintained at 2 · 106 viable cells/mL at each medium
renewal and the viability is stable, slightly below 100 %, throughout the cultivation.
Glucose and glutamine are taken up between each medium renewal, and lactate
and ammonium are secreted. Data for two other amino acids are shown: glycine,
omitted from the medium, is produced between each medium renewal and proline
is consumed.

Calculations The cell-specific rates of growth (µ) and uptake/secretion of ex-
tracellular metabolites (qext) and mAb (qmAb) are calculated from concentration
measurements in samples collected before and after each medium renewal, accord-
ing to the equations (2.1), (2.3), (2.4) in Chapter 2. The data set is now available for
model development.

4.2 Experimental plan
Sixteen parallel cultures were planned for, of which the sixteenth was the control
of cells cultured in the original medium formulation. The concentration of a single
amino acid was varied in each of the remaining fifteen media, so that the e↵ects
observed in each medium would be linked to a specific amino acid and concentration
level. The media are listed in Table 4.2; #1-15 are referred to by code Xy, where X is
the one-letter abbreviation of the varied amino acid and y is its concentration level in
percent relative to the concentration in the control medium #16 which was referred
to as Ctrl. The availability of each amino acid was either a complete omission (0 %),
a doubling (200 %), or a reduction (50 %).

Amino acids Among 20 potential amino acids (Table 2.9, p. 31), the ten amino
acids listed in Table 4.1 were selected for the experiment. Seven of those ten amino
acids are non-essential amino acids that can be synthesized by the CHO-K1 cells:
alanine, asparagine, aspartate, glutamate, glutamine, glycine and serine (Table 2.5,
p. 26). One is an amino acid for which the cells are auxotrophic (proline), one is

77



4. Experimental data: Influence of varied amino acid availability in CHO cell
cultures

Cell"pellet"

Cell*density*at*t"
Discarded*volume"

Supernatant"

Sample*at*t"

Discard*Sample* Centrifuge* Sample* Re9suspend* Sample*

Cells*grow*over*night,*take*up*nutrients*and*secrete*by9products*

Sample*at*t0"

2*MVC/mL*

New*medium"

1- 2- 3- 4- 5- 6-

7-

t (day)
0 2 4 6 8 10 12X

v (
1

0
6
 v

ia
b

le
 c

e
lls

/m
L

)

0

1

2

3

4

5

V
ia

b
ili

ty
 (

%
)

0

20

40

60

80

100

Viability
X

v

t (day)
0 2 4 6 8 10 12

m
M

0

20

40

60
Glc
Lac

t (day)
0 2 4 6 8 10 12

m
M

0

5

10

15

Gln
NH

4
+

t (day)
0 2 4 6 8 10 12

m
M

0

0.5

1

1.5

2

Gly
Pro

Figure 4.2: Daily TubeSpin pseudo-perfusion protocol (top) and example of data for the
case of glycine omission (bottom). The samples are collected just before and shortly after
the re-seeding of the cells in new medium. The latter sample represents the start of each
repetition at t0, and the former which is collected the next day represents the end at t. Here,
Xv is the same as the viable cell density Cv, and Cv = 2 MVC/mL = 2 · 106 viable cells/mL.

definitely essential (threonine) and one is here assumed to be conditionally essential
(cysteine can be obtained from methionine, see Table 2.7 on p. 29).

Omission of seven non-essential amino acids A complete omission was planned
exclusively for the non-essential amino acids alanine (A0), asparagine (N0), aspar-
tate (D0), glutamine (Q0), glutamate (E0), glycine (G0), and serine (S0). As all
20 amino acids are required for the synthesis of biomass and recombinant protein
product, intracellular synthesis of omitted non-essential amino acids was expected.
A complete omission was favored over a reduction to: (i) promote the activation of a
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Table 4.1: Ten amino acids to vary in the experiment.

Amino acid Three-letter One-letter Essentiality
abbreviation abbreviation

Alaninea, e Ala A Non-essential
Asparagineb, e Asn N Non-essential

Aspartatee Asp D Non-essential
Cysteinef Cys C Conditionally essential

Glutamatee Glu E Non-essential
Glutaminec,e Gln Q Non-essential

Glycined,e Gly G Non-essential
Prolined Pro P Auxotrophy
Serinee Ser S Non-essential

Threonined Thr T Essential
a Addition of extra alanine to culture media can potentially inhibit the reaction of glutamate and
pyruvate to alanine, and prevent secretion of alanine (Chen and Harcum, 2005).
b Asparagine starvation (an immediate removal of asparagine from the culture medium) was
found to influence extracellular and/or intracellular pools of several amino acids and increase the
growth rate of CHO-DUKX cells (Seewöster and Lehmann, 1995). As seen in Table 2.9, the
cells first took up asparagine from the medium. After the asparagine removal, this uptake shifted
toward secretion.
c Glutamine is a non-essential amino acid typically consumed by CHO cells at high rate con-
tributing to extensive by-product secretion (p. 25). The impact of varied glutamine availability
on CHO cell metabolism has been demonstrated (Wahrheit et al., 2014a), and is indicated in
Table 2.9.
d Addition of extra proline, threonine or glycine to the culture medium was found to improve the
growth and the recombinant protein productivity and quality in CHO cell cultures subjected to
elevated ammonium levels simulated by addition of NH4Cl (Chen and Harcum, 2005).
e Non-essential and synthesis should be possible.
f Conditionally essential and synthesis could be possible from methionine (assumed here).

synthetic pathway; and (ii) avoid depletion of the amino acid between the time points
of sample collection. In the case of glutamine omission (Q0), a reduction in the
growth rate was expected. Glutamine synthesis should be possible via asparagine
synthetase and glutamine synthetase (reactions 35 and 36 in Table 2.5, p. 26).

Zero initial concentrations (0 mM) were thus present by design, which is rare.
In medium development, this represents a scenario in which a medium component
has been purposefully omitted. During the course of a cell culture, very low or zero
concentration levels can also be encountered due to depletion of substrates.
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Table 4.2: The selected concentration levels in the experimental media.
Ctrl is the control.

# Amino acid Level Code # Amino acid Level Code
(%) (%)

1 Alanine 0 A0 9 Glutamate 0 E0
2 Alanine 200 A200 10 Glycine 0 G0
3 Asparagine 0 N0 11 Threonine 200 T200
4 Asparagine 200 N200 12 Serine 0 S0
5 Aspartate 0 D0 13 Serine 200 S200
6 Aspartate 200 D200 14 Proline 200 P200
7 Glutamine 0 Q0 15 Cysteine 50 C50
8 Glutamine 200 Q200 16 — — Ctrl

Doubling of five non-essential amino acids Five non-essential amino acids were
doubled in concentration: alanine (A200), aspartate (D200), asparagine (N200),
glutamine (Q200), and serine (S200). A high initial concentration of e.g. alanine,
aspartate or glutamate could inhibit their secretion as ammonium sink by-products
of the glutaminolysis (p. 25). A high initial concentration of either asparagine or
glutamine could contribute to increased uptake of the amino acid, and additional
ammonium formation.

Doubling or reduction of (conditionally) essential amino acids In the case of
threonine, an essential amino acid, the concentration was doubled (T200). The
CHO-K1 cell line cannot synthesize proline (Wurm and Hacker, 2011), and thereby
the concentration of proline was doubled (P200) rather than omitted or reduced. In
the case of cysteine (C50) the concentration was halved rather than doubled to avoid
toxic e↵ects (Nishiuch et al., 1976) or omitted since cysteine is practically essential
in CHO cell culture applications (Sigma-Aldrich Media Expert).

4.3 Experimental data
The data generated in the experiment consisted of the cell-specific rates for the
growth, IgG secretion and uptake/secretion of 21 metabolites. Plots of the data
are found in Figures 2, and 4-6 of Paper I. In brief, the CHO-K1SV cell line
grew and produced IgG in all the sixteen media. Aside from the amino acids that
were deliberately omitted at the initiation of the experiment, none of the measured
metabolites were depleted. Variations in the growth, IgG production, and metabolite
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uptake/secretion rates were registered in response to changes in the amino acid
availability.

4.3.1 Control

The control culture serves as a reference within the experiment. Here, the cells
displayed a behavior typical for CHO cell lines in glucose- and glutamine sup-
plemented medium: a growth rate of ⇡ 0.6/day; high-rate uptake of glucose and
glutamine; high-rate secretion of lactate and ammonium; uptake of essential amino
acids isoleucine, leucine, lysine, methionine, phenylalanine, threonine, tryptophan,
and valine; and uptake of proline for which the CHO-K1SV cell line is auxotroph.
Conditionally essential amino acids tyrosine and cysteine were taken up. Non-
essential alanine, aspartate, glutamate, and glycine were secreted, while asparagine
and serine were taken up.

4.3.2 Influence of varied amino acid availability

The varied availability of asparagine, aspartate, glutamine, glycine, serine and
cysteine were associated with significant di↵erences in the metabolic rates, while
varied availability of alanine, glutamate, proline and threonine had a smaller impact.
Some observations will be described below.

Concerning the growth, viability, IgG production, glucose uptake and lactate
secretion, the cells showed similar behavior across all test media, with one exception:
cells subjected to glutamine omission in Q0. The omission of glutamine from the
original medium led to a dramatic decrease in the cell-specific growth rate and the
viability. In contrast, the cell-specific IgG secretion rate was dramatically increased.
No glutamine was detected in Q0; the glutamine produced appears to have been
kept intracellularly. The cell-specific glucose uptake and lactate secretion rates
were dramatically increased compared to the control, while the secretion rate for
ammonium was decreased. Thereby glutamine uptake appears, at least in part, have
been compensated for by an increased uptake of glucose in this medium.

Next, for the essential amino acids isoleucine, leucine, lysine, methionine,
phenylalanine, threonine, tryptophan, and valine, and conditionally essential tyro-
sine, the cell-specific uptake rates were similar across all the media with exception
for Q0. In Q0, these rates were generally increased compared to the control and the
other media, in particular the uptake rate for isoleucine, leucine and methionine.

Asparagine and glutamine were consumed by the cells in the control medium,
and in all the other media except N0 and Q0. In N0, no asparagine could be detected.
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Similarly, in Q0 no glutamine could be detected. Thereby, in these two cases, the
amino acid appears to have been produced (as it is required in biomass- and product
synthesis) and kept intracellularly.

Alanine, aspartate, glycine and glutamate were produced by the cells in the
control medium. The omission of alanine, aspartate, glycine and glutamate was
examined in the experiment, as was the doubling of alanine and aspartate. In each
case, the omitted amino acid was produced and secreted, just as in the control, but
in some cases at an altered cell-specific rate. For the cells subjected to variation in
the availability of aspartate, the secretion rate was increased when the amino acid
was omitted (D0) and decreased when the amino acid was doubled in concentration
(D200). For the cells in G0 (glycine omission), the secretion rate was increased
compared to the control.

In the control medium, a small amount of serine was consumed, consistent with
the typical pattern observed in mammalian cell cultures (Gódia and Cairó, 2006).
In S0, serine was produced; thereby, its omission appears to trigger its production
and secretion. In G0, the uptake of serine occurred at an increased rate compared
to the control culture. In the control, cysteine was consumed. In C50, the specific
consumption rate appeared slightly lower than in the control, and in most of the
other media.

The next chapter takes as the starting point the generation of a macroscopic
kinetic model to capture these data, with the objective to simulate the complete data
set using a single model.
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Chapter 5

Contribution of Paper I:
Development of an initial
methodology

The aim in Paper I was the same as in the thesis. This chapter begins with an
introduction to the proposed modeling concept, followed by a description of the
overall workflow (Section 5.1). The following section focuses on the application and
development of methodology, leading to a proof-of-concept (Section 5.2). Finally,
Section 5.3 summarizes the main contributions of the paper.

5.1 Proposed concept and workflow
The task in Paper I was to find a way to generate a single model that could simulate a
data set encompassing sixteen di↵erent experimental conditions over several culture
days. At the time point of the study, measurements of 22 di↵erent variables were
available, i.e., the cell density, and the concentrations of glucose, lactate, ammonium,
and eighteen natural amino acids.

5.1.1 Modeling concept

A one model approach was envisioned in which a single model M would be devel-
oped from the entire data set (Figure 5.2). With the methodology in Section 3.7 as the
starting point, it was proposed that all available data were to be used simultaneously
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within that framework to yield a single metabolic model. To capture diverse behavior
of the cell line, that model was to rely on the following principles:

• Principle 1: The cells have access to several pathways that link the extra-
cellular metabolites; in the model those are the EFMs of the metabolic reaction
network.

• Principle 2: An observed metabolic behavior of net uptake/secretion rates
results from a combination of pathway activities; in the model this relation-
ship is captured by stating an EFMs-based MFA problem that describes a
decomposition of observed behavior qext into pathway activities w (see p. 62).

• Principle 3: The cells regulate those pathway activities in response to environ-
mental changes, and the regulation is thought of as the action of switching
on/o↵, or increasing/decreasing the pathway flux; in the model, the regulation
of each pathway activity wl is modeled via kinetic functions of the type
wl = wmax,l · fl(c1, c2, ..., k1, k2, ...).

A conceptual illustration is shown in Figure 5.1.
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Figure 5.1: A conceptual illustration of the three principles for the metabolic model. A
set of possible pathways through the cell metabolism indicated by dashed lines (left). Two
di↵erent pathway flux distributions (middle and right) for which the switching on/o↵ of a
pathway is indicated by colored lines (turned on) versus dashed lines (switched o↵), and the
increase/decrease of pathway flux by variation in the line thickness.

5.1.2 Workflow toward proof-of-concept

The workflow is outlined in Figure 5.3. The workflow strived toward proof-of-
concept, meaning a realization of the modeling concept that demonstrates its feasi-
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Figure 5.2: Conceptual illustration of a one-model approach. A model M is developed
from input-output data. Prediction: for a new scenario X with input c0,X , the model predicts
the output qext,X . Optimization: the model finds an optimal medium composition c⇤0 that
yields the best output behavior in terms of specified objectives and constraints. Note that
prediction and optimization were outside the scope of the paper but are long-term goals.

bility and potential, but may also point out limitations and challenges that should be
solved in future work.

While the workflow resembles the one in Section 3.7, that methodology is now
applied to a specific situation. The experiment (1) is the parallel culture experiment
in Chapter 4. As before, the user specifies a metabolic reaction network (2). This is
followed by the usual enumeration of EFMs by Metatool (3), and a translation of
those EFMs into the macroscopic reactions (4). Next, the entire data set of sixteen
conditions is inserted into the EFMs-based MFA problem (5). In practice, this is
achieved via stacked matrices and vectors1. The user then specifies a set of kinetic
functions and parameters (6); those are initially based on general equations with
substrate saturation e↵ects. The parameter estimation (7) is limited to wmax, where
each metabolite has a fixed saturation parameter value applied across all equations.
Finally, and as before, the model is evaluated based on the quality of the data fitting
(8).

As a new feature, there are now three feedback loops A, B and C in the work-
1 See Section 4.3.1, Paper I
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applied to a specific situation. The experiment (1) is the parallel culture experiment
in Chapter 4. As before, the user specifies a metabolic reaction network (2). This is
followed by the usual enumeration of EFMs by Metatool (3), and a translation of
those EFMs into the macroscopic reactions (4). Next, the entire data set of sixteen
conditions is inserted into the EFMs-based MFA problem (5). In practice, this is
achieved via stacked matrices and vectors1. The user then specifies a set of kinetic
functions and parameters (6); those are initially based on general equations with
substrate saturation e↵ects. The parameter estimation (7) is limited to wmax, where
each metabolite has a fixed saturation parameter value applied across all equations.
Finally, and as before, the model is evaluated based on the quality of the data fitting
(8).

As a new feature, there are now three feedback loops A, B and C in the work-
1 See Section 4.3.1, Paper I
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Figure 5.2: Conceptual illustration of a one-model approach. A single model M is devel-
oped from input-output data of multiple medium scenarios A, B, C, and D. Prediction: for
a new scenario E with input c0,E , the model predicts the output qext,E . Optimization: the
model finds an optimal medium composition c⇤0 that yields the best output behavior in terms
of specified objectives and constraints. Note that prediction and optimization were outside
the scope of the paper, but are long-term goals.

bility and potential, but may also point out limitations and challenges that should be
solved in future work.

While the workflow resembles the one in Section 3.7, that methodology is now
applied to a specific situation. The experiment (1) is the parallel culture experiment
in Chapter 4. As before, the user specifies a metabolic reaction network (2). This is
followed by the usual enumeration of EFMs by Metatool (3), and a translation of
those EFMs into the macroscopic reactions (4). Next, the entire data set of sixteen
conditions is inserted into the EFMs-based MFA problem (5). In practice, this is
achieved via stacked matrices and vectors1. The user then specifies a set of kinetic
functions and parameters (6); those are initially based on general equations with
substrate saturation e↵ects. The parameter estimation (7) is limited to wmax, where
each metabolite has a fixed saturation parameter value applied across all equations.
Finally, and as before, the model is evaluated based on the quality of the data fitting
(8).

1 See Section 4.3.1, Paper I
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As a new feature, there are now three feedback loops A, B and C in the work-
flow. These have been introduced here to indicate iteration procedures, and their
relevance will become evident in Section 5.2. First, Feedback A connects the EFM
enumeration (3) to the network structure (2). Adjustments at 2 can be done to
ensure that the EFMs can be enumerated by Metatool at 3. Furthermore, if the
enumeration is feasible, the applied network structure also determines the set of
EFMs and macroscopic reactions that will be available for the kinetic model de-
velopment. Next, Feedback B connects the evaluation (8) to the network structure
(2), and finally feedback C connects the same evaluation (8) to the introduction of
kinetic functions and parameters (6). Within this workflow, it is thereby possible to
explore if certain adjustments of the network and/or the kinetic functions/parameters
improve or worsen the quality of the data-fitting; repeated iterations guide the user
toward a proof-of-concept model.

5.2 Application and further development
The overall objective of the work was to reach the proof-of-concept model at the
bottom of the workflow, and the actual model is presented in more detail in the paper.
But the work also led to new insights about the concept, and to further development
of the methodology itself; these will be discussed in the present section. The section
focuses on two important aspects: (i) the specification of a suitable network and
identification of its EFMs (Section 5.2.1); and (ii), finding suitable kinetic functions
and estimating their parameters (Section 5.2.2). Lastly, the proof-of-concept model
presented in Paper I will be briefly discussed.

5.2.1 Specification of a suitable network and identification of its
EFMs

In terms of reactions, the amino acid metabolism should logically be represented
in the network: essential and non-essential amino acid catabolism; synthesis of
non-essential amino acids; and, use of amino acids in the biomass and product
syntheses. Additionally, the diverse behavior displayed in the data called for a
flexible network structure. This implied that shifts in the net direction of several
reactions should be allowed (see p. 26), including reversible transports.

The first networks to enter the workflow (2) were of similar size and detail as
other cell culture models available in the literature at the time (p. 68); but, given the
topic of the study, reactions that provided a more complete coverage of the amino
acid metabolism were included, and many of the network reactions were defined
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rates. The execution of steps 3–5, and 7 was mostly computational, whereas steps 1, 2, 6,
and 8 at this point required human involvement and decision-making.
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as reversible. Unfortunately, the EFMs of the preliminary networks could not be
enumerated, as the Metatool algorithm terminated before the enumerations were
completed.

For pragmatic reasons, less complex networks had to be tested within the
framework to arrive at proof-of-concept. The procedure involved tradeo↵s be-
tween various network properties, mostly related to internal nodes and reaction
reversibility.

Revisiting the workflow outlined in Figure 5.3, network adjustments that make
the EFM enumeration feasible are possible via feedback A, and the influence of
those adjustments on the quality of the data fitting can be accounted for via feedback
B.

In the end, as can be seen in the map of the proof-of-concept network (Figure 5.4),
the NEAA metabolism and its internal nodes and interconversions were prioritized,
as was the reversibility of related reactions and transports. When provided with this
network, the Metatool algorithm enumerated 379 EFMs. Unfortunately, this came
at the cost of loosing several of the relevant internal nodes, and unfortunately also
the EAA catabolism.

5.2.2 The kinetics

For the kinetic model development, the following equation served as the starting
point,

wk,l = wmax,l ·
Y

i2Mext,s,l

c0,k,i
Ks,i,l

c0,k,i
Ks,i,l
+ 1

|             {z             }
substrate saturation

,
(5.1)

a version of (3.18) where k has been introduced to account for the stacking of data2.
In its favor, a generalized equation of this type is convenient for automatic model
generation because every function can be derived directly from Amac. Nevertheless,
a saturation parameter for each extracellular substrate still has to be specified and
fixed beforehand.

As previously described, the balanced growth assumption has been applied
in the literature. When substrates are available in excess, this entails that most
saturation parameters can be fixed to low values (p. 68). An example plot is
shown in Figure 5.5. Clearly, the condition of excess substrate availability was not
applicable in the present case; metabolites had in fact been omitted by design. In

2 See Section 4.3.1, Paper I
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Figure 5.4: Metabolic network in Paper I. Eighteen reactions are reversible, including
seven of the transport reactions. NEAA metabolism is included, but the EAA catabolism
was excluded from the network and is here only indicated (green). This same map is found
in Figure 3 of Paper I, where the network is described in Section 4.2.1.

addition, note that in (5.1) and in Figure 5.5, if one substrate is omitted or depletes,
the flux over the pathway is switched o↵, perfectly in line with fundamental enzyme
kinetics. This will however have consequences on the modeling of the global
behavior.

A noteworthy aspect was the strong influence of the network structure on the
kinetics. As a consequence of the generalization in (5.1), the EFMs of the network
fully determined whether the concentration of a certain metabolite could influence a
model at all (it had to be a substrate of a pathway), and also its potential interaction
with other metabolites (those had to be substrates in the same pathway).

An important insight was that even if a metabolite had been omitted or reduced
in concentration at the initiation of a cell culture, from a global perspective, com-
pensating pathways that produced it, and pathways that consumed it, could have
been activated once that cell culture had reached a stable pseudo-steady state. As
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an example, while the omission of serine triggered its own production, an initial
serine concentration of zero could not activate or increase the flux over serine-
producing pathways, only switch o↵ fluxes over pathways in which the amino acid
was consumed. This led to a first desired property:

• Desired property 1: Omission or reduction of an amino acid should be able
to activate and up-regulate a pathway activity.

Feedback A (in Figure 5.3) provides the option to change the reversibility of
reactions in the network; this way, new metabolites could enter the set of substrates.
Nevertheless, the following situation always remained: (i) extracellular products
could not regulate the activity of a pathway; and (ii) an extracellular metabolite
could not regulate any of the pathways in which that metabolite was not involved.
This observation led to a second desired property:

• Desired property 2: Non-substrate metabolites should be able to regulate a
pathway flux.

Furthermore, a model within the framework should not rely completely on the
use of small parameter values given the third principle of the metabolic model
(p. 84). It entails that the cell line is able to increase or decrease a pathway flux
in response to environmental changes, as is illustrated by the plotted function to
the right in Figure 5.5, and via the two conceptual flux maps with di↵erent line
thickness in Figure 5.1.

As a result, the following generalized equation was proposed:

wk,l = wmax,l · fl(c0,l,k,Kl),

where

fl(c0,l,k,Kl) =
Y

i2Mext,s,l

c0,k,i
Ks,i,l

c0,k,i
Ks,i,l
+ 1

|             {z             }
substrate saturation

·
Y

i2Mext,p,l

1
c0,k,i
Kp,i,l
+ 1

|              {z              }
product inhibition

·
Y

i2Mext,r,l

1
c0,k,i
Kr,i,l
+ 1

|             {z             }
metabolite inhibition

.
(5.2)

As indicated, the new equation consists of three terms to represent substrate satura-
tion, product inhibition, and general metabolite inhibition. The equation has both
desired property 1 and 2. The omission or reduction of a product can trigger its own
production through an inhibitory e↵ect, and presence of a general metabolite can
inhibit the activity of pathways in which it is not involved.
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Figure 5.5: A plot of the equation w = wmax
S ext

(S ext+Ks)
where wmax = 4 and Ks = 0.001 (left)

and Ks = 1 (right). S ext is the initial concentration of a single extracellular substrate, and w
is the macroscopic flux rate. The shaded area between the dashed lines indicates a range of
initial concentrations between 0.5 and 3.5 mM.

While it is true that (5.2) has the desired properties, it also yields a high number
of possible combinations. For the kinetic function of each macroscopic reaction
must be determined: the presence of saturation and/or inhibition, the metabolites
involved in those regulations, and the kinetic parameter for each case. Feedback
C allows a user to manually adjust the kinetics of each function to improve the
data-fitting, but the procedure quickly becomes tedious.

To speed up the identification of suitable kinetics, the following strategy was
developed. A first model based on (5.1) served as a starting point. Based on its
ability to fit the data, the user in this case adds new equations on the form (5.2).
The result is an equation pool; each macroscopic reaction may be associated with
multiple equations. The subsequent parameter estimation assigns higher weight
to certain equations in the pool (Figure 5.6). The procedure is repeated until a
satisfactory model has been obtained.

The new general equation (5.2) in combination with the above strategy was
referred to as "flexible kinetics", where the decision on the equations to add is
guided iteratively by the data-fitting. A low-quality fit of a certain flux gives a clue
to what type of equation and parameter values that could be useful. The structural
information available in the EFMs and macroscopic reactions is applied to find
suitable connections between metabolite fluxes and metabolite concentrations (see
Table 3 in Paper I), and the direction of the mis-match can guide the adjustment of
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the model parameters.
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Figure 5.6: Conceptual illustration of a data-driven selection of the kinetic functions. The
red boxes illustrate a simple case with the ten pathways #1–10 identified via an EFM
enumeration (and which have been translated into their corresponding ten macroscopic
reactions). At step 1, a pool of kinetic equations is formulated, where it is possible to define
several alternative equations for each pathway; here this is indicated by letters A, B, C etc.
At step 2, the linear parameter estimation yields a parameter wmax,l for each equation, and
some equations will be associated with a higher parameter value/weight in the model; here
the weight is indicated by an increasingly darker blue color.

5.2.3 Proof-of-concept model

A proof-of-concept model was obtained through numerous iterations within the
workflow. The simulations are available in Figures 4-6, Paper I.

From those simulations can be seen that the model has an ability to capture
typical CHO cell behavior, as the rates of the control culture are overall well
simulated. The underestimation of essential amino acid uptake is an exception
(Figure 6, Paper I), but must be expected, given the exclusion of EAA catabolism to
favor flexibility in the NEAA metabolism.

In line with the aim, the ability of the same model to simulate diverse cell line
behavior is also demonstrated; many of the variations in the uptake/secretion rates
present in the data set are well captured (see specifically Figures 4 and 5, Paper I).
This indicates that the modeling concept has potential for the generation of single
models with ability to capture diverse cell line behavior.
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5.3 Summary of the contribution
To conclude, the main contribution of Paper I is a proposal and demonstration
of a new concept for how to generate a single cell culture model, with ability to
simulate diverse behavior of a specific cell line triggered in response to changes
in medium composition. Even if macroscopic kinetic models based on metabolic
reaction networks and simplified kinetics have been suggested previously in the
literature, the paper demonstrates an application of the model type to a new situation,
i.e. a situation in which a cell line is cultured in parallel pseudo-perfusion cultures
rather than in a single batch culture, and subjected to sixteen di↵erent medium
compositions rather than to a single medium.

The amino acid metabolism in CHO cells is characterized by metabolic flexibil-
ity (p. 28), and the experiment in Chapter 4 was purposefully designed to trigger
activation of alternative and compensatory pathways within this metabolism. Clearly,
the modeling of diverse behavior requires a more flexible modeling structure than
can be provided by simplified networks and simple generalized kinetics.

As proof-of-concept, the paper demonstrates feasibility and potential of the
suggested modeling concept via the realization of an actual model. But it also
contributes to new insights and points out challenges that should be sorted out
in future work. An important finding was the limitation imposed by the EFM
enumeration step (3); only simplified networks could be used, which required
sacrifices of desired network properties. This limitation was formulated as a new
problem to be solved, and was handled in Paper II which will be described in the
next chapter. Another finding was the limitation of generalized substrate saturation
kinetics, something which could be solved in part through a new flexible equation
in combination with a strategy for selecting kinetics for the model. Additional work
on the kinetics will be presented in Chapter 7 (Paper III).
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Chapter 6

Contribution of Paper II: A
column generation-based method
for pathway identification in
complex metabolic networks

In Paper II, the issue of pathway identification in complex metabolic networks
was considered. To address the issue, a novel method based on a mathematical
optimization technique referred to as column generation (CG) was proposed. This
chapter begins with an introduction to mathematical optimization, linear programm-
ing, and the CG technique (Section 6.1). Section 6.2 describes the proposed method
and its implementation, and Section 6.3 summarizes the main contributions of the
paper.

6.1 Introduction to mathematical optimization
Optimization problems are found in various fields, e.g. in manufacturing, transporta-
tion, finance, and mechanics, as well as in the biological sciences. The common
feature of these problems is the aim to select a best solution to the problem from
a set of candidate solutions. An objective function is the output to be maximized
or minimized; it quantifies the quality of each solution. Examples could be to
maximize profits or to minimize waste, or as in the present case to optimize the
quality of a data-fitting through the minimization of the sum of the squared residuals
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between a model and data. Constraints are requirements that must be fulfilled, and
typically expressed as equalities or inequalities.

6.1.1 Linear programming (LP)

Linear programming (LP) are techniques for solving optimization problems based
on linear relationships: a linear objective function, and linear constraints. The
standard form of such linear programs (LPs) is to,

minimize
x

cT x,

subject to Ax = b,
x � 0,

(6.1)

where b and c are known vectors, and A is a known matrix (Wallis, 2012). LP
algorithms are designed to find an x that yields the smallest value of the objective
function cT x, if such a value exists. If it does not exist, the problem is infeasible or
unbounded with no solution. Every LP can be re-written into a corresponding dual
problem, where the primal problem is the original LP. The variables, constraints and
optimal solutions of the primal and dual problems are related to each other as: each
dual variable corresponds to a primal constraint; each primal variable corresponds
to a dual constraint; and an optimal solution to the dual problem can be recovered
from an optimal solution to the primal problem, and vice versa (Arora, 2017). This
way, only one of the two problems needs to be solved, which can prove useful in
some situations.

6.1.2 Column generation (CG)

The CG technique is a technique developed to e�ciently solve large LPs in which x
consists of a huge number of variables. Its development can be traced back to the
1950s (Table 6.1). The technique is particularly useful when many of the variables
in x tend to be zero during the solution process, and in the final optimal solution
(Ford and Fulkerson, 1958). It is not necessary to know all the variables beforehand,
and some of those variables will never be dealt with; rather than to identify all
variables in x, variables are identified as needed (Dantzig and Wolfe, 1960; Gilmore
and Gomory, 1961, 1963). This saves a considerable amount of time and memory
in the implementation, and the problem can be solved e�ciently. This e�ciency
makes CG a very powerful technique with applications in e.g. crew scheduling
for air tra�c, or in vehicle routing for delivery of goods (Desrosiers et al., 1984;
Lübbecke and Desrosiers, 2005).
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Table 6.1: Important contributions to the development of the column generation (CG)
technique.

Year Authors Contribution
1958 Ford and

Fulkerson
In the maximum multi-commodity network flow problem,
all variables do not need to be explicitly stated, but can be
dealt with implicitly.

1960 Dantzing
and Wolfe

Application of the Dantzig-Wolfe decomposition to
extend the LP column-wise, and as needed, in the solution
process.

1961,
1963

Gilmore
and Gomory

Developed an e�cient heuristic algorithm to solve the
cutting-stock problem. Showed that the problem could
be e�ciently solved to optimality by using an MP and
SP combination, without prior knowledge of all possible
solutions.

1984 Desrosiers
et al.

Embedded CG techniques within a LP-based branch-and-
bound (BnB) framework to solve a complex vehicle rout-
ing problem.

In CG, an LP is split into a Master problem (MP) and one or several subproblems
(SPs) (Dantzig and Wolfe, 1960; Gilmore and Gomory, 1961, 1963). The MP is
similar to the original LP, but it only contains the variables in x that are active (i.e.
non-zero). The SP is referred to as the column generator (Lübbecke and Desrosiers,
2005); during the solving process, it identifies new candidate variables for the MP,
and specifically candidates that lower the MP objective function.

6.2 Column generation applied to EFM identification
Revisiting the EFMs-based MFA-problem (3.12) on p. 62, but in a version that
accounts for the stacking in Paper I,

minimize
w

1
2

DX

k=1

kqk � IkAextEwk22

subject to w � 0,
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it is assumed that the full matrix E is known from an a priori EFM enumeration
before the problem can be solved. Unfortunately, when the complexity of the under-
lying network increases, the number of EFMs increases rapidly, and the enumeration
quickly becomes prohibitive. This is a general issue in EFM enumeration (Klamt
and Stelling, 2002) and was also identified as a limitation in the kinetic framework
proposed in Paper I.

6.2.1 Proposition

Column generation emerged as suitable mathematical technique to solve the issue
because: (i) (3.12) is a large LP with a high number of variables in w when the
network is complex; (ii) E can be recognized as a corresponding large set of columns,
unknown beforehand; and (iii) if there exists one or several optimal solutions w in
which many of the fluxes are zero, there is a chance that the problem could be solved
e�ciently using the CG technique, and without an a priori EFM enumeration. An
application of the CG technique was therefore proposed to solve (3.12). The EFMs
would not have to be enumerated, but identified as needed to arrive at an optimal
solution in terms of the quality of the data-fitting.

6. Contribution of Paper II: A column generation-based method for pathway
identification in complex metabolic networks

E # # # # # # # # # # # . . . # # #

# # # # # # # # # # # . . . # #

EB # # # # # # # # # # # # # # # #

|          {z          }
EB

e

Figure 6.1: The columns represent EFMs of a network. The upper row of columns
illustrates a large number of EFMs in E, enumerated for a complex network. Col-
umn generation applied to the EFMs-based MFA problem aims to identify a subset
of those EFMs, EB (and a flux vector wB), that can fit a data set optimally. The row
of columns below illustrates the ongoing identification of the EFMs in that subset
EB. The red columns are the EFMs currently included in the subset EB. The orange
column is a candidate EFM from e that is under evaluation. If the inclusion of this
candidate EFM improves the objective function, it will be added to the subset EB.

v = Ew = EBwB (6.2)

]
[The green columns illustrated in the Figure represent EFMs (these are vectors

of type el, which make up matrices E and EB). The blue boxes represent fluxes
w (these are contained in vector w) As was explained in Section X, the time and
computational power required for a complete enumeration of all possible EFMs
becomes prohibitive for large and complex networks.]

6.4.1 Master problem (MP) and subproblem (SP)

The EFMs-based MFA problem in which E has been replaced by EB is transformed
into a column generation problem by defining the master problem (MP) and a suit-

100

?

Figure 6.1: A split of the EFMs of a network into: the EFMs associated with active
variables currently in EB (red); a candidate EFM under evaluation (orange); and the EFMs
associated with inactive variables wN currently in subset EN (green), most of which are
unknown.
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6.2.2 Method

The next step was to formulate an MP and SP combination that could solve (3.12).
Hildur Æsea Oddsdottir (HÆ) is the contributor to this formulation which is thor-
oughly described in Paper II and in her thesis (Oddsdóttir, 2015). The method is
introduced also in the present thesis to support its application in papers III and IV.
Furthermore, when using an algorithm it is valuable to understand how the inputs
are processed into the outputs, e.g. to determine if the method can be applied to a
specific problem, and to interpret the results.

Division into subsets The CG technique handles subsets of the columns in an
unknown matrix. In the present case, the unknown matrix is the set of all possible
EFMs in E, with corresponding variables w. This matrix is split into two matrices,
such that E = [EB EN] where EB contains the subset of columns handled explicitly
by the CG algorithm, and EN the remaining columns (Figure 6.1). Similarly, the
unknown solution vector w is split into two vectors, w = [wB wN]T , where wB
contains the fluxes over the EFMs in EB, and wN the fluxes over the EFMs in EN
where wN = 0.

The Master problem (MP) and subproblem (SP) In the CG technique, an MP
is derived from the original LP, so in the present case an MP is derived from (3.12).
As an MP only considers the active variables during the solution process, E is
replaced by EB, and w by wB, such that the MP is to,

minimize
wB

1
2

DX

k=1

kqk � IkAextEBwBk22 (6.2a)

subject to wB � 0, (6.2b)

where EB is a set of known EFMs, and w⇤B will denote an optimal solution to the
problem. Noteworthy, at this stage, w = [w⇤B wN] = [w⇤B 0] is not necessarily an
optimal solution to the full problem (3.12). The optimality conditions for the MP
and (3.12) are discussed in Section 3.1 of Paper II. The SP objective function was
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Figure 6.2: CG algorithm. Flow chart showing the CG-based identification of an EFM
subset using a CG-based algorithm. �⇤B are dual variables obtained from the MP to account
for bounds on unmeasured extracellular metabolite uptake/secretion rates and are introduced
into the problem in Section 6.2.4.

based on the last optimality condition of the MP such that the SP was to:

minimize
e

DX

k=1

(AT
extIT

k (IkAextEBw⇤B � qk))T e (6.3a)

subject to Ainte = 0, (6.3b)

1T e  1, (6.3c)
e � 0. (6.3d)

where EB is the current EFM subset in the MP, and w⇤B is the current optimal solution
to the MP. An optimal solution to the SP is denoted by e⇤. The objective (6.3a)
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Figure 6.2: The flow chart shows the identification of an EFM subset using the CG–
based algorithm. �⇤B are dual variables obtained from the MP to account for bounds on
unmeasured extracellular metabolite uptake/secretion rates and are introduced into the
problem in Section 6.2.4.

based on the last optimality condition of the MP such that the SP was to:

minimize
e

DX

k=1

(AT
extIT

k (IkAextEBw⇤B � qk))T e (6.3a)

subject to Ainte = 0, (6.3b)

1T e  1, (6.3c)
e � 0. (6.3d)

where EB is the current EFM subset in the MP, and w⇤B is the current optimal solution
to the MP. An optimal solution to the SP is denoted by e⇤. The objective (6.3a)
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was chosen because: (i) when e⇤ yields a negative SP objective value, the addition
of e⇤ to EB improves the quality of the data-fitting in the MP; and (ii) when the
SP objective value is zero, w⇤B is a global optimal solution both to the MP and
to the full problem in (3.12). The SP thus allows the algorithm to find promising
candidate columns, and to determine if they should be added to the MP and when
to stop the iterations (Figure 6.2). The functions of the constraints are to fulfill the
pseudo-steady state assumption (6.5b), bound the problem (6.5c), and ensure that
the reactions of the network are used irreversibly (6.5d).

The workflow of the CG-based algorithm is shown in Figure 6.2. As indicated,
the algorithm starts from a single EFM e that forms the first EFM subset EB. Solving
of the MP generates a corresponding optimal solution w⇤B. Given EB and w⇤B, the
SP generates an EFM whose addition to EB improves the MP (the SP objective
is negative). These procedures are iterated until the current EB solves the MP to
optimality. This happens when the objective function of the SP is zero, and the
algorithm stops. The current EB and w⇤B delivered as output solves both the MP
and (3.12) to optimality, and the solution is a global optimum to (3.12). There is
no better solution in terms of the objective value, but note that the solution is not
necessarily unique; there may be other solutions equally optimal.

6.2.3 Implementation and case-study

The method was implemented in the Matlab environment, and a case-study served
as a test of the proposed method. The CG-based algorithm developed within the
work was able to solve an EFMs-based MFA problem in practice, also in a case in
which the a priori EFM enumeration was prohibitive.

Data from one of the cell cultures (G0, Chapter 4) were used. For a simple
network (N1 in Table 3.4), an enumeration by Metatool yielded 257 EFMs in around
2 s, while the algorithm based on the CG technique identified 14 of those EFMs
that fit the data set optimally in around 7 s1. For a more complex network (N2 in
Table 3.4), enumeration by Metatool was prohibitive, but the CG-based algorithm
was able to identify 25 EFMs, again in around 7 s. An important finding was that
the complex network gave an improved data-fitting when compared to the simple
one, indicating practical value of the approach.

Figure 6.3 contrasts the approach relying on a priori EFM enumeration against
an EFM identification through the CG technique. In the first case, the EFM enumer-

1As noted in the paper, all calculations were carried out on a single personal computer (64-bit
Linux, a single Intel Xeon 3GHz processor core, 32GB of memory) and the implementation was not
optimized in terms of run time.
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Metabolic
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Metatool

EFMs-based
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w⇤

Data qext
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E, eirrev

Amac

Aext Metabolic
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CGData

EB, w⇤B

qext

Aint, Aext, virrev

Figure 6.3: A priori enumeration of all possible EFMs in E using e.g. Metatool to state
the EFMs-based MFA problem (left), versus a proposed scenario in which a relevant EFM
subset EB is identified using the CG technique (right). In the first case (left), the EFM
enumeration and the data-fitting are carried out in separate steps while in the second case
(right), the EFM subset identification and data-fitting are carried out simultaneously within
a CG-based algorithm.

ation and the data-fitting are carried out in two separate steps. In the second case, the
EFM identification and data-fitting are carried out simultaneously. A substitution of
the EFM enumeration in the kinetic framework (Figure 5.3) by the new CG-based
method can now be imagined. The application of the method in kinetic modeling
will be covered in Chapter 7, but already here it can be noted that while the new
method solves the EFMs-based MFA problem for a single pseudo-steady state, it
does not account for the multiple pseudo-steady states or the kinetics studied in
Paper I.
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6.2.4 Robustness and bounds on unmeasured metabolite
uptake/secretion rates

Paper V was excluded from this thesis, but presented an extension of the prob-
lem in Paper II into a robust format that could handle measurement errors2. An
additional feature was an option to include bounds on the unmeasured metabolite
uptake/secretion rates. This option was utilized in papers III and IV. The new MP
(here without robustness taken into account) was to,

minimize
wB,zUB,zLB

1
2

DX

k=1

kqk � IkAextEBwBk22 + MT
UBzUB +MT

LBzLB (6.4a)

subject to wB � 0 (6.4b)

zUB � AnmEBwB � �qUB
nm (6.4c)

zLB + AnmEBwB � qLB
nm (6.4d)

zUB � 0 (6.4e)

zLB � 0. (6.4f)

and the new SP was to,

minimize
e

DX

k=1

((AT
extIT

k (IkAextEBw⇤B � qk))T + (�k
UB � �k

LB)T Anm)e, (6.5a)

subject to Ainte = 0, (6.5b)

1T e  1, (6.5c)
e � 0. (6.5d)

In the new MP, the former constraint (6.2b) has now been complemented with
(6.4c)-(6.4f), where the unmeasured rates are specified by the two vectors qUB

nm ,
and qLB

nm, and Anm are the rows of the unmeasured extracellular metabolites in the
stoichiometric matrix. The MP objective (6.2a) has been complemented with a
penalty function where MUB and MLB are to be set su�ciently large to satisfy the
new bounds. Finally, the new constraints on the bounds have been introduced into
the SP objective (6.3a) via dual variables �k

UB and �k
LB.

2 Based on the results in the paper, measurement errors appeared to have little e↵ect on what
EFMs that were identified to fit the data set.
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6.3 Summary of the contribution
To conclude, the main contribution of Paper II is a novel method based on the CG
technique that can solve the EFMs-based MFA problem to optimality, even when
the underlying metabolic reaction network is complex.

While CG is a well-established technique within mathematical optimization
(Lübbecke and Desrosiers, 2005), to determine whether CG is applicable to a certain
problem, and how to formulate the MP and SP(s), are not necessarily straightforward.
Overcoming those challenges can realize the e�ciency and potential time savings
o↵ered by the CG technique. Here, the application of the CG technique enabled us
to e�ciently solve a complex optimization problem encountered in biotechnological
applications.

The presented method will be useful in situations where the goal is to identify a
subset of pathways in a metabolic reaction network, i.e. a set of of EFMs, relevant
to an experimental data set in terms of optimizing the quality of a data-fitting. By
use of the CG technique, the user will not be limited to an extensively simplified
description of cell metabolism. Meanwhile, the method does not replace an EFM
enumeration in a more general sense as it does not provide E, meaning a full
enumeration of the EFMs of a network, and it does neither attempt to maximize the
number of EFMs in EB.
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Chapter 7

Contribution of Paper III:
Integration of the
column-generation-based
pathway identification into the
poly-pathway methodology

The aim in Paper III was to continue the work initiated in Paper I, but now with
access to the CG-based method presented in Paper II. This chapter begins with the
specification of a suitable network and the identification of EFMs for the model
(Section 7.1). Next, kinetic model development is revisited and new features are
introduced, primarily related to the parameter estimation and model evaluation
(Section 7.2). Finally, Section 7.3 summarizes the main contributions of the paper.

7.1 Network and identification of EFMs for the model
First, reconsider the workflow in Figure 5.3 (p. 87) where the objective was to
reach proof-of-concept. It was recognized that the approach would benefit from the
possibility to use a larger and more flexible network as input (2); a user should not
have to sacrifice highly relevant network properties. A potential solution based on
the CG technique was proposed in Paper II.
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Figure 7.1: Metabolic network in Paper III. The metabolites are listed on p. ix. This same
map is found in Figure 2 of Paper III.

This section first covers the integration of CG into the previous workflow,
meant to replace the EFM enumeration (3) by an identification of EFM subsets
(Section 7.1.1). This is followed by a description of the new and significantly more
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complex proof-of-concept network N126 (Section 7.1.2). Finally, the result of the
EFM identification is briefly discussed (Section 7.1.3).

7.1.1 Integration of CG into the modeling framework

A first task was the integration of CG into the modeling workflow. As noted earlier
(p. 102), the CG-based method solves the EFMs-based MFA problem for a single
pseudo-steady state, and does not account for multiple experimental conditions or
kinetics. It achieves an identification of an EFM subset that is relevant to a specific
experimental condition in terms of a data-fitting. With Principle 2 of the metabolic
model (p. 84), that EFM subset could be interpreted as the pathways in use by the
cell line when cultured in a specific medium (but with reservations concerning the
uniqueness of that particular solution, see p. 101).

7.1. Network and identification of EFMs for the model

complex proof-of-concept network N126 (Section 7.1.2). Finally, the result of the
EFM identification is briefly discussed (Section 7.1.3).

7.1.1 Integration of CG into the modeling framework

A first task was the integration of CG into the modeling workflow. As noted earlier
(p. 100), the CG-based method solves the EFMs-based MFA problem for a single
pseudo-steady state, and does not account for multiple experimental conditions or
kinetics. It achieves an identification of an EFM subset that is relevant to a specific
experimental condition in terms of a data-fitting. With Principle 2 of the metabolic
model (p. 82), that EFM subset could be interpreted as the pathways in use by the
cell line when cultured in a specific medium (but with reservations concerning the
uniqueness of that particular solution, p. 99).
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Figure 7.2: Integration of CG to replace EFM enumeration in the modeling framework. An
EFM subset is identified for each condition. Eunion is the union of those subsets.

The strategy chosen for the development of a single kinetic model is depicted
in Figure 7.2. An independent EFM identification was carried out for each exper-
imental condition (3). Hence, sixteen EFMs-based MFA problems were solved,
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Figure 7.2: Integration of CG to replace EFM enumeration in the modeling framework. An
EFM subset is identified for each condition. Eunion is the union of those subsets.

The strategy chosen for the development of a single kinetic model is depicted
in Figure 7.2. An independent EFM identification was carried out for each exper-
imental condition (3). Hence, sixteen EFMs-based MFA problems were solved,
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yielding sixteen EFM subsets, one for each pseudo-steady state in the experiment.
The sixteen EFM subsets were then combined into one, by forming their union,

Eunion = E1 [ E2 [ E3 [ ... [ E16. (7.1)

Here, Eunion

(i) contains only unique EFMs,

(ii) is a subset of all the EFMs in E,

(iii) and can solve each of the sixteen EFMs-based MFA problems to optimality,
achieving the same minimized objective function value as would be obtained
if all the EFMs were known beforehand.

Next, Eunion was translated into macroscopic reactions, which corresponds to step 4
in Figure 7.2.

7.1.2 Metabolic network N126

The integration of CG into the workflow enabled an increase in the complexity of
the input network (2). The new proof-of-concept network, in this thesis referred to
as N126, was an adapted version of the detailed network by Zamorano et al. (2010).
The following are the essential properties of N126.

• 126 reactions, 89 intracellular metabolites, and 29 extracellular metabolites.

• 74 reversible reaction fluxes (58 %).

• Fifteen metabolic subsystems, including e.g. the PPP, EAA catabolism, the
Urea cycle, nucleotide synthesis, and lipid synthesis.

• Further compartmentalization, i.e., a mitochondrial subspace and several
transport reactions.

• Biomass synthesis from intracellular macro-molecules.

• mAb synthesis

• All necessary extracellular metabolites have intracellular counterparts.

The N126 network map is shown in Figure 7.1 (p. 106). A comparison of N126
against N30 in Paper I (Figure 5.4) indicates that the di↵erence in complexity level
is apparent, an observation that can be confirmed by inspection of the network
properties (see Table 3.4, p. 47).
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As could be expected, the EFMs of network N126 could not be enumerated
using the Metatool algorithm, indicating a high number of possible EFMs. Again,
and as a comparison, a model of E. coli with ⇡100 reactions was estimated to have
⇡272 million EFMs (Jungreuthmayer and Zanghellini, 2012; Zanghellini et al.,
2013).

7.1.3 Identification of the EFMs

Here follows a short description of the EFM identification in Paper III.

• The number of EFMs in the sixteen subsets ranged from 22–25 EFMs per
experimental condition (Table 2, Paper III), which was similar to the number
obtained in the Paper II case-study for the N2 network of similar size.

• Eunion contained 125 unique EFMs, just a third of the 379 EFMs obtained
through enumeration of the EFMs in the much simpler N30 network.

• The EFM subsets overlapped, meaning that in some cases the same EFM
could be found in more than one of the subsets (see Figure 6, Paper III).

Before moving on to the kinetic model development, it can be noted that a
sequence of EFM identifications can be carried out either independently for each
pseudo-steady state, as was done in the present case, or by using EFM outputs from
one or several previous runs as input for the next one. In preliminary test runs,
an independent run resulted in fewer overlaps, and this approach was opted for in
Paper III to get a more diverse set of EFMs in Eunion.

7.2 Kinetic model development and evaluation
This section revisits the kinetic model development to point out some of the new
features introduced in Paper III, i.e. weighting factors, a model reduction, and a
cross-validation with model selection. An overview is provided in Table 7.1.

7.2.1 Weighting factors

The first feature was the introduction of weighting factors into the parameter es-
timation to improve the fit for rates deviating from the common patterns in data
(Section 5.3 in Paper III). For specific metabolites, deviation from the control culture
typically occurred in a small number of the conditions. The associated data points
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Table 7.1: Features added to the kinetic model development in Paper III.

Observation New feature What it does
The data set encompass sixteen
conditions, but unusual behav-
ior tends to be less well cap-
tured in LSQ.

Weighting factors Assigns higher (or lesser)
weight to selected data points
to promote simulation of un-
usual behavior.

A flexible model structure
yields a large initial model with
many equations.

Model reduction Identifies the model equations
contributing significantly to the
simulations, and forms a re-
duced model.

The model is evaluated against
the same data that was used to
train it. Risk of overfitting.

Cross-validation Assesses the ability of the
model to predict unseen test
data. Selects a best model in
terms of predictive capacity.

were therefore in minority. For example, if one condition deviated from a common
pattern displayed in the other fifteen conditions, the data points associated with it
constituted only ⇡ 6.25 % of the data on that metabolite. However, in a standard
least-squares fitting, the optimization problem does not di↵erentiate between the
experimental conditions. It is simply guided by its objective which is to minimize
the error between the model and the data as a whole. The principle is illustrated
in Figure 7.3. Initially, a first model may fit the common patterns in the data well,
but miss the unusual behavior of the cell line. The fact that the unusual behavior is
important has not been conveyed.

By introducing weighting factors, a better model can be obtained. The data
points associated with the unusual behavior can be assigned higher weight, so that
the new model captures both the common pattern and the deviations reasonably
well. In the context of the present work, the latter model is a better model in terms
of capturing diverse behavior.

7.2.2 Model reduction

The second feature to be introduced was a simple model reduction step. In Paper I,
the presented proof-of-concept model encompassed the entire equation pool. In
fact, a large fraction of the values in wmax were zero or close to zero, so only a
small fraction of the equations contributed significantly to the simulations. The
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LSQ

LSQ with weighting factors

Figure 7.3: A conceptual illustration of the weighting factors. The first model (top) fits
the common pattern of behavior well, but misses the unusual behavior deviating from that
pattern. Assigning higher weights to the data points associated with the unusual behavior
yields a second model (bottom), better able to capture also the diverse behavior.

same observation was made in Paper III. This provided an opportunity to reduce the
model in size.

The new model reduction step entailed that all equations fitted by a wmax lower
than a certain cut-o↵ value were removed from the model (Figure 7.4). This
yielded a significantly smaller model. In fact, keeping approximately 5–10 % of the
equations in the equation pool gave a similar fitting error as before the reduction
(Figure 7.4B).

7.2.3 Cross-validation and model selection

The final feature was the cross-validation carried out to assess overfitting, and to
select a final proof-of-concept model for the paper. Cross-validation challenges a
model to predict unseen data, which can reveal strengths and weaknesses of the
model itself, as well as the methodology used to generate it. The insights gained
can then inspire future research and development (Cawley and Talbot, 2010). In a
cross-validation, a data set is divided into a training set and a test set. The training
set is used to train a model, and that model is then used to predict the test set (Hastie
et al., 2009).
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Figure 7.4: Conceptual illustration of data-driven selection of the kinetic functions, now
with model reduction. (A): As before, a pool of kinetic equations is formulated at step 1.
After the linear parameter estimation at step 2, the equations are sorted at step 3. (B): A
cut-o↵ value wcut for the model parameter wmax is determined to separate equations that will
be kept, or discarded, respectively. For details, see Figure 7 in Paper III. (A) continued: At
step 4, the equations associated with parameter values above the cut-o↵ value are used to
define a reduced model.
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the parameter estimation (i.e., the weighting matrix 7k is a diagonal
matrix in which the entries are the weights given to each row in (10)).
The fluxes with higher information content are attributed a higher
weight as commonly used to select the weights during an iterative
modelling exercise (Montgomery et al., 2015) so that the model fit is
improved. This strategy is used to improve the fit for particular
variations in some experimental conditions that are not well captured

in the preliminary estimations. Furthermore, the data with a larger
uncertainty are attributed a lower weight, e.g. lysine uptake. The
resulting model is an initial and large model (Step 1), LargeMinitial,
including the macro-reactions (or EFMs) and the kinetics. The
simulated fluxes generated with this model are compared to the
measured fluxes in Supplementary material Figs. S5–S7 showing a
good agreement of the model to the data.

Fig. 4. Determination of the macro-reactions and kinetics - Step 1. The macro-reactions of the metabolic reaction network are created by an EFM approach: given the metabolic
network, the experimental data and the bounds, the Eunion is generated using the CG algorithm (see Fig. 3). One or several potential kinetic equations with saturation and/or inhibition

effects are attributed for each EFM in Eunion, noted as ‘All the potential kinetics equations associated to each macro-reaction’. This generates a large potential model, LargeM, composed

of the macro-reactions and several kinetics alternative per macro-reaction. The potential kinetic equations vary in the effect of the metabolites. The saturation parameters Ks of the

kinetics are taken from the literature while the inhibition parameters Kp and Kr are obtained by fitting the fluxes estimated by the model to the experimental data in LargeM.

Fig. 5. Identification of the reduced model - Step 2. A cross-validation approach is applied to identify the final model. The data are randomly distributed in a training data set and a
testing data set. For each training data set d, the macro-reaction network defined by Eunion and the kinetics of Step 1 are used to determine a large model LargeMd. The LargeMd is

reduced into RedMd. RedMd is then used on the testing data set to simulate the flux rates and the error between the simulated and measured data is computed. From all the repetition
exercises, the RedMd providing the smallest simulation error for the testing data is selected as final model RedMfinal.

E. Hagrot et al. Metabolic Engineering Communications 8 (2018) e00083

7

Figure 7.5: Overview of the cross-validation and model selection in Paper III. This same
figure is Figure 5 in the paper.

Cross-validation can be applied to examine the performance of the model outside
an experimental range, see e.g. Grosfils et al. (2007), or to assess overfitting issues
(Almquist et al., 2014). Overfitting can be a problem in large models; there is a risk
that the model reproduces the variation between particular data points, rather than
the variations resulting from the actual phenomena under study.

In a k-fold cross-validation, the data is divided into k folds. The cross-validation
is repeated k times, such that each fold has been the test set once. This type of
cross-validation can be applied in model selection (Cawley and Talbot, 2010); it
generates a set of alternative models from which a best model can be selected based
on specified criteria. In Paper III, a 4-fold cross-validation was applied and repeated
10 times.

As depicted in Figure 7.5, the validation began from Eunion, the entire kinetic
equation pool, and the associated parameters Ks, Kp and Kr. The data were split
via a random assignment into four folds of approximately equal size, and in a
stratified manner such that in each fold all sixteen scenarios were fully represented.
The procedure included a model reduction step. The results did not indicate any
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extensive overfitting issues. In general, the output predicted for the test data were
similar to the output simulated using the reference model (Figures 8–10, Paper III).

Next, the best model was the one with the best predictive capacity (see e.g.
the MaxOut ideal, p. 38), i.e. the model out of all the candidates with the best
data-fitting performance in terms of smallest error between model and testing data
(Figure 7.5). As a result of the model reduction and model selection, the selected
model, RedMfinal, consisted of only 65 of the initial 125 macroscopic reactions (see
Section 5.5, Paper III).

7.3 Summary of the contribution
Paper III continued to explore the relevant question of how to generate a single cell
culture model with ability to simulate diverse behavior. The main contribution of
Paper III was the integration of the CG-based approach from Paper II into the Paper
I workflow, and the fact that this integration allowed the use of significantly more
complex and flexible network in kinetic modeling.

While the integration of CG gave an improved data-fitting, the most strategic
way to carry out multiple EFM subset identifications could be examined in future
work. The option to use EFM subsets as input has been implemented into the
algorithm. Hence, di↵erent run orders and combinations could be carried out
systematically to examine alternative solutions, and perhaps to determine a core set
of EFMs for a model.

In Paper III, the network/EFM identification and the kinetic model development
are still treated separately, as the CG approach can only handle individual pseudo-
steady states. A simultaneous EFM identification and kinetic parameter estimation
is an interesting but challenging prospect. If realized, the EFM identification would
account for the kinetics that unify the diverse behavior, it would thus strive to
identify the EFMs that encompass the data as a whole. As a starting point, a
heuristic approach has been suggested in the thesis by Oddsdóttir (2015).

In addition to the integration of the CG technique, Paper III also introduced
several new features for the kinetic model development. Firstly, the weighting
factors were introduced to assign higher or lower weight for selected data points.
This technique will be useful when the aim of the model is to capture diverse
behavior, and especially unusual behavior which can be of high interest from the
perspective of biology and process optimization. The weighting factors will also be
useful to assign lower weight to uncertain or low-quality data.
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Secondly, a model reduction was a natural step to take, given that a majority of
the kinetic equations suggested remained "unused" after the parameter estimation.
In Paper III, the generation of a large initial model, LargeM, is just an intermediate
step within the workflow. This is in line with the flexible kinetics strategy; several
kinetic equations are suggested, but which of those that will be retained in the model
is determined by the data.

Model reduction is motivated by guiding ideals such as simplicity or 1-causal,
and can result from a practice of minimalist idealization (Chapter 2, p. 37). In
the present work, the large model with many parameters is rather di�cult to grasp
and cumbersome to handle. A reduced version of the model simplifies and speeds
up subsequent calculations, and pinpoints the reactions and the kinetics that are
responsible for capturing the data in a particular simulation; those are, "the factors
that make a di↵erence".

Finally, cross-validation and model selection were introduced. In the future,
these could be integrated into the workflow as automated procedures. In addition, if
a future increase in experimental throughput can be assumed, a larger portion of the
experimental data could be withheld as test data prior to any model development.
Cross-validation would then be fully integrated into the method, and models could
be updated as new data come in.
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Chapter 8

Contribution of Paper IV:
Pathway identification in a
genome-scale CHO metabolic
network using the column
generation-based approach

The aim of the study in Paper IV was to challenge the algorithm introduced in Paper
II to identify pathways in a highly complex network. For this purpose, a network
was derived from the CHO cell genome-scale model by Selvarasu et al. (2012) and
subjected to both conventional flux analysis and pathway analysis using data of the
control culture from the experiment described in Chapter 4. Section 8.1 presents
the genome-scale network and the adaptations that were made for the present
work. Section 8.2 follows with a description of the pathway analysis, and outlines
suggestions for how to extract information from the results. Finally, Section 8.3
summarizes the main contributions of the paper.

8.1 The genome-scale network model
The genome-scale metabolic model by Selvarasu et al. (2012) was publicly available
when the study was initiated. As mentioned in Chapter 3, this model is based on
a previous mouse model by the same research team (Selvarasu et al., 2010). This
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section begins by outlining some of the properties of the initial network model
(Section 8.1.1). Next follows a description of, and reasoning behind, the adaptations
carried out to prepare the model for the pathway analysis (Section 8.1.2).

8.1.1 Properties of the initial network model

The following properties of the initial network model by Selvarasu et al. (2012) are
indicative of its complexity:

• 1,545 reactions and 1,351 metabolites, whereof 218 were extracellular
metabolites.

• A division into three compartments: extracellular space, cytosol, and
mitochondrion.

• Thirteen metabolic subsystems with reactions further categorized into
69 metabolic pathways.

• Biomass synthesis from a range of intracellular components, e.g. glycogen,
various lipids and cholesterol, co-factors, amino acids, etc.

• 679 reversible reaction fluxes.

For a comparison with the other networks in this thesis revisit Chapter 3 (p. 47).
During the preliminary work, the model was analyzed with conventional FBA

using the COBRA toolbox functions (Schellenberger et al., 2011). This revealed
some less obvious properties of the network. Firstly, there were many dead ends;
this occurs when reactions produce intracellular metabolites not used anywhere
else in the network (Santos et al., 2011). Secondly, many futile cycles and parallel
reactions appeared during the flux analyses. Fluxes in the futile cycle fluxes are
di�cult to determine by flux analysis, as are the fluxes for parallel reactions that
carry out identical or very similar metabolite conversions (Martens, 2007; Ahn and
Antoniewicz, 2012; Pereira et al., 2016).

8.1.2 Adaptations

Before the flux analyses and CG-method could be applied to the network model,
several adaptations were required (Section 3.1 and 3.2, Paper IV). Those adaptations
involved the addition or removal of certain reactions and metabolites, changes in
the reversibility/irreversibility of certain reactions or their stoichiometry (i.e. in
the IgG synthesis). These adaptations were made considering e.g. the availability
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of components in the medium, and amino acid auxotrophies recently reported for
CHO-K1 cells (Hefzi et al., 2016),

The downloaded model came with bounds on the exchange reaction fluxes.
Logically, the bounds on exchange fluxes that had been experimentally determined
in the study by Selvarasu et al. (2012) were specified according to their data.
Bounds for the unmeasured exchange fluxes had also been assumed. Nevertheless,
all of those bounds had to be adapted to the present situation and were set based
on reasoning, and via a trial-and-error approach in which both FBA and EFM
identification were attempted.

An important step involved the removal of all the dead ends. The concept of
EFMs builds on the assumption of a pseudo-steady state (p. 53). Hence, intra-
cellular metabolites should never deplete or accumulate within the intracellular
compartments, but must always be consumed and produced at the same overall net
rate. However, due to the dead ends, some intracellular metabolites appeared as
substrates and/or products in the macroscopic reactions.

To prevent dead end metabolites from entering the macroscopic reactions, all
dead end reactions and metabolites were identified and removed from the model.
This led to a significant reduction in the model size: the reduced model adapted for
pathway analysis consisted of 994 reactions (previously 1,545) and 700 metabolites
(previously 1,351). As an example, the Porphyrin and Chlorophyll Metabolism
metabolic pathway was completely removed. While it is true that the pathway plays
an important function in heme biosynthesis and catabolism in mammalian cells
(Bohler and Willighagen, 2018), that function did not appear to be represented in
the network model, and the metabolites could not be properly connected with the
other parts of the network.

8.2 Pathway analysis at genome-scale
This section is focused on the pathway analysis and the results obtained. Section 8.2.1
describes the identification of the EFMs, and insights gained concerning the di�cult
task of assuming a large number of bounds to obtain realistic flux distributions.
Section 8.2.2 provides suggestions for how to extract information from results
obtained from the pathway analysis.

8.2.1 EFM identification via column generation

A central question prior to the study was if the CG technique would be able to
identify EFMs in a genome-scale network. After adaptation of the network and
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setting bounds as guided FBA, the CG-based algorithm was able to identify 28
EFMs with a run time of approximately 3 seconds, a result indicating that the
CG-based algorithm can be applied at genome-scale, and that the computation can
even be time e�cient on a single laptop computer.

While it was possible to generate the EFMs, an issue that should be dealt with in
future work was also identified. Genome-scale modeling sets out to achieve a nearly
complete representation of the biological system, yet a lack of information renders
the system of equations underdetermined. If valid assumptions can be defined, the
results are likely more precise in terms of more narrow flux intervals. While this is
true, the addition of such constraints can make the problem infeasible. The values
themselves may be wrong, infeasible together, or with the data and that particular
network.

In the present case, the problem to solve was certainly underdetermined given
the small set of culture variables that had been measured experimentally. The
analysis therefore depended to a large extent on the assumed bounds on the exchange
reactions. Certain values on those bounds made the FBA problem infeasible. In
the pathway analysis the algorithm got stuck. Suitable bounds had to be found via
trial-and-error. A way around this problem was to lower the parameter values of the
MP penalty function in the MP objective (6.4a), p. 103.

8.2.2 Extracting information from the EFMs

As outlined in Table 3.5 (p. 58), pathway analysis and specifically EFM analysis
can provide valuable information about the structure of metabolic networks. The
contribution of the network reactions in each pathway are specified directly in
each vector el, and Amac defines the macroscopic reactions of each pathway. The
macroscopic reactions obtained in Paper IV are presented in Table 2, 3, and 4 of the
paper. In Table 8.1 below follows suggestions for how to extract information from
an EFM subset, with referral to the heatmaps presented in Paper IV.

8.3 Summary of the contribution
To conclude, the main contribution of Paper IV is the application of the CG-based
method introduced in Paper II to a network at genome-scale, showing that it is
possible to obtain an EFM subset via a data-driven pathway identification using the
CG technique.

At genome-scale, new types of challenges arise, e.g. dead ends, a huge set of
unmeasured fluxes, and many futile cycles and parallel reactions. To deal with these
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Table 8.1: Extracting information from the EFMs and the macroscopic reactions.

Explore... Solution
...the participation of the
extracellular metabolites in
the macroscopic reactions.

A heatmap of the macroscopic matrix Amac
displays the non-zero stoichiometric coe�cients
in a grid where each row corresponds to an extra-
cellular substrate or product, and each column to
a macroscopic reaction/EFM (Figure 3, Paper IV).
In Amac the substrates have a negative element, and
the products a positive element

...which subsystems in the
metabolism that are involved
in the macroscopic conver-
sions, and the number of par-
ticipating reactions in each
of them.

For each el, identify all the positions for the reac-
tions belonging to a specific subsystem, and count
the non-zero elements. This generates a matrix
for the subsystem usage in which each row corre-
sponds to a subsystem in the network, and each
column to a macroscopic reaction/EFM (Figure 4,
Paper IV).

...which network pathways
in each subsystem in the
metabolism that are involved
in the macroscopic conver-
sions, and the number of par-
ticipating reactions in each
of them.

For each el, identify all the positions for the reac-
tions belonging to a specific network pathway, and
count the non-zero elements. This generates a ma-
trix for the network pathway usage in which each
row corresponds to a network pathway, and each
column to a macroscopic reaction/EFM (Figure 5,
Paper IV).

issues require that many assumptions are made; there is a risk that the problem
becomes infeasible. A relaxed form of CG, as is available for FBA in the COBRA
toolbox, may help to tackle this issue.

At the initiation of this thesis work, genome-scale modeling of CHO cells was
less developed. Since then, major progress has been achieved in this area, and
detailed models of popular CHO cell lines are available for download (Hefzi et al.,
2016). Still, the experimental data set in this thesis is very small considering the
high complexity of those models.
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Chapter 9

Conclusions and future
perspectives

The demand for biopharmaceuticals will likely persist in the future, as will the im-
portance of CHO and other mammalian cell lines for their production. Mathematical
modeling has the potential to dramatically accelerate the research in this area. In
this thesis, the question of how to generate such models has been examined, with
the starting point in the macroscopic kinetic modeling of a mAb-producing CHO
cell line.

The methodology was built on previous work within the field: a first step of
identifying all the possible pathways through the cell metabolism via conventional
EFM enumeration; and a second step of modeling the kinetics of the pathway fluxes
using generalized Michaelis-Menten-type equations. Previous models of this type
have targeted the simulation of phases during batch cultures, but in the present work
the problem to solve was di↵erent. The aim was to develop a flexible modeling
framework with potential for process optimization. Given this long-term goal, a
central requisite was the ability of one single model to capture diverse behavior of a
cell line in response to variations in the culture conditions.

To obtain data for model development, parallel pseudo-perfusion cell cultures
were carried out, and subjected to di↵erences in the amino acid availability. The ex-
periment was purposefully designed to trigger activation of alternative and compen-
satory pathways within the metabolism, and involved both doublings and complete
omissions of selected single amino acids. While this type of experiment is relevant
to biopharmaceutical process development, it has not been a usual target for kinetic
models.
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In Paper I, a modeling concept based on three main principles was put forward
(p. 84): the cells have access to multiple pathways; their observed macroscopic
behavior is a result of combined pathway activities; and those activities are regulated
by the cells in response to environmental changes. Starting from a typical workflow
for macroscopic kinetic modeling, proof-of-concept was achieved after several
iterations and further development.

An important insight in Paper I was that modeling diverse behavior and a flexible
metabolism call for a flexible model structure. Such flexibility can be achieved both
in the structure of the network, and in the generalized kinetic equations. In addition,
there is an important relation between the two; the kinetic functions are determined
automatically from the macroscopic reactions, unless otherwise instructed. This
tends to lead to a "combinatory explosion", di�cult to handle.

Another important insight in Paper I was that due to the conventional EFM
enumeration step, only simple networks could be used to generate models. This
led to the development of a novel algorithm based on the CG technique (Paper II),
which could be integrated into the kinetic modeling framework, and enabled the
use of a more detailed and complex metabolic network (Paper III). In addition, the
algorithm was applied as a stand-alone tool for the identification of a relevant EFM
subset in a genome-scale network (Paper IV).

How to formulate the kinetics in stoichiometric models is subject to research;
this involves both the structure of the kinetic equations and the identification of
their parameters. The present work arrived at a flexible generalized equation. While
multiple kinetic equations were formulated, based on the fitting to experimental
data and steps of model reduction and a cross-validation exercise, only a subset
of the initial equations ended up in a final reduced model (Paper III). The manual
testing of di↵erent equations was moved, at least partially, into the computational
framework for a more objective selection of the kinetics.

Data collection is an important aspect within the modeling framework. Un-
fortunately, only a limited number of conditions could be tested in the parallel
cell cultures; the protocol relied largely on manual work and had limited access to
technical equipment and analytical methods. Automated equipment referred to as
"robot culture machines" are nowadays in use within the industry. While expensive,
these machines can increase the experimental throughput significantly, in particular
if automated sampling and liquid handling can be combined with advanced high-
throughput analyses. Furthermore, the experimental design was a first approach. In
future work, methods such as identifiability analysis (Almquist et al., 2014) could
guide the set up of experiments that produce data adequate to identify a model.

Future work could involve learning more about each particular pseudo-steady
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state in the experimental data. This could mean additional measurements, a more
thorough literature review, and flux analyses. While this knowledge would be
incorporated into the model, the model development and resulting simulations could
in turn contribute to explanation, i.e. for how the availability of certain amino acids
influence the metabolism of the cells. Here the flux maps are useful in order to
visualize and compare the intracellular flux distributions underlying a model, and
also serve as a validation of the model against what is biologically reasonable.

Further automation is possible within the kinetic modeling workflow. Adjust-
ments of the network properties, and the addition and evaluation of kinetic equations
could be performed automatically within a program, given that the proper instruc-
tions are provided. A major achievement would be the development of theory for,
and the subsequent implementation of, a simultaneous identification of pathways
and kinetic parameters, as was discussed in Chapter 7.

Parameter estimation in the complex and non-linear systems found in biology
can be a challenge, and is often prohibitive. Nevertheless, it provides opportunities
for research, e.g. to formulate and simplify problems, and to develop e�cient
solvers and strategies for estimating parameter values. Such e↵orts are currently
undertaken under the lead of the Department of Automatic Control at KTH within
the Center for Advanced Bioprocessing by Continuous Process (AdBIOPRO), and
in collaboration with the Cell Technology Group (CETEG) at KTH.

The kinetic model methodology and the column-generation-based method are
general, and could with appropriate adaptation be applied to other organisms, other
media, other cultivation modes and parameters. The batch- and fed-batch cultivation
modes could be of interest, as these are widely applied in biopharmaceutical pro-
duction. Ideally, a single poly-pathway model would be developed to simulate the
entire duration of such cultivations, rather than through a combination of multiple
models.

Furthermore, physical parameters such as temperature (Nolan and Lee, 2011)
or pH (Hagrot, 2011) were outside the scope of the work, as was the glycosylation
profile of the biopharmaceutical product (Jedrzejewski et al., 2014). The modeling
of the resulting product glycoform as a function of the medium composition and
other process parameters is of great interest to the biopharmaceutical industry
(Huang et al., 2017); this has been a research topic in modeling studies (Kontoravdi
et al., 2007; Jedrzejewski et al., 2014).

Genome-scale networks are attractive for medium design applications. The
small number of metabolites included in most kinetic models does not reflect the
complex media used in mammalian cell cultures. Genome-scale networks on the
other hand may provide additional metabolites, reactions and pathways for the
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processing of many common medium components. Via pathway analysis, each
medium component and its involvement in e.g. biomass synthesis can be traced.
The CG-based algorithm could prove useful for this type of application. A next step
could be the development of kinetic models based on those identified pathways to
study, and simulate, medium component utilization. Unfortunately, the functions of
all the common cell culture medium components are not fully known, and/or are
not yet expressed mathematically in the available network models.

A good help in the examination of EFMs-based pathways in the genome-scale
networks would be visualizations in a network map in which each participating
reaction would be highlighted. The automatic generation of network maps and
development of the associated software are very interesting topics (Rohn et al.,
2012; Copeland et al., 2012; King et al., 2016). The use of consensus models,
identifiers, and general standardization are bound to make such visualizations much
more e�cient (Gerstl et al., 2017).

When no or little experimental data is available, flux analysis problems tend
to be underdetermined with many feasible solutions. This is critical for very large
reaction networks. As demonstrated in Paper IV, while the CG-based algorithm
could deliver a solution which was optimal in a mathematical sense, biological
relevance can generally not be guaranteed. Such relevance need to be enforced
by formulating and implementing biological assumptions as constraints, and/or by
obtaining additional data, which should be considered in future applications of the
approach.

It can be emphasized that throughout the work, calculations were carried out
locally on a single personal computer, that is, without access to e.g. parallel
computing (Terzer and Stelling, 2008). The acceptable time frame for an EFM
identification was in the range of seconds, rather than hours or a full working day.
On one hand, this favors the general usefulness of the developed algorithm. On the
other hand, one might expect that pathway analysis at genome-scale guided by the
integration of a high number of constraints and various omics’ data would require
long run times, and/or depend on extensive computational power.

To conclude, we can imagine a future in which high-throughput data generation,
knowledge about biological systems, and the development of useful modeling
approaches, are combined to accelerate the development of biopharmaceutical
processes. Biopharmaceuticals are of considerable economic value to the industry.
But even more important is the ability of these complex biological molecules to
combat the health issues encountered by people all over the world. Hopefully, in
the future, both previous and new biopharmaceutical products can be e�ciently
produced, and be accessible and a↵ordable to everyone that needs them.
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