Department of Biochemical Engineering

UCL

A combined mathematical and
experimental investigation of lactate
metabolism in industrial CHO cell cultuse

A thesi$ submitted for the degree of Engineering Doctorate

Maximilian Lularevic

" This thesis igrotected by copyright and other intellectual property rights. Copyright in the
material it contains belongs to the author unless stated otherwise. No information or quotation from the
thesis may be published or rased without proper acknowledgement.

1



To my belovedrandfather H.C.K.



Abstract

The shift in lactate metabolism of industrial mammalian cell lines is a widely studied
phenomenon that has yet to be fully understood. Many mammalian cell lines, including
Chinese Hamster Ovary (CHO) cells, which are mainly used to manufacture therapeutic
glycoproteins, exhibit an unusual shift in lactate metabolism when grown in batch -or fed
batch suspension cultures. Understanding the underlying mechanism of this metabolic
switch and whether it is beneficial in terms of productivity, might open up largasaof
currently infeasible process space for exploitation. Herein, a combined experimental and
computational approach utilizing Flux Balance Analysis (FBA) coupled with Multivariate
Data Analysis (MVDA) was developed. The latest available CHO geoaenmetabolic
model {CHO1766) was studied in detail, in order to gain further insights into the
metabolic effects that cause this shift in lactate metabolism and its impact on culture

performance.

Experimental data preand postlactate shift were collectedrom batch and fed
batch cultures across multiple cell lines and were used to constrain the model. A novel
carbonbased constraining algorithm was developed and employed in order to rationally
YR a@aidSYFdAOFtfte NBTFTAYS (0KsS Usind @idehilll O& 2 7
components analysis (PCA) and partial least squares discriminant analysB\| RS
defined and clearly separated clusters in the solution space corresponding to the lactate
producing (LP) and lactate consuming (LC) metabolicste¢ee identified. Furthermore,
through analysis of the PC loadings and variable importance in projection (VIP) scores key
reaction groups whose activities differed significantly between the two metaboliestat

were identified.

These key metabolic diffenees were used to formulate hypotheses regarding
potential mechanisms and actuators of the switch in lactate metabolism. Based on the
computational analysis, experiments exploring enzymatic inhibitors, additional media
components and the introduction of a non-native enzyme into the CHO genome were

performed in an effort to test the initial hypotheses.
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metabolism has not been fully discovered, however, the experiments and analysis
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Secondly as thoroughly discussed in this thesis, the demand for monoclonal
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people around the world but also tareak intonew markets.
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Figure 2.1: Overview of cellular components from a eukaryotic cell. Major inner cell compartments include
the Nucleus, the rough and smooth endoplasmatic reticulum (ER), the golgi apparatus, and the
mitochondria. [Source: http://people.eku.edu/ritchisong/301notesl.htm] 34

Figure 2.2: Central carbon metabolism. Glucose is converted to G6P after entering the cell from where it
can either enter the PPP (green) or the glycolysis (blue). At the end of glycolysis 2 molecules of
pyruvate are obtainedrom 1 molecule of glucose which can either be converted to lactate,
yielding only a net increase of 2 ATP, or enter the mitochondria to be completely oxidized to
carbon dioxide yielding a theoretical maximum of 36 molecules of ATP. 39

Figure 2.3: Oxidative phosphorylation in Mitochondria. [Source: adapted from www.wikepedia.o4

Figure 2.4: Key enzymatic reactions used for gene amplification (a) dihydrofolate reductase pronates
dihydrofolate to tetrahydrofolate which is a vital precursor for purines, pyrimidaresglycine
(b) glutamine synthase catalyses the reaction from glutamate and ammonia to glutamine. This
reaction is energy dependent as one ATP is used. 52

Figure 2.5: The structure of an immunoglobulin G (IgG) molecule. In orange are the two heavy chains (HC)
and in light blue the two light chains (LC). Together they build the Fab (antigen binding
fragment) antigen binding site whigs highly specific. The Fc (crystallizable fragment) region
contains the oligosaccharide representing the glycosylation. Glycosylation originates from the
Asparagine at position 297 (Asn297) (Jeff@@f)9) 54

Figure 2.6: Schematic growth curve of a suspended mammalian cell culture. The growth curve can be sub
divided into 4 distinctive phases: (1) bglgase where cells accumulate tioet new
environment. (2) Exponential growth phase where cells rapidly proliferate. (3) Stationary phase
where cells switch to protein production and slow down with growth. (4) Declining phase
where cells die due to metabolite depletion and accumulationoafd waste products. 56

Figure 2.7: Schematic overview of three different cell culture systems: (A) STR for batch culture
characterized by no feeding port for carbon sources. (B)daéch STR characterized by
additional feeding port for carbon feed. (C) Perfusion bioreactor system with ATip seid
level sensor. 57

Figure 2.8: Four major classifications of mathematical models for biological systems as introduced by
Fredrickson (1970). Blue shading represents simpler models with the less computational
demand versus red representing more complex models with higher computational derband.

Figure 2.9: Stoichiometric matrix, S. The matonsists ofn metabolites anch reactions resulting in a
matrix sizeomxn® { §2A OKA2YSUNRO O2STFFAOASY(HQa F2NJ SIO
the reaction they take place in. Negative values for reactants, positive values for products, and

zeo if the metabolite does not participate in the specified reaction. 64
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Figure 2.10: Overview of steps involved in FBA. (a) Reaoatistr of metabolic network. (b)
Representation of reactions and metabolites in stoichiometric matrix S. Each row represents a
metabolite and each column represents a reaction. (c) Pseudo Steady State assumption gives
{ ~0. (d) definition of objective faction with ¢ representing a vector of weighted
O2yiNARodziAz2zyad 2F SI OK FfdzE A0 650 /& OdzZ GAz2zy 2
within the given constraints (Orth, Thiele, et al., 2010). 67

Figure 3.1: Example network illustrating a conventionally constraint network (a) and a carbon constraint
network (b). The arrow thickness is not to scale and is only for \asgahtuation of the
differences in flux magnitude. 82

Figure 3.2Comparison of reaction flux ranges between ccFVA and FVA tr€&i#€ii766 model under
experimental constraints. Shown in this graph are the flux ranges for the stationary growth
condition as reported by Ahn & Antoniewicz, 2011. Results for all other conditions can be
found in Appendix | section 1.7 Figures-A®. For he purpose of this illustration, all
bidirectional reactions were split into two individual reactions resulting in a maximum flux
range of 1000 mmol gDCWi!. The yaxis shows the normalized number of npero flux
reactions as the number differs betwedme two different methods. The-xaxis shows the flux
range on a logscale with a maximum flux range of 1000 mmol gBDGA/ 88

Figure 3.3: Flux Variability Analysis:@G& Comparison between normal FVA (blue, green, grey bars
correspond to data from Templeton et al., 2017; Ahn & Antoniewicz, 2011; McAtee Pereira et
al., 2018 respectively) and ccFVA (red bars) for central carboabwiétm reactions (glycolysis,
TCA, PPP) in iCHO1766 across seven distinct experimental datasets. The initial arbitrary bounds
vLB and vUB were set to 0 and 100 mmol gBIOWL for unidirectional and100¢ 100 mmol
gDCWI1 h1 for bidirectional reactionslhe discontinued-axis was chosen in order to increase
visibility on the very small flux ranges compared to the ones reaching the large initially set
bounds. 90

Figure 3.4: Comparison of ccFVA to intracellular flux measurements for central carbon metabolism
(Glycolysis, TCA, PPP}Y3A Comparison between ccFVA (blue, green, grey bars correspond to
data from Templeton et al., 2017hA & Antoniewicz, 2011; McAtee Pereira et al., 2018
respectively) and3C measurements (orange bars). 93

Figure 3.5: Random Sampling of Feasible Solution Space: Comparison of sample means derived from FVA
(, ) and ccFVAK) constrainedCHO1766 in compariosn to iatrelullarly measured fluxe§ ).
A total of 200,000 samples were generated for each scenario per experimental condition.
Plotted are the means with their respective standard deviation. Reactions marked with a
section sign (8) indicate erroneous identificet of reaction directionality by samples derived
from models constrained with normal FVX Y "Odiut correct prediction by models
constrained with ccFVAY(Y' 0w 0 dOwS OldA2ya YFENJ SR 6AGK || R2dzoft S
erroneous identificatio of reaction directionality by samples derived from models constrained
with both, R§/aand’Y YO ® 0@wS I OlGA2yad YIFENJ SR gAGK | RF3I3IASNI ae
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Figure 4.1: Schematic overview of lactate metabolism. Glucose (GLC) is taken up by GLUT transporter and
instantly converted to glycerdd-phosphate (G6P). Yellow circle @6P hexagon indicates
phosphate. G6P may enter the pentose phosphate pathway (PPP) further fuelling nucleotide
synthesis (N) or it may be metabolized through several steps in glycolysis to form pyruvate
(PYR). From there it can either enter the TCA cydiesi mitochondria or converted to lactate
(LAC) consuming a NADH and a proton yielding one molecule of lactate and a molecule of
NAD+. Lactate can then be secreted by the cell symporting one proton via monocarboxylic
transporters (MCTS). 101

Figure 4.2: Schematic overview of principal components analysis and the preceding processing of the data.
A) Data matrices each of the sizépn (p samples and n reactions) of different conditions,
here LP and LC, are combined to one data matiy{ix where x = 2 * p). This can be done
with any number of matrices. B) Randomization of samples and creation of a sample ID vector
(x-by-1). This vedr keeps track of which sample belongs to which original matrix. This is for
identification purposes on the final scores plot. C) Data is mean centred and scaled. D) The
covariance matrix is computed from the mean centred and scaled data. E) Siviglular
decomposition is performed on the covariance matrix. F) Loadings are used to project original
mean centred and scaled data onto new hyperplane. 106

Figure 4.3: Schematic representation of flSseparating a matrix X into two classes (e.g. LP and LC).
With two classes the response variable Y corresponds to a binary vector classifying the
samples. The data matrix X haseactions anck samples and the response vector Y kas
elements with those elements being either 1-@rdepending on the classification of X. 107

Figure 4.4 A) Viable Cell Density (VCD) and viability for CYO1 run as the triplicate batch culture (TBC) (n =
3). B) Glucose and lactate on the leftixis in mM and Glutamate on the rightiis for the
TBC. Error bars in A and B represent standard dewia€) VCD and viability of the three
different cell lines run in fethatch mode (n = 1). D) Lactate profile of the-fetch cultures. E)
L/G ratio for all cell lines. L/G Ratio was calculated for their respective lactate producing phases
(LP).F)Spe#ifO INRB 6K NI GS LINBFAESAE 6>0 F2NJ It OSftf
frame where specific rates were calculated for constraining the CHO gercate model
(Days 1 3 = LP, days-57 = LC for the triplicate batch culture. Days43= LP, dys 6- 7 = LC for
the industrial fedbatch processes). 110

Figure 4.5: Mea# AOAT T AIGIRAGIFGAI f &GNRARLISa LI GGSNYyO FYyR n/ | Nb
(n = 4) for LP (red) and LC (blue) phases. Statistical significance * = p < 0.05 and ** = of p <
0.001. 112
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Figure 4.6: PCA score plots of all cell lines. A totahaflbn points are plotted on each graph with
2 million points per condition. LP scores are shown in redand LC scores in blug)( All
scoresare plotted on principal component 1 (PC1) and principal component 2 (RIC3ores
plot for CYO1 (TB@) Scores plot for 3C1Z)Scores plot for R33M) Scores plot for EB7L14
Figure 4.7: Loadings analysis. All data shown was retrieved from the PCA of the CYO0L1 flux samples. A)
Cumulative variance captured for all principal components. B) Variable contribution to the
varianceof the dataset. PC1 captures about 17.7% of the whole variance. C) Normalized
absolute loadings of principal component 1 (PC1). Absolute loadings three quarters of the size
of the largest absolute loadings was the -cit criteria for loadings to be cordgred highly
influential on separating the clusters of LP and LC. D) Loadings plot where loadings
corresponding to reactions of central carbon metabolism-systems are highlighted. [a] nen
ROS producing complex IV, [b] ROS producing complex IV, [ckgdnplll and ATP synthase
loadings, [d] glycolytic reaction loadings, [e] TCA cycle reactions, [f] L&gtateate Shuttle
116
Figure 4.8: Schematic overview of three reducing equivalent shuttles into the mitochondR&.actate
Pyruvate Shuttle): Lactate (LAC) is transported via the monocarboxylate transporter (MCT) into
the mitochondrial matrixand converted into Pyruvate (PYR) transferring an electron onto"NAD
generating NADH. Subsequently PYR is transported out of the mitochondrion via the MCT and
converted back to LAC consuming a NABGPISGlyceroi3phosphate Shuttle): Glycer8t
phosphate $ transported via the glycer@phosphate transporter (GlpT) into the
mitochondrion where it is oxidized to dihydroxyacetone phosphate (DHAP) generating. FADH
Subsequently DHAP exits the mitochondrion to be converted back to G3P in the cytosol
consuminga NADH molecul&lAS(Malate-Aspartate Shuttle): Malate (MAL) and glutamate
(GLU) are transported into the mitochondrial matrix via the solute carriers (SLC). MAL is
oxidized to oxaloacetate (OXA) generating a NADH molecule. Subsequently OXA is
transaminaed by GLU producing Aspartate (ASP)&hdS G2 3f dziF N §S 6dYDO 6KAO
YAG2O0K2YRNALFE YFGNRE QA {[/ad Ly (GKS Oedz2az2f dY
GLU where GLU canreater the mitochondrion and OXA is reduced to MAL consuming a
cytosolic NADH. 118
Figure 4.9: Individual bar diagram of 50 selected loadings from the top loadings in PC1. Loadings were
grouped by catgory as indicated by the grouping labels. All data shown was retrieved from the
PCA of the CYO01 flux samples. 119
Figure 4.10: Loadgs analysis and comparison of these cell lineS: BRoadings scatter plot for all three
fed-batch cultured cell lines (A = EB7, B = 3C12, C = R33A). The same reactions are highlighted
as for the CY01 analysis shown in Figure 4.7. D) Comparison arfdlyadirays for all four cell
lines. 114 loadings of the top 300 loadings match across all cell lines whereas 186 loadings are
different. Matching loadings are closer to the top ranks as indicated by the rank mean

(calculated by summing up all ranks andraging them). The best rank mean achievable is
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indicated by the dashed green line (at rank 57.5) which is the average of all rerikst1The
orange dashed line (at rank 207.5) indicates the best rank mean for all the mismatches which is
the average ofanks 115 300 (best meaning all mismatches comprising the lowest ranks). E)
Individual comparison of top 300 loadings matches between cell lines. 123
Figure 4.11: Flux map for lactate producing (LP) metabolic phase. Flux values are sample means averaged
across all cell lines. All flux values were divided into seven groups according to their magnitude.
The grouping was dormaanually trying to capture similar number of fluxes in each group. A
visual representation of the flux grouping can be found in Appendix Il section 1.9 Figure A15.
The arrow thickness and colour corresponds to the flux groups, i.e. flux magnitude, wirere th
purple arrows represent the lowest fluxes and thick red arrows represent the highest fluxes.
126
Figure 4.12: Flux map for lactatonsuming (LC) metabolic phase. Flux values are sample means averaged
across all cell lines. All flux values were divided into seven groups according to their magnitude.
The grouping was done manually trying to capture similar number of fluxes in eagh dx
visual representation of the flux grouping can be found in Appendix Il sectidfiguée Al15.
The arrow thickness and colour corresponds to the flux groups, i.e. flux magnitude, where thin
purple arrows represent the lowest fluxes and thick redeus represent the highest fluxes.
127
Figure 5.1: Schematic representation of the hypothesis derived from computatioablsis presented in
Chapter 4. (a) Glucose transport into the cell via GLUTL1 is passive based on the concentration
gradient. Instant conversion of glucose to glucésghosphate through hexokinase upon
entering allows continuous influx of glucose. (b¥trgycolytic enzymes metabolize glucose to
pyruvate producing NADH. (c) Shifting of NNIBDH ratio towards NADH and accumulation of
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CHAPTER 1

Introduction

Monoclonal antibodies (mAbs) within the biopharmaceaticmarket have
experienced a substantial success over the past 10 years accounting for approximately
half of all biopharmaceutical related sales. In 2015 mAbs made about $75 billion in sales
with a projected compound annual growth rate (CAGR) of 8% piogesiales to reach
$125 billion by 202QEcker et al., 2015) atest reports show that in 2018 the market was
valued at $15.2 billion and is further projected to reach a size of about $250 billion by
2025 (Grilo& Mantalaris, 2019; Research and Markets, 201¥)e mAbmarket is the
fastest growing sector within the bipharmaceutical industry with CAGRs ranging yearly
from 7.2¢ 18.3%. This rapid growth is due to several reasons including the high specificity,
efficacy, and tolerability of mAbs which translates to lowisk and higher safety of these
drugs (Doiget al.,2015) Additionally, weHldefined platform processes allow for fast
RSOSt2LIYSYyGs YR dzLl2Yy | LIIINRBGFE X NIFHRR O2Y)
YINJ] Sid¢ I(Bek@rleyal, 2@ SWith this seemingly endless rising demand for
mMADs it is important to increase process understanding and robustness intorderable
to serve the market and ultimately individual patients with uncompromised quality

product.

Increasing output in order to meet growing demands can be achieved following two
routes: (i) enhancing manufacturing capacity or (ii) improving prodigtiZnhancing the
manufacturing capacity is certainly the most straight forward and fastest approach to
increasing output but also raises cost and the footprint of the operation. Enhancing
productivity on the other hand aims at improving batichbatch comsistency, volumetric
product, and product quality. This is done by optimizing the production process on many
levels including but not limited to media developmefitecklau et al., 2016xell line
development(Coats et al., 20203lownstream operations optimizatig®into et al., 2015)

and others(Ozturk & Hu, 2005)Optimization of the production processes is not only

27



necessary in order to meet thevergrowingdemand for mAys but also to reduce costs

in an effort to break into new markets.

The main host system used to produce mAbs are mammalian cells as they are able
to perform critically important postranslational modifications to the recombinant
proteins, for example gbosylation (Jenkins, 2007)Mammalian cells are incredibly
complex machineries compartmentalized into multiple organelles each fulfilling an
important part including metabolism. Many attempts have been undertaken in order to
understand the intricaciesf@ellular regulation and metabolism in an effort to manipulate
it to the desired ends. One of the most intensively researched areas of cellular metabolism
is the lactate metabolisniHartley et al., 2018)The Warburg effect is the name given to
the metabolism observed in cells growing in the presence of oxygen yet using a seemingly
wasteful metabolic approach by converting large quantities of the carbon source into
lactate rather than oxidizing it completely to carbon diox{®éarburg, 1956)This effect
is observed in most fast proliferating cells and is not fully understood
(Diaz- Ruizet al.,2011) Accumulation of lactate, and other kyroducts such as
ammonia, have been shown to negatively impact the overall process performance and is
therefore highly undesirabléTorres et al., 2018)n mAb bioprocessing with mammalian
cells the accumulation of lactate throughout the early stages of the manufacturing
process is often followed by a -smnsumption of the lactate. This phenomenon is
O2YYZ2yt & NBFTSNNBR (Hartleyiek &., 2018)Whila thdisSiitcibad (1 OK ¢
been under investigation for some time and scientists are able to manipulate it in several
ways including pH contr@¢Gagnon et al., 2011limedia formulation(Xu et al., 2016and

clonal selectiorfkKwanget al., 2018) the underlying mecinisms are yet tbe uncovered.

In order to understand the underlying mechanisms driving the switch in lactate
metabolism, one has to look inside the cells trying to understand the sophisticated
metabolic network used by the cell. This network consists of thousands ofioaact
interlinked with one another by currency metabolites such as ATP and NADH. This
complexity is further increased when accounting for the influence of different stimuli from
the environment(Berestovsket al., 2013) Understanding and researching such intricate
networks requires a systematic approach ggsthe right tools for the right questions. Such

tools include mathematical models which are central in trying to understand the
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mechanism of metabolisr(Bailey, 1998; Stelling, 2004)lodel based optimization has
been used in other industries for a long time but due to the inherent complexity in
biological systems such systematic approaches havelolese at a slower pace in the
bioprocess industry. With the implementation of frame works such as quality by design
(QbD) and process analytical technology (PAT) the biopharmaceutical industry has
significantly increased the understanding of manufactupngcesses and encourages the

use of data driven tools including metabolic modell{Mgrcier et al., 2014)

In the past metabolic models, both kinetic and stoichiomethave been used to
achieve different goals of optimizat including improvingditre (Ho et al., 2012)media
development(Song et al., 2008process contro{Kornecki & Strube, 20183and process
predication(Kontoravdi et al., 2010)Current development efforts ardirected towards
building larger and more complicated models that aim to capture the complex reality they
are trying to mimic more and moraccuratdy. Genome scale metabolic models (GEMS)
for example are models that incorporate all known metabolic reatiand underlying
genes into a stoichiometric matrix which can be used for linear optimization
(Rejeet al.,2017) Many efforts have been undertaken in order to understand the lactate
metabolism and related switch using such modé¢MartinezMonge et al., 2018;
Martinezet al., 2013; Shlomi et al., 201However,none of these efforts have been able

to fully explain the underlying cause of the lactate switch.

1.1. Aim and Objectives

The aim of this thesis is to increase the understanding of the underlying metabolic
mechanisms that govern the switch in lactate metabolism often observed in industrial
CHO cell linegsed to manufacture therapeutic proteins (e.g. monoclonal antibodies). The
combined experimental and modelling approach suggested herein, will enable the
generation of specifibigh-quality experimental data that can be fed into the model and
analysed Sutsequently, novel hypothesas to why the switch in lactate metabolism is
happening can be generated from the simulated results which again can be tested and
validated experimentally. The proposed approach contributes to the deeper

understanding of lactatenetabolism and potentially opens up the process design space

29



of industrial mAb production through mammalian cell lines exhibiting such a metabolic

behaviour. Ultimately this will lead to increased process robustness and productivity.

In order to achieve tis goal of a combined experimental and modelling approach

to understand the underlying mechanism of the lactate metabolism a set of clear scientific

objectives have been set:

1.

30

Literature review (Chapter 2)

Relevant scientific literature is thoroughly reviegvin this chapter covering all
areas relevant to the presented thesis. First cellular biology, the underlying
metabolism and cell culture basics are reviewed with a strong focus on the
lactate metabolism and efforts that have been made to date to undesta
the underlying mechanisms and gaps that are still to be filled. Secondly,
different types of metabolic modelling (kinetic and stoichiometric) are
critically discussed and a comprehensive review of stoichiometric models is
presented due to their relevarcto the project.

Development of carbon constraining tool (Chapt8y

Following the introduction and subsequent literature review the development
of a tool in order to reduce the underdetermined solution space of flux
balance analysis (FBA) significantlg aheap computational cost is described.
The tool is tested with the latest available CHO GEMQ1766) and validated
using experimental data publically available from the literature. The
developed algorithm is able to constrain the solution space oM&E
substantially within the physiological constraints at a fraction of the time
compared to other FBA variants.

Model based analysis of experimental data (Chaptgr

The carbon constraining tool is used in this chapter together with
experimental data fromdifferent processes and multivariate data analysis
identifying metabolic differences between the lactate producing (LP) and
lactate consuming (LC) phase. The experimental data is used to constrain the
ICHO1766 GEM, further constrained using carbon comstdailux variability
analysis (ccFJAand sampled using Monte Carlo based techniques.

Subsequently the sampled data is analysed by principal components analysis



(PCA). Based on this analysis hypotheses are formeadithaatexplainngthe
switch in lacta¢ metabolism.

4. Experimental validation of model-based analysis through process
parameters(Chapterb)
Based on the modelling results and resulting hypotheses as to why the switch
in lactate metabolism is happening an experiment is set up in an effort &@f pro
some of the hypotheses. Glucose transport (GLUT) inhibitors, |afet@téng,
and pH manipulation are included using a design of experiments approach.

5. Experimental validation of modelbased analysis through metabolic
engineering (Chapte6)
Another, more complex route of proving the developed hypotheses is to alter
the genetic program of the cells and enable them tedmnect metabolism. In
this chapter an enzyme not native to CHO cellaléihine dehydrogenase)
originally found inMycobacteium tuberculosiss cloned into two different
industrial CHO cell lines. Stable gene pools are generated and experimentally
characterized in comparison to the parent cell lines.

6. Concluding remarks & future research directions (Chapigr
In the final Chamr 7 the main scientific discoveries are discussed
complimented by recommendations for future work. Emphasize is given to
future experimental designs regarding the-alaninedehydrogenase
experiments. This is largely due to the fact that the herein presgéméesults
are promising yet inconclusive. A robust vector design with proper
controllability of switching on and off particular pathways (lactate

dehydrogenase) is key to forcing metabolism towards a desired direction.

The complexity of cellular metabatis and the cost associated with wieth
experimentation in this line of work requires a systematic approach and informed
experimental design decisions. Combining experimental work mitHelbasedanalysis
to further guide experiments is necessary in ortleobtain the best information per cost
ratio. This thesis attempts to enhance our understanding of the shift in lactate metabolism

by utilizing such an approach to expand the process design space, increase process
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robustness and therefore reduce the maaafuring cost which ultimately translates to

reduced product costs.
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CHAPTER 2

Literature Review

This chapter elaborates on the biological principles and mathematical modelling
concepts relevant to the present work. First theneral structure of mammalian cells is
explained in detail including the main metabolic pathways and chemical reaction
principles within the cells. Stataf-the-art in vitro culturing protocols are also discussed.
Secondly mathematical modelling of cé#lu processes is introduced with a focus on
metabolic modelling followed by an overview of major scientific contributions in this field.

Finally,an overview of model analysis techniques and sensitivity analysis is given.

2.1. Introduction to cellularbiology

Cells are the smallest entity of life. They can be divided into two major classes, i.e.
Prokaryotes and Eukaryotes. Prokaryotes include Archaea and Bacteria which are single
cell organisms with simple or no apparent internal structure, where ahgbal and
biological reactions take place in the same environment. Eukaryotes are much more
complex than prokaryotes in terms of inner cell structure, containing a wide variety of
intracellular compartments. In the following we will focus on eukaryotlthdielogy, as it

is relevant to the type of cells used in the present study.

2.1.1 Cell structure

The cellular structure of eukaryotic cells is very complex consisting of several
compartments. Each compartment serves a specific purpose which will beralabmn

in this section. An overview of the major cell components can be seigime2.1.

CKS WONIAYQ 2N WO2YYlI YR OSyi(iNBQdsshg (GKS
YIE22NAG& 27F endgrbon@iBi€ dcidd drgadichmacradnidlecule carrying the
genetic code). The term nucleus involves a set of subunits namely the nuclear envelope,
nuclear pores, the nucleolus, and the chromatin, where the nuclear epeatonsists of

two membranes, the innerand outer membrane. Theaner membraneprevents any
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macromolecules from unhindered entry into the nucleus serving as a protective barrier.
The outer membraneis continuous with the endoplasmatic reticulum (ER). riaeo to

have controlled transport options for several molecules in and out of the nucleus, so called
nuclear pores are incorporated into the nuclear envelope. The nucleus is where most of

the cells messenger RNA is synthesised and also where chromosohuatiep takes

place.
Huclear envelope
Centriole Ly=osome
V& Hucleolus _ Hucleus
) } Chromatin
Mitochondrion Yacuole !
{Huclear pore
Plasma 5
membrane
~ Ribosomes

Cytoplasm :- ﬁ'_ ... A ; e Golgi complex

Smooth ] ; 5y B
endoplasmic o ——Microfilaments
reticulum Microtubule
Rough
endoplasmic
reticulum

Figure2.1: Overview of cellular components from a eukaryotic cell. Major inner cell compartments
include the Nucleus, the rough and smooth endoplasmatic reticulum (ER), the golgatspand the
mitochondria. [Sourcenttp://people.eku.edu/ritchisong/301notesl.htin

Attached to the outer membrane of the nucleus is the endoplasnraticulum (ER)
which can be divided into two subgroups namely the rough ER and the smooth ER. The
rough ER is called rough due to many ribosomes attached to its membrane on the
cytosolic side, therefore appearing rough in electron microscopic picturéss&nes
consist of proteins and ribosomal RNA and form a translational unit for reading mRNA and
forming proteins. Mainly secreted proteins are synthesised from the ER membrane bound
ribosomes so they can be kept separate from the cytosolic proteins hgpmatation into
the ER. Within the ER protein folding and other modifications such as attachment of
carbohydrates to the proteins are performe#dditionally,the rough ER produces lipids

which it incorporates into its own membrane and then further diatites within the cell,
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therefore serving as a major membrane producer. The smooth ER does not contain any
ribosomes and is further away from the nucleus. Depending on the specific cell type the
ER has different functionalities including but not limitedtgwbohydrate metabolism, lipid

synthesis, hormone synthesis, storage place for calcium ions, and it serves as a

detoxification compartment.

The golgi apparatus or complex can be considered as a large logistic hub of the cell.
Proteins that were synthesiseahd modified in the ER are often transported to the golgi
apparatus. Here proteins may be further modified, sorted and transported to their final
destination. Further modification of the glycosylation sites results in a large variety of
glycosylation pattrs. This is achieved by clipping off monosaccharides from the existing
carbohydrate chains and replacing those with other sugar monomers. Distribution of
sorted, modified, and stored proteins is achieved by pinching of part of the golgi
complexes membrand y 12 | @SaAO0ft Sd® ¢KAA gl & | WLI Ol

be delivered to where it is needed within or outside of the cell.

When thinking of a cell as an ultemall manufacturing plant it is more than
dzy RSNE G YRFO0f S (KI {5a@SNISISARY GZ2NIHISy ANB LI Y I OCBKRA
waste products taken care of. This vital part is done by lysosomes which are vesicles that
contain hydrolytic enzymes capable of degrading organic materials, breaking them down
to re-usable building blocks. Lysoseshave an acidic environment which is needed for
the hydrolytic enzymes to operate at their optimum. They are synthesized in the ER and
further processed in the golgi apparatus before they are pinched off to form a lysozyme.
During the synthesis and mouiaition process of lysosomal enzymes they do not pose a

threat to the cell due to their extremely low activity at neutral pH.

Peroxisomes are another specializathi compartmentof the cell which plays an
important role in certain metabolic functions. Ferkample,they play a pivotal role in
converting fatty acids into sugars which then can be further processed to produce energy
for important cellular activities. Peroxisomes contain enzymes that remove hydrogen
from metabolites transferring them to oxygd@») producing hydrogen peroxide {Eb)
as a byproduct. This toxic byproduct is then, by another enzyme contained within the

peroxisome, converted to Water £§8). This is a perfect example of how important and
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helpful compartmentalisation can be, wherme this example the toxic bgroduct BO; is

kept from the rest of the cell before being further processed to harmless water.

aAl20K2YRNARLF FINB 2F3GSy NBFSNNBR (2 Fa (KS

contribution of generating energy rich moleesl i.e. adenosine triphosphate (ATP),
through respiratory processes. ATP stores energy chemically and functions as coenzyme
for many anabolic but also catabolic processes within the cell. Next to the nucleus,
mitochondria also contain a small fractionDNA as well as a double membrane, where

the outer membrane has a smooth structure and the inner membrane is excessively
folded. A widely accepted theory to why that is, is the endosymbiotic theory which states
that a predecessor eukaryotic cell has takgnaubacterium which then continued to live
along its host and eventually in the course of evolution becameasganism.The inner

part of the mitochondria is called mitochondrial matrix and is the place where part of the
metabolism takes place, most notighthe citric acid cycle also referred to as the Krebs
cycle or Tricarboxylic acid cycle (TCA cycle). Besides DNA the mitochondria also contain
ribosomes, suspended enzymes and membrane bound proteins and enzymes which play
a key role in generating ATP.€Thighly folded inner membrane, also called cristae, is an
example of efficient cell structuring. The folding increases the membrane surface allowing
Y2NB Wg2Nlaol dA2yaQ gAdKAY (GKS alyYS @2t dzyS
cell compartments andh®ow how compartmentalization structure is determined by the

function of the compartment itself.

Lastly the structural importance of the cytoskeleton shall be discussed. The
cytoskeleton gives the cell mechanical support and holds everything dynamigaltyen
There are three main fibres that are contained within the skeleton of the cell namely the

microfilaments, the intermediate filaments, and the microtubules. The cytoskeleton is

NBalLlRyaAiofS FT2NJ 0KS OStfa ai MieSdedawdoiherda SNIIS &

cell compartments, it plays an important role during the cell division and, and it is able to
give the cell a certain ability of motility through assembly of filaments on one end and

disassembly on the other.
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2.1.2 Cell metabolism

Metabolism is defined by a set of biochemical reaction steps linking the totality of
input and output metabolitegStephanopoulos et al., 1998t serves as a series of
processes vital to energy production, cell proliferation, and elimination ofeyasiducts.

Cellular metabolism can be divided into two major subclasses, namely catabolism and
anabolism. Anabolism can be described as constructive metabolism, where simpler, lower
energetic molecules are combined to form more complex, higher energatieaules

such as proteins, lipids, DNA, and others. Hence anabolism is an energy consuming series

of reactions.

2.1.2.1Central carbon metabolism

Central carbon metabolism consists of three major metabolic sub pathways, namely
glycolysis, pentose phosphapathway (PPP), and the TCA cycle also referred to as Krebs
cycle and citric acid cycle. An overview of how they are connected to each other and major
intermediates and enzymes of these metabolic processes can be sel€igure 2.2.
Glucose and other sugars have three ways of entering a cell; (i) slow, bidirectional
diffusion through the membrane, (ii) facilitated diffusion with the help of transporter
proteins, (i) ad finally active proteirmediated transport requiring energy in the form of
ATR(Carruthers, 1990)Since glucose is a polar molecule it can only slowly diffuse through
the cell membrane without the help of specific tigporter proteins. Mammalian cells
have several glucose transporters which mainly facilitate bidirectional diffusion according
to a gradient. The first facilitative transporter protein found was the GLUT1 transporter
which also is the most common one in miaalian cells(Fukumoto et al., 1988;
Heiliget al., 2003) Due to bidirectional diffusion of glucose through these transporter
proteins the monosaccharaide will always proceed in the direction of the concentration
gradient (high to low). Glucose i®ihg phosphorylated in a rather quick manner upon
entering the cell through hexokinases; hence the glucose concentration within the cells is
rather low propagating constant glucose uptak@zturk & Palsson, 1990)
Phosphorylation is one of the few steps that actually reqeinergy input with a cost of

one ATP molecule per molecule of glucose.
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Upon conversion of glucose to glucedphosphate (G6P), it can either enter
glycolysis or the pentose phosphate pathway (PPP). Glycolysis is comprised of nine
enzymatic reactions (exdaling Glc to G6P) converting one molecule of G6P (siz carbon
atoms) into two molecules of pyruvate (three carbon atoms). As can be séegure2.2
another phosphondtion from Fructoses-phosphate to Fructosé,6-phosphate takes
place at the expense of an additional molecule of ATP. Despite the expenditure of ATP in
the early steps of the pathway, glycolysis is a net producer of ATP through reactions
further down the pathway, namely phosphoglycerate kinase and pyruvate kinase.
Additionally, the reduction equivalent NADH is gained reacting glyceralde3yde
phosphate to 1,diphospateglycerate. Hence, glycolysis yields a net of two ATP, two
NADH, and two pyruvate mole&as which can then either enter the TCA cycle or be

converted to lactate.
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Figure2.2: Central carbon metabolism. Glucose is converted to G6P after entering the cell from
where it can either enter the PPPrégn) or the glycolysis (blue). At the end of glycolysis 2 molecules of
pyruvate are obtained from 1 molecule of glucose which can either be converted to lactate, yielding only a
net increase of 2 ATP, or enter the mitochondria to be completely oxidizedrtwon dioxide yielding a
theoretical maximum of 36 molecules of ATP.

Pyruvate exiting glycolysis needs to be transported across the mitochondrial
membranes in order to enter the TCA for further oxidation. This is done by a transport
protein called pyruvee translocase which symports a proton with pyruvate, hence is
driven by a pH gradient. Once pyruvate is in the mitochondria it follows either of two
distinct routes.Firstly,it can be carboxylated (anaplerotic process) to form oxaloacetate
at the expenseof ATP. However, this process has been shown to be inactive in most
mammalian cell§Ozturk& Hu,2005) The more common route for pyruvate is via the
pyruvate dehydrogenase complex (PDC) forming one molecule of each:-BoétylC®

and NADH. The PDC forms the link between glycolysis and they€léAvhere Acetyl
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CoA can be completely oxidized toZp@ducing reduction equivalents NADH and FADH
as well as one molecule of GTP through substtatel phosphorylation. AcetoA (C2)
enters the cycle by forming citrate (C6) together with oxaldaise (C4) splitting off its
Coenzyme A subnit (Figure2.2). Next to producing reduction equivalents and one
molecule of GTP the TCA yields several biosynthesis parsuwhich include but are not
limited to succiny 2 ! -Eetofularate, and oxaloacetate for amino acid synthesis, citrate
used for lipid synthesis, and acetybA for fatty acid and amino acid synthesis. These are
needed due to the fact that some intermedes are removed for anabolic processes
(anaplerotic reactions). To fill the gaps created by anaplerotic reactions several amino

acids can be catabolized (cataplerotic reactions) into TCA intermediates, the most

prominent being glutamine which is trans’6lSR  FANR G G2 It dzil YIF GS

ketogularate.Coleman& Lavietes(1981)¢ SNB G KS T A Métagulaia@as RRSY G A F @

major entry point into the TCA resulting in the hypothesis of a shortened version of the
TCA. Leaving citrate out of the loop is referred to as the truncated TCA. Other entry points
include succinyCoA, mainly via valine, leucine and isoleucine,dtate, oxaloacetate,

and citrate. All the reduction equivalents produced in the cycle are directly linked to the
ATP production machinery also located within the mitochondria. The electrons from
oxidizing carbon sources to ¢&re transferred from NADH arfdADH via the oxidative

phosphorylation chain to oxygen as the final electron acceptor.

After the initial phosphorylation of glucose to G6P, instead of following the path of
glycolysis, G6P may also enter the pentose phosphate pathway (PPP). The R#Rgsas w
glycolysis, takes place in the cytoplasm and serves as the major generator of NADPH,
which is primarily used for biosynthesis. Additionally, it produces glycolytic intermediates,
namely fructose6-phosphate and glyceraldehyeiephosphate, plus seval biosynthesis
precursors such as RibeSehosphate, Xylulos&-phosphate, and Erythrosé
phosphate used for nucleotide, coenzyme, and amino acid synthesis. The pathway has
two distinctive phases where the first is the oxidative phase and the seconddhe
oxidative phase. In the oxidative phase G6P is oxidized to RibbHokesphate
generating two NADPH and one Q@olecule. In the nofoxidative phase multiple five
carbon sugars are rearranged to either biosynthesis precursors or glycolytic intetesedia

through transaldolases and transketolases. This rearrangement process was described in
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an interesting way by Melendddevia and Isidoro where they solved the pentose
phosphate rearrangement of six C5 sugars to five C6 sugars using a mathematical

optimization approact{MeléndezHevia & Isidoro, 1985)

2.1.2.20xidative phosphorylation

All the energy gained from oxidizing glucose to carbon dioxide through Glycolysis
and TCA is stored in the reduction equivalents NADH and FAIhdse reduction
equivalents link the arementioned pathways to oxidative phosphorylation. Oxidative
phosphorylation takes place within the mitochondrial matrix and functions through
chemiosmaosis which is the process of using a proton gradient (i.e. pH gradient) to couple
an exergonic (electrotransfer chain) with an endergonic (ATP synthesis) reaction. The
energy to keep up such a proton gradient comes from oxidizing the reduction equivalents

and transferring the electrons to oxygen as final electron acceptor forming water:

gﬁ 66000 w060 00 0 va&QLIE ¢ (Eq2.)

The electron transfer chain (ETC) is a series of redox reactions where electrons are
gradually transferred from a higher energy state to a lowerrggestate releasing the
energy in a more manageable way than releasing it all at once by transferring the
electrons directly to oxygen. The ETC consistewfcomplexes which contain a number
of prosthetic groups such as Flavin mononucleotide (FMN);subiur (Fe S), and heme
groups (Fe). The ETC carriers constantly alter between a reduced, when accepting
electrons, and oxidized, when passing electrons, state. The free energy of the exergonic
reactions is used to create the aforementioned proton gratiessulting in low proton
concentration (high pH) in the matrix and high proton concentration (low pH) in the
intermembrane spaceHigure2.3). The energy stored in for of the proton gradient
creates a proton motive force (pmf) and drives the endergonic reaction of synthesizing

ATP from ADP and inorganic phosphate.
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Figure2.3: Oxidative phosphorylation in Mitochondria. [Source: adapted fronw.wikepedia.or{

The theoretical maximum of ATP gained per molecule of glucose consumed is
calculated to be 32, where 4 ATP molecules come frgrodjtsis and TCA and the other
28 from oxidative phosphorylation. Per molecule of NADH a total of 10 protons are
pumped from within the mitochondrial matrix into the intermembrane space. Per
molecule of FADIbnly 6 protons are pumped across the membramhis is due to the
lower energy state of FARKompared to NADH. In order to generate 1 molecule of ATP
a total of about 4 protons are need to flow through the ATP synthase back into the
matrix (Figure2.3). Hence, 2.5 molecules of ATP can be synthesized by oxidizing one
molecule of NADH and only 1.5 ATP through oxidizing A2 molecule of glucose 10
NADH molecules and 2 FADRDblecules are synthesized® pm p® ¢ c )
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This theoretical maximum is not achieved by the cell due to several reasons. One
being that the NADH generated in the cytosol cannot simply pass through the
mitochondrial membrane but has to go through a symport, meaning it is oxidized on the
cytosolic side of the membrane transferring the electrons over the membrane to*NAD
which is then reduced to NADH. However, instead of transferring the electron t6iINAD

can happen that the electrons are transferred to FAD resulting in a loss of energy.

Another reason is that the generated pmf is not exclusively used for generating ATP
through ATP synthase but also to perform other work, namely supporting the import of
pyruvate from the cytosol into the mitochondria. As mentioned befo&l.Q.2

Oxidative phosphorylation pyruvate needs to be transported actively across the
membrane by pyruvate translocase and monocarboxylate transporters (MCTs) which is

driven by the proton gradm (Harris et al., 2009)

Theoverall efficiency,() of the oxidative phosphorylation can be calculated as a
function of energy yield from NADHK-'0 L & Q@ T6icE )xthe mitochondrial P/O

ratio of 2.5, and the energy stored in one molecule of AFB ( X® Q0 Fice Yo

X®
= Eg2.2
. C® Y pTITMOoub (Eq2.2)

An efficiency of 35% is very good compared to a conventional automobile powered
by gasoline which only gets to an efficiency of about 2B&gline, 2007)The rest of the

energy is given up as heat.

2.1.2.3Redox balance

Redox reactions are a specific type of reactions consisting of tweréadtions,
namely an oxidation reaction and a reduction action, where oxidation is the loss of an
electron and reduction is gaining an electron. The most prominent redox pair in the
cellular environment is the NAINADH couple. The reduction potential of the
NAD/NADH and many other redox couples combined make up the redox state of the cell
which is an important aspect of many metabolic networks. The early study of the redox
states of sgeral redox couples was performed Byicher & Klingenber.958)who were
the first to estimate the actual reduction potential for the redox couples NWNEBDH and
NADP/NADPH.
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The majority of the redox reactions within the cell are two electron psses which
SyadaNB | aOf 2aSR aKSf dupof ratdlsSThalredsx stat@@ théR A y 3 (i K
cell was later defined in a review paper Bghafer & Buettne(2001) as the hakHcell
potential and the reducing capacity of a particular redox couphe. fEduction potential
of NAD+/NADH has been widely studi@®iicher & Klingenberg, 1958; Jensen & Elving,
1984; Schafer & Buettner, 200A)change in the redox state of a cell isegtially a shift
in the availability of electron acceptors which in return is a fundamental metabolic
regulatory process observed in all living organisms. In the past years it was also shown
that pH has a strong impact on the redox state of the cell gpttés directly proportional
to the proton concentration within the brotiiSchafer & Buettner, 2001)ence pH has a
strong influence on the reduction potential of pH sensitive redox couples such as
NAD/NADH. In order to keep a consistent reduction potential for a particular redox pair
(e.g. NADNADH) under changing pH conditions, the cells may shift the reduction
potential of other redox pairs to counter act changes in pH. However, these effects have
not yet been fully understood. A recent study investigated two specific transcription
factors within the model organisr&scherichia cowhich showed to be sensitive to the
redox state of the cell, thereby acting on a genome wide basis in order to recandte
adapt to the redox changing environmefiederowicz et al., 2014This study provides
great insights into their methodologseand can be used to identify genes regulating redox
related events in mammalian cell cultures. This could potentially facilitate inference of the

switch in lactate metabolism.

When considering the metabolism of a cell the most energy yielding branch per
mole of glucose consumed is through the TCA cycle and oxidative phosphorylation.
However, often organisms, including CHO cells, shift their metabolism toJgeleing
pathways like lactate metabolisifAltamirano et al., 2013; Pereira et al., 2018; Young,
2013) Other organisms, for>ampleE. colj instead of dowrregulating the efficient
metabolic pathway and upegulating less efficient ones, it tregulates the less efficient
pathways to an extend that the energy deficiency is covered in addition to the already
active efficient patway. This way the cell exploits the efficient pathway to its full extend
while using less efficient pathways to an absolute minimum. This phenomenon was

recently investigated in a research group from the Netherlands
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(vanHoek& Merks,2012) They state that wpegulating loweryielding metabolic

pathways while keeping the highelding pathway at maximum fluxes can be explained

by the fact that the fluxes through the maximum yielding pathway are maxad o
OW2OSNFt2¢ YSOlFIo2tAaYQo NBadzZ GAy3a Ay Lldza KA
directions (i.e. lower energy yielding pathway®kRubeai, 2015; Niklas et al., 2011; van

Hoek & Merks, 2012; Zielinski et al., 2Q17)

Due to exhaustinghe kinetic rates through highielding pathways (e.g. TCA), low
yielding pathways (e.g. LDH) (with faster kinetics) areegulated to cope with the fast
influx of glucose. The answer to why mammalian cells dogulate their highewyielding
pathways idinked to maintaining the redox state of the cell. Both pathways, the TCA and
LDH, consume NADH and produce NAignce both pathways are competing for the
same resource. In order to keep the NADADH ratio constant, the slower pathway
needs to dowrreguate. This is also true for other organisms suchLaactisand S.
cerevisiaeE. colion the other hand uses its acetate pathway which does not require any
NADH molecules to rdirect excess intermediates, therefore not having to denggulate

the oxidative phosphorylation due to competing resour¢esn Hoek & Merks, 201.2)

In metabolic modelling the redox state of the cell, although having been proven to
have a substantial impact on metabolism, has mostly been neglected in the modelling
analysis(Gaoet al., 2007; Sanchez et al., 2014; Zamorano et al., 2@f® of the first
attempts to account for the redox state in a metabolic modehs performed by
Nolan& Lee (2011) First, they have identified the major sinks and sources of NADH,
where the sourcesra the TCA cycle and glycolysis, and the major drains include oxidative
phosphorylation and the forward reaction of lactate dehydrogenase (LDH). Subsequently,
they quantified the consumption and production fluxes of NADH in the cytosol and
mitochondria reealing that the production of NADH within the mitochondria is not
sufficient to keep up with the consumption of NADH from oxidative phosphorylation.
ConsequentlyNADH must be imported from the cytosol to make up for the deficit. As
long as glycolytic fles are high enough to supply NADH to oxidative phosphorylation,
LDH proceeds in the forward direction consuming NADH and producing lactate. As soon
as glycolytic fluxes decrease, and NADH demand cannot be met by glycolysis, LDH reaction

is reversed in ordeto compensate for the deficit. They incorporated a variable that
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accounts for these dynamics by calculating the rate of NADH produced in the cytosol as a
fraction of the rate of NADH transported into the mitochondria. The redox variable R can

be describd as follows:

Y- (Eq2.3)

o

By incorporating this variable into NADH dependant reactions, such as the LDH
reaction, a dependency on the redox state of the cell can be simulated. When the reaction
rate of NADH generation in the cytosol is higher than the transport rate of NADH @&to th
mitochondria (R>1), LDH reaction will proceed in the forward direction. However, when
the reaction rate for NADH production in the cytosol becomes lower than the transport
rate of NADH into the mitochondria €RL), the LDH will reverse at a rate depiemt on R
and consume lactate to produce additional NAINglan & Leg2011)have shown with
their work that redox statdas a substantial impact on metabolism and therefore needs
to gain more attention in metabolic modelling. The significance of their finding is
evidenced by other researches implementing the redox variable R in their work

(Brunneret al., 2018; Zalai et al., 2015)

2.1.2.4] actate metabolism

An often-used parameter to evaluate culture performance is lactate metabolism
Lactate is a seemingly unwanted-psoduct of the fermentation process and several
approaches have been undertaken to understand the effects of lactate metabolism in
order to control it. The fermentation of lactate in cancer cells, despite the presehce o
oxygen, was first described by Otto Warburg in 1996arburg, 1956) Since then,
scientiss in academia and industry have tried to understand this effect named after the
scientist who first observed it, the Warburg effect. Lactate has been proven to reduce
culture longevity, specific productiyitas well as product quality. Due to the adverse
effects of lactate on mammalian bioprocesses, intensive studies to understand the
underlying mechanism as well as to identify the progeameters that influence lactate
metabolism have been of great in&st to the bioprocessing indust(iartley et al., 2018;

Le et al., 2012; Martinez et al., 2013; Toreesal., 2018; Zagari et al., 2013Barameters

that have beenshownto influence the lactate metabolism include gHWarsson et al.,
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2015) osmolality(Xu et al., 2018)glucose concentratiofGagnoret al.,2011) alternate
carbon sources(Leong et al., 2017; Torresal.,,2019; Xu et al., 2016)copper
concentration in the mediélLuo et al, 2012; S. Xu et al., 2016; ¥atlal., 2014pnd partial
pressure of carbon dioxidgCQ) (Brunner et al., 2018; Charaniya et al., 2010; Xu et al.,
2018)

Glucose concentrationin particularwas found to have atrongimpact on lactate
metabolism. While on th@ne hand studies show that lactate consumption is driven by
glucose limitation(Altamirano et al., 2004; Cruz et al., 2000; Ozturk et al., 168®rs
show that even under highesidual glucose concentrations lactate consumption occur
in mammalian cell§lvarsson et al., 2015; Le et al. 120 ListeCalleja et al., 2015; Luo et
al.,, 2012; Ma et al., 2009; Martindzonge et al., 2018; Mulukutla et al., 2012,
Ozturket al.,1997) These seemingly controversifihdings can have several reasons
including different cell lines, genetrmodifications, different operating conditions that
may play an important role in the regulatory effects of lactate production/consumption

of mammalian cells or simply little understanding of the underlying effects.

A recent studyWilkens et al., 20119uggests that the production of lactate and its
accumulation in extracellular broth is due to the accumuatof pyruvate which then is
being converted to lactate by the lactate dehydrogenase complex. Increasing production
of lactate leads to alecrease of the internapH (pH) of the cells forcing lactate flow
outside the cell. In this particular study conspiion of lactate only occurred when
galactose was present in the media. Converting galactose to pyruvate is a kinetically
slower process leading to inefficient pyruvate ergo energy supply. In order to make up for
this deficit, lactate is consumed by thellseA study performed prior to the one of Wilkens
et al. came to similar findings where culture media supplemented with galactose resulted
in better growth performance and lactate consumption throughout the culture leading to
an overall better culture pdormance(Altamirano et al., 2006 More recentlyTorres et
al. (2019)have successfully grown CHO cell culture in a chemostat replacing glucose in the
media and feeds with a mix of galactose anddsx Their findings conclude a more
energy efficient metabolism resulting in an increased ATP productionpex Consumed
(Torresetal.,2019) ¢ KS&aS FTAYRAY3IA INB Ay F3INBSYSyi
YSUGIl 62t A &Y QuantSek&OMNIKs(ZDR) o6 &
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Ivarsson et al(2015)studied the effect of pH on lactate metabolism and concluded
that an increased pH results in greatactate secretion whereas a decrease in pH benefits
the consumption of lactate. These results undermine that pH has a strong effect on the
redox state of the cell, therefore forcing the cell to adjust the ratios of certain redox pairs
to maintain the redution potential of the more important ones (NADIADH)
(Schafe& Buettner, 2001)

Another interesting study reported byakuma et al(2007)states that with a CHO
cell line in a 1 perfusion reactor under elevated p&@ approx. 220nmHg and glucose
limiting conditions (6nM) showed increased specific lactate productiotesacompared
to the control at ~50nmHg pC@ They report an increase of lactate yield on glucose from
1.1 to 1.7. This effect was not observed when changing.gé@ls at high glucose
conditions (33nM). This suggests that pea@nly affects lactate metaddism in a glucose
limited environment. Elevated pG®@esults in increased osmolality due to pH control
(Schmelzeet al., 2000) therefore linking these two effects together. Hence, it is no
surprise that an increased specific lactate production occurs when elevated osmolality is
present in the bioreactor. An increase in osmolality from 84Bsm/kg to 445nOsm/kg
resulted in an increase of specific lactate production of 43%u et al., 2005)A recent
study explored the combined effects of pH, pC&molality and base addition on large
scale CHO fermentations upt o 2,000Xu et al., 2018)They concluded that pG©n its
own does not have a signifint impact on the lactate metabolism but only when
combined with pH and osmolality. A mechanism for the production of lactate was
postulated where high pGQdue to poor C@stripping for example, triggers the addition
of base for pH control. The additiaf base results in an increase of cell culture osmolality
which in return increases lactate metabolism. Increased lactate secretion in return further
triggers the addition of base which again increases the osmolality of the culuret al.,
2018).

The shift from lactate production in the exponential phase of a culture towards
lactate consumption during the stationary phase is considered preferential behaviour due
to lactate consumption increasing the culture longevity and product formatiert al.,
2012; Toussaint et al., 2016)his conclusion led a research group to investigate what

happens when a culture is fed with lactate in the media. It was shown that the control
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cultures carbon flux came primarily from glucose even when lactate was consumed in the
later stage of the cultre. However, cultures fed with either sodium lactate or lactic acid
showed an increased carbon flux from lactate in comparison to glucose leading to the
conclusion that lactate can be a preferred carbon source for mammalian cells under the
right circumstaces(Liet al.,2012) Feeding lactate and galactose instead of glucose has
recently been shown to be a viable strategy to reglumnecessarily high carbon fluxes
through glycolysis and promote lactate consumption for the beginning of the culture
further proving that cells can metabolise lactate from the start of the cul{Ur@res et

al., 2019)

The overflow mechanism present in metabolic networks due to different reaction
kinetics involved in a chain of reactions has been widely discussgerature (van Hoek
& Merks 2012; Molenaar et al. 2009; Smo#@)9; Martinez et al. 2013 well as in this
review. In order to overcome these network bottlenecks many attempts have been made
by genetically modifying cell lines. It was found that the dewgulation of lactate
dehydrogenaséA (LDHA) with siRNAsmall interfering RNA) in CHO cells resulted in
decreased specific glucose consumptiogd of 13- 46% accompanied by decreased
specific lactate productiong(ac) (Kim & Lee, 2007aA slightly different approach with
similar affects showed that the additional expression of humagruypate carboxylase
(hPC) in CHO cells decreasgd by 21¢ 39%(Kim & Lee, 2007bYoussainet al. (2015)
have genetically modified a CHO cell line so it would express recombinant yeast pyruvate
carboxylase (PYC2) to avoid redirection of accumulating pyruvate towards lactate
dehydrogenase. They were labto successfully express the PYC2 in CHO cells with the
result of lowering the lactate/glucose ratio. This was accompanied with a slightly lower
specific productivity rate which was however compensated by higher cell densities and
culture longevity dued the lower lactate production. The latest advances in this direction
was performed byGupta et al. 2017)where they supetransfected a codon optimized
version of PYC2 into a CHO clone expressing a monoclonal antibody. They were able to
reach >20% higher VCDs and prolonged culture longevigditionally, a titre
improvement of 5% was measured. An additibpgece of information this particular

study offered was the analysis of the product quailityegard tathe glycosylation pattern
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of the mADb which revealed a slightly improved basic and main peak for PYC2 transfected

cells compared to the control.

A stud/ performed by Genentech Inc. suggested that an increased copper
concentration in the media increases the functionality of oxidative phosphorylation due
to copper being an important efactor to many catabolic relevant enzymes such as the
cytochromec oxichse complex present in the electron transport chain in the
mitochondria(Zeng et al., 2007 Cultures supplemented with additionebpper showed
increased lactate consumption alongside increased culture longevity and product titre. An
explanation given was that cells under normal conditions (control caifiw/o additional
copper) were unable to efficiently use present oxygen due to disabled oxidative
phosphorylation enzymes. This effect was described as histotoxic hypoxia which means
that although oxygen was present cells were not able to use it due tattkeof enzymatic
co-factors, namely coppefYuk et al., 2014)This work suggests that the bottleneck in
energy metabolism is not the PDC as prega by other researcher@ltamirano et al.,
2006; Wilkens et al., 201but rather the limitation of copper as a dactor for enzymatic
reactions in the oxidative phosphorylation. However, it is necessary to determine the
correct concetration of copper for a given cell line and process as copper concentrations
above a certain level may have adverse effects on mammalian cell c(@argalho Do

Lago et al., 2011)

Metabolic flux balance (MFA) analysis is a powerful tool to better understand and
guantify intracellular carbon flow. A study performed in 2011, using 18belled glucose,
states that most lactate produced during the exponential phase comes from glucose
(Ahn& Antoniewicz, 2011)These results agree with the experiments and FBA analysis
performed byMartinez et al.(2013)and has also been shown to be characteristic of
cancer cell metabolism wheiguet al.(2017)have shown that about 85% of the incoming
glucose is converted to lactate. Conversely, a stuhdacted byDean & Reddy2013)
states the opposite. Also using-C3labelled glucose coupled with MFA, they found that
most of the lactate wagroduced by the pyruvate and glutamine present in the media.
Explanations for such a different metabolic distribution might be that the studied CHO cell
lines differed from each other. Dean and Reddy worked with an industrial {OtHcRcell

line whereas Ah and Antoniewicz used a commercially available ®HQ@ell line. The
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metabolic diversity for different CHO cell lines and the effect of different process
parameters as well as different media compositions (containing glutamine and pyruvate)
show that a coputational tool to characterize them in streamlinedmanner could

significantly increase understanding of the underlying metabolic effects.

A recent review byartley et al(2018)has compiled all the research to date on the
switch in lactate metabolism and elaborated on each of the theories adyothe switch
is happening. While discussing each one of them including but not limited to glucose
depletion(Altamirano et al., 2006; Martinez et alQIB), pH shift(lvarsson et al., 2015;
ListeCalleja et al., 20155witch between growth and stationary pha@éa et al.,2009)
or glutamine depletion (Wahrheit, 2@4), they list the limitations and potential
contradictions with each one of thems they discuss the potential causes and current
work on the switch in lactate metabolism they formulate aagresent hypothesis by
themselves where they state that thgdobal cellular redox balance is the cause for the
consumption of lactate. As described before the redox balance in the cell is influenced by
multiple factors and can therefore potentially be controlled via a diverse range of

strategies.

As shown here, @t of research has been done in order to understand the metabolic
switch from lactate production to consumption. However, a definite answer to why this is
happening could not yet be given. A lot of experimental work has been done in this field
(Hartley et al., 2018; J. Liet al., 2012; Ma et al., 2009; Yuk et al.,[2@Iehly few studies
combine the experimental work with extensive modelling approaa&ing genome scale
metabolic modellingZagari et al., 2013apespite the work that has been done a lot of
understanding needdo be acquired before the underlying effects of the lactate
metabolism, more specifically the metabolic switch from lactate production to
consumption, is fully understood. Especially with all the research done on different cell
lines and different operatig conditions, i.e. process parameters, media compositions and
feeding regimes, makes it very difficult to transfer and apply findings to another process.
Hence, a robust tool that predicts this lactate switch for any cell type, media compositions
and process parameters would be of great benefit to the pharmaceutical industry allowing

for better characterized and higher yielding processes.
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2.1.2.5Glutamine Synthase (GS) expression system

Two commonly used expression systems in the industry are the DHERdyased
on the dihydrofolate reductase gene and the Glutamine Synthetase (GS) gene system
which takes advantage of the inability to synthesise Glutamine of the host cell line
(Birch& Racher2006) Both expression systems make use of strong promoters on the
gene of interest, usually a viral promoter (hCMV), and a weak promoter, such as the SV40,
on DHFR or G@&I- Rubeai2015; Flickinger, 2013; Kim et al., 201P)e weak promoter
for the selection marker is to ensure high producing cell clones, which are desirable for
industrial production processes. In order to select for the highest producing clones,
methotrexate (MTX) and methionine sulfoximine (MSX) are added to the culture with
DHFR and GS gene expression systems, respectively. These agents inhibit the enzymatic

retraction requiring the cell to express the enzyme and therefore the gene of interest

strongly(Figure2.4).
a b
Dihydrofolate Reductase Glutamine Synthetase
Dihydrofolate (DHF) === Tetrahydrofolate (THF) Glutamate + NH, 7? Glutamine
purine ATP | ADP + P,
THF ==t =t == pyrimidine
MTX glycine MSX

Figure2.4: Key enzymatic reactions used for gene amplification (a) dihydrofolate redystasates
dihydrofolate to tetrahydrofolate which is a vital precursor for purines, pyrimidines and glycine (b)
glutamine synthase catalyses the reaction from glutamate and ammonia to glutamine. This reaction is
energy dependent as one ATP is used.

The GSystem has a few advantages over the DHFR system which makes it a
preferred choice in the production of recombinant therapeutic proteins. The advantages
include: (i) Glutamine free media can be used to culture GS transfected cells eliminating
the need to ad the unstable amino acid to the media, (ii) synthesising glutamine requires
glutamate and Ammonia, therefore reducing the ammonia concentration in the media
which, when elevated, can greatly affect product quality, (iii) MSX is classified less
dangerous han MTX making it easier from a regulatory perspective. MSX, according to
the Material Safety Data Sheet (MSDS) is considered harmful (GHS07) whereas MTX is
classified as toxic (GHS06) and poses a health hazard to the respiratory system (GHS08).
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2.1.2.6Monoclonal antibodies

The huge demand for therapeutic proteins has created one of the fastest growing
markets in the health sectofJenkins, 2007)Especially mAbs are widely researched
because of their high specificity towards abnormal cells in the bbBdye to their high
specificity they have proven to be a great contributor to the fight against some types of
OF YyOSNE NXKSdzYFd2AR INIKNAGAE YR / NRPKYQ&
(Waldmann, 2003)

To different extents, these therapeutics acquire complex post translational
modifications (PTMs) which can mostly be achieved in higher organism such as
mammalian cell line¢Butler,2005) Variations in these PTMs are highly undesirable to
the industry because they may result in unwanted side effects s@clraimmune
response to the drug or product activifenkins, 2007)Therefore, it is vital to have
analytical systems in place that monitor product quality throughout the process. Product
guality can be affected by several parameters including phlysites such as pH, oxygen
and temperature(Trummeret al.,2006) but also physiological/metabolic parameters
such as lactate and ammonia concentrations in the cult¢@uz et al., 2000;

Toussainet al., 2016)

Posttranslational modifications can be made to almost all amino acids and include
several different types of chemical modifications. Some of them include proteolytic
cleavage, deamination, oxidation, phosphorylation, acetylation, methylation and most
importantly when talking about mAb production, glycosylation of the protein
(Blomet al.,2004) PTMs are usually added to the protein after it has been folded and

mainly occurs in the endoplasmatic reticulum and the golgi apparatus.

There are two main sites for the addition of oligosaccharides to (glywoteins.
The first addition can be done Bn Nglycosidic bond to the residual group of an
Asparagine (Asn). An-glycosylation can only be done on an Asparagine residue that is
part of an amino acid sequence characterized by-X&er/Thr. The Asparagine at
position 297 is the main point for glgsylation on mAbs (sdéigure2.5) produced for
therapeutic uses. The second addition type is alim&ed glycosylation (@lycosylation)

which is characterized by a bd to the residual group of a Threonifigenkins et al., 1996)
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The terminal sugars of these glycans have a big impact on several aspects of the proteins
functions including circulation halife, clearance time as well as antibody dependent cell
toxicity (ADC) of the mAb(Al-Rubeai2015) Therefore, glycosylation has been

investigated intensively to increase and stabilize product quétgolke, 2009)

The most recent advances in this field includes a study that investigated real time
glycosylation monitoring (R&M) which, when fully developed, enables the possibility of
a feedback control loop to actively manipulate the glycol pattern of the prodingth in
return could immensely improve product quality and therefore product yield

(Tharmalinganet al.,2015)

Fab Fab antigen

binding site

Asni9/
CH2 domain

Oligosaccharide

CH3 demain Fc effector functions

Figure2.5: The structure of an immunoglobulin G (IgG) molecule. In orange are the two heavy
chains (HC) and in light blue the two light chains (LC). Togibiinebuild the Fab (antigen binding
fragment) antigen binding site which is highly specific. The Fc (crystallizable fragment) region contains the
oligosaccharide representing the glycosylation. Glycosylation originates from the Asparagine at position
297 Asn297)Jefferis2009)
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2.1.3 Mammalian cell bioprocessing

Production of recombinant proteins requires a robust and high yielding process.
Most biologics produced by mammalian cells are done in suspension cultures. The
elimination of substrate adherence of mammalian cells allowed for production in karger
scale asvell as making use of already established culturing methodold@etirk& Hu,

2005) Suspension cultures can be performed in two ways, one being bateb&tth and

the other being continuous.

There are two major discontinuous processes used in the pharmaceutical industry,
namely batch and fethatch. Batch cultures are characterized by inoculating a bioreactor
with cells and media and have no additional feeding throughout the culture. The only
additions made are acid and base for pH control as well as gasses in order to have
controlled oxygen spply for good cell performance as well as pG®@ipping. During a
batch culture, cells start off with a lgghase (1) where they adapt to the new environment
before they enter the exponential growth phase (2) which lasts until most growth limiting
nutrients are consumed and toxic levels of waste products have accumulated to a critical
concentration. This exponential growth phase is followed by the stationary phase (3)
where the main protein production occurs using the rest of the-¢eier metabolites and
then ends in a declining or dying phase (4). This growth behaviour is schematically

presented inFigure2.6.
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Viable Cell Density

Time

Figure2.6: Schematic growth curve of a suspended mammalian cell culture. The growth curve can
be subdivided into 4 distinctive phases: (1) Lalgase where cells accumulate to the new environment. (2)
Exponential growth phase where cells rapidly proliferate. {&i&@ary phase where cells switch to protein
production and slow down with growth. (4) Declining phase where cells die due to metabolite depletion
and accumulation of toxic waste products.

In fed-batch cultures this growth profile is very similar but exded on both axes,
where higher cell densities and culture longevity is increased. This is done by extra
addition of solutions to replenish the consumed metabolites. Feed solutions are usually
added in a concentrated form in order to limit the dilutionet of the addition to the
culture. Feed strategies, i.e. composition, timing, duration and amount, have been subject
to extensive research efforts to increase upstream process performance for years
(Altamirano et al., 2004; Kyriakopoulos & Kontoravdi, 2014; Ma et al., 2009; Xie & Wang,
1994) The composition of the feeds can have tremendous effectcell performance
and final titre. It is therefore important to study treffectsof different feeding strategies

and feed compositions to maximize process performance.

As for the continuous bioprocesses two major cultivation strategies are discussed
here. The first continuous process is the chemostat. The way a chemostat works is, that
the amount of media fed into the system is also removed from the system in the form of
cell broth (includes cells, waste products, recombinant target protein, etc.) reguhia
constant reactor volume. This culture system does not retain the cells when removing

broth from the reactor as a reaction to the fresh media feed and is therefore limited in
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the maximum cell density. The rate of exchange is vital for achievingtanwon process
because the dilution rate determines when the process will reach a steady state.
Chemostats are not a viable cultivation system for the industry due to the low cell
numbers and therefore low titres. However, these systems find great apiolicanh
research and development where this system enables the study of enzyme kinetics for

cell line characterization and metabolic modell{®prtner & Schafer, 1996)
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Figure2.7: Schematic overview of three different cell cultusgstems: (A) STR for batch culture
characterized by no feeding port for carbon sources. (B)bagch STR characterized by additional feeding
port for carbon feed. (C) Perfusion bioreactor system with ATHEBend level sensor.

The second continuous cule mode discussed here is the perfusion culture and
acts on that very issue of biomass loss that happens during a chemostat culture. A
perfusion system, unlike the chemostat, retains the cells when removing broth from the
reactor by using a membrane fiftion system. Varies perfusion seps exist including
Spinfilter, TFF (Tangential Flow Filtration) and ATF (Alternating Tangential Flow) systems
(AFRubeai, 2015; Clincke et al., 2011; Flickinger, 2Figure2.7 (C) shows a schematic
of an ATF system equipped with a hollow fibre which increases filtration surface due to a
large number of individual hollow fibres. The hollow fibre is connected to a vacuum pump
that pumps in an alternating motion. Thetdited harvest is removed from the fibre at the
same rate as the feed is added to the culture. With a cell retention device such as a hollow
fibore much higher cell densities can be achieved than with the chemostat making this
system much more applicable tadustrial production needs. The use of continuous
bioprocess systems has been applied for some years in the industry, especially for labile

products this system provides a huge advantage due to the continuous removal of the
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product, hence it has a much ver retention time within the bioreactor
(Birch& Racher2006)

2.2.Modelling cellular processes

Experimental approaches have dmme more and more expensive as more and
more information is gained about biological procesgi#ano, 2002) Mathematical
modelling is a useful tool to reduce experimental cost and gain more detailed information
about the system of interest. Mathematical modelling is used across a wide variety of
different industries. Especially engineering industries such as the automobile industry
(Sharp & Goodall, 196%erospace industriSobieszczansBobieski & Haftka, 199@hd
the chemical and biochemical industri@Bailey, 1998have ma@ use of mathematical
modelling to increase process understanding and reduce development time and
experimental costs associated with it. However, the use of mathematical predictive
models is also used in natience sectors such as marketing and supplyincha
management (Hillier & Editor, 1999; Reijers, 2008)here business workfles are
analysed and optimized with the help of computational models. Hence, mathematical
modelling has proven to be a valuable tool and has become a vital part of research and

industry.

Regardless of the industry, when developing mathematical models $gst@m, it
is vital to have a good understanding of the system as well as be aware of the fact that a
mathematical model will always only be an approximation of the modelled system.
However, before developing a model it is necessary to define what thefute model

will be and what questions the model will have to ans\{sailey, 1998)

2.2.1 Modelling types

Already in 1970Fredrickson et al.(1970) described four different types of
mathematical models for biological systems which still hold up to datp(e2.8). These
four types of models can be divided int@a groups, the first being macroscopic models

and the second being microscopic models.

Macroscopic modelling distinguishes between segregated and unsegregated

models where segregated models discriminate between different cell types within a
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culture as oppeed to unsegregated models that treat a culture as a homogenous
conglomerate of cells. The cell cycle is characterized by four different phases, namely the
gap 1 phase (G1), DNA synthesis phase (S), gap 2 phase (G2), and finally the mitotic phase
(M). To omplete one cycle a mammalian cell needs somewhere between3Dhours
(Tziampazis & Sambanis, 1998¢lls are complex systems and not every cell is equally as
fast in passing through the cycle, therefore creating a heterogeneous cell culture
population. This can be accounted for in mathematiregdresentations of a population

being greatly beneficial but also increases complexity and therefore computational cost

of the model. This is an example of a segregated model, whergpaspblations of a
culture are accounted for based on their cell cycle.

Unstructured Structured
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©
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Figure2.8: Four major classifications of mathematical models for biological systems as introduced by

Fredrickson (1970Blue shading represents simpler models with the less computational demand versus red
representing more complex models with higher computational demand.

Microscopc modelling includes structured and unstructured models, where
structured models are superior because they incorporate more accurate assumptions
about the cellular compartmentalisation which separates biochemical reactions and
species from one another eiéin chemically or physical(@doli et al., 2004)However, the
different compartments of a structured model are linked with each other, the

environment stoichiometry, kinetics as well as transport rates (i.e. membrane transport)
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(Tziampazis & Sambanis, 199@ne of the pioneering works on structured mammalian
models was doa byWu et al.(1992)who created a structured singieell model for CHO
cells that predict growth under different substrate conditiofgucose, glutamine and

amino acids) as well as different process parameters such as pH.

Mathematical models for biological systems do not only vary in the way they are
segregated and/or structured but also whether they are stochastic or deterministic
models as well as static or dynamic. These discriminations are common for all types of
mathematical models. Stochastic models are characterised by the ability to account for
the unknown within an unpredictable system by incorporating a random source of
variation (white noise). Deterministic models have absolute no randomness involved for
any future states of the model, meaning with the same starting conditions the model will
£ gl &a NBGdzNYy GKS SEIFOG aly$S azftdziAzyod 58yl
over a predefined time frame and are usually described by sets of differential algebraic
equations (DAEs) which, by integration, calculate process variables (i.e. VCD, viability,
metabolite concentrations, exchange rates, etc.) over time and result in a time evolution
plot. Static models on the other hand, consist of a set of linear equations ahigt
represent a moment in time defined by its constraints. Static models are usually
computationally less demanding than dynamic models due to the simpler underlying

mathematical problen{Bailey, 1998)

2.2.2 Metabolic modelling

Several different ways of representing metabolic networks exist. The most
commonly employed representation of metabolic networks is the pathway
representation, which includes the metalitels as nodes of the network and the enzymes
as arrows connecting the various metabolites. The drawback of this representation is the
lack of interaction between different reactions and metabolites. Other representations
trying to address this issue incledhe graph theoretical representation, the reaction
interaction graph, the metabolite interaction graph, as well as the flux coupling graph. A
RSGIAft SR SELXFylLidAazy 2F SIOK 2F (kKSasS NBLINBA
Pathway EngineeringffaR 6 22 1Y Cdzy Rl YSy (I f §Smollke2000)K NA & G A vy |
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Another way of representing a metabolic network, which is less pictographic than
the aforementioned, is a stoichiometric matrix. The Stoichiometric matrix lists all the
metabolites included in a defined network in rows and all known reactions of the network
in columns. The matrix itself is filled with all the relevant stoichiometrgffeanents for
the metabolites corresponding to the reaction they participate in. Stoichiometric
information is usually not given in any of the earlier mentioned more pictographic

representations of a metabolic netwo(lorthet al., 2010)

Various methods exist, that model or simulate pathways and networks of cellular
processes such as signalling, gene regulation and metabolism. Depending on the choice
of method Pbr a network simulation, different levels of detail are employed which in
return affect the accuracy of the model and the amount of information that can be gained
from it. The different metabolic modelling techniques can be classified as three major
groups including (i) interactiorbased modelling which includes graphsed
representation of the network (static models), (ii) constraigised modelling which uses
a stoichiometric matrix (static models), and (iii) mechanistic models, which include kinetic
properties of the system as well as stoichiometric information (dynamic models)
(Stelling,2004) Constrairtbased and mechanistic modelling will besaissed in more
detail in the following section as these are relevant to this project. For more information

about interactionbased modelling refer t&oldin et al(2006)

2.2.2.1Kinetic modelling

Kinetic or dynamic models allow prediction of the culture behaviour over time.
There are countless reactions occurring with a cell during all stages of a culture whose
kinetics are cptured in dynamic models allowing simulation of this dynamic network over
a predefined period of time and is represented by a set of deferential algebraic equations

(DAEsjGombert& Nielsen2000)

al YYILfAlLY OStfta | NB KAIKfe O2YLX SE WYl OK

feeds. This makes it particularly difficult to model single cell dynamics. Incorporating all
known reactions in a dynamic model would result in numerous parametetsngned to
be estimated. A dynamic model of that size is not feasible to compute in a timely manner.

(Hu & Zeng, 2012)norder to overcome these limitations dynamic modelling makes use
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of several simplifications such as lumping reactions together in one reaction (e.g. the
metabolic path from Glucose to Lactate may be lumped together to one macro reaction),
nesting objectivdunctions, reduction of time scale (i.e. looking only at a smaller portion

of the process) and othe®olan & Lee, 2011)

Nolan & Le€2011)developed a kinetic model simulating CHO-bBadch processes
with an increased regulatory approach. The kinetic rate expressions for trezatiular
metabolic reactions were based on the extra cellular metabolite concentrations as well as
on temperature and redox dependant variables allowing for more realistisilico
behaviour of the culture. They were able to predict the impact of precesiables such
as temperature shift, nutrient concentrations, and specific productivity
(Nolan& Lee,2011) They conitued to explore the possibilities with the kinetic model
they have developed to investigate how cell modifications, i.e. gene kdoaks (eight
reactions were considered), and process modifications, i.e. parameters (temperature
shift, seeding density, et), affect the cultures behaviour, especially in regard to antibody
production(Nolan & Lee, 2012Gene knoclR2 6 ya 6 SNB RSTAY SR (2
simulating reduced enzyme expression. The results showed, that enzymes kstmsked
connected to the lactate metabolism resulted in the greatest increase in titre when

choosing the right settings of process parameters.

Recentlyillaverde et al(2016)build upon the findings dilolan & Le€2012)using
a compartmentalised largscale kinetic CHO model with a reduced number of
parameters utilising a meta parameter approach preseht previously
(Villaverdeet al., 2015) Instead of defining gene knodowns to have only 20% of the
maximumflux through a reaction, they massively increased the resolution of the solution
space by screening for all levels of flux reductions. In addition to identifying the optimal
degree of gene expression affecting the maximum output, the proposed method also
gives information about ideal ranges of metabolite concentrations. Another important
feature of the methodology used byillaverdeet al. (2016) is the multiobjective
optimization approach resulting in more than one optimal solution. This allows for

selecting a solution with the least changes to the original process.
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Kinetic metabolic models focell cultures, as shown in literature, can give great
process insights. However, kinetic models always require parameter estimation for
individual scenariogAlmquist et al., 2014increasing the work load significantly when
investigating cellular metabolism under different conditions. A research group in Canada
has further developed an already existing kinetic model for mAb producing CHO. They
developed a single set of parameters for thedel that allowed correct prediction of
cellular metabolism under multiple media conditiongRobitaille et al., 2015)
Additionally,the same set of parameters predicted culture performance in batch as well
as fedbatch mode. Such a system could be a key milestone towards using kinetic models
to identify different media compositions, metabolite concentrations and -ladich
strategies(Robitaille et al., 2015)

2.2.2.2Constrairtbased modelling

Stoichiometric modelling or steady adé modelling, as mentioned in the
transportation network example, is based on the principle of mass balance. This is
achieved by using a stoichiometric matriigure2.9) which imposes constraints on the
maximum and minimum flow of metabolites through the metabolic network. Additional
constraints can be given by defining upper and lower bounds on individual reactions
limiting maximum and minimum fluxes through that oti@n further. The combination of
mass balance and bound constraints define the rate at which a metabolite is consumed
or produced(Orth et al., 2016p ! v GWRBB2 SFQlzy OG A2y Q OFy (KSYy
mathematically the optimal fluxes, subject to the stoichiometric and bound constraints,
for each reaction contributing towards a set objective (e.g. biomass formation).
Mechanistic simulations on the other hanely on accurate kinetic data for all the
reactions within the network which are very tedious to measure and also hard to find in

literature (Raman & Chandra, 2009)
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Figure2.9: Stoichiometric matrix, S. The matrix consistsnahetabolites anch reactions resulting
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they take place in. Negative values for reactants, positive values for products, and zero if the metabolite
does not paricipate in the specified reaction.

The first step in stoichiometric modelling is the reconstruction of the metabolic
network (MNR). Reconstruction is a very labour intensive and time consuming task
including five major steps; (1) Draft reconstruction (eggnome sequencing and
annotation), (2) Refinement of reconstruction (e.g. reaction directionality and subsystem
information), (3) Conversion of construction into computable format (e.g. verifying
stoichiometric matrix), (4) Network evaluation (e.g. chenkss balance and blocked
reactions), (5) Data assembly and dissemination (e.g. adding gap inform@troale &
Palsson, 2010)Several protocols for MNR exist and one of the most recent ones was

published in 2010 byhiele & Palsso(2010)

The mass balance equation for a stoichiometric model with n reactions and m

metabolites in a general way is given bellow in vector notation:
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Qd .
where dX/dt is the mx i column vector of time derivatives of all intracellular
metabolites, §is the stoichiometric coefficient for th& imetabolite and' reaction and
A is the reaction rate of the"jreaction. This mass balance equation can be written in a

simplified version resulting in:

%‘;’ "y (Eq2.5)
where dX/dt represents the change of all internal metabolites over time, S the

O2YLX SGS ai2A0KA2YSGNRO YIGNRE yR A GKS

the intracellular metabolites follow pseudo steady state (PSS), the above equatjarb)

can be further simplified. When assuming PSS, the term dX/dt becomes negligible

compared to reaction term. The assumption of PSS has been confirmed in several

organisms(Nasution et al., 2006; Quek et al., 2010; Wu et al., 2@0®6) results in a

mathematically independent set of steady state equations:

YT (Eq2.6)

With the PSS assumption, the flux distribution solution falls within the null space of
S. Since biological systems generally have more reactions than metabolites) (e
system is undedetermined and yields more than one solution, ergo miquie solution
to the problem can be found. In order to solve the system of linear equations, biological
relevant constraints need to be put in place. There are several types of constraints that
can be incorporated in a genorseale model including (i) phlip-chemical constraints,
(i) spatial or topological constraints, (iii) condition dependant environmental constraint,

and (iv) regulatory constrain{®rice et al., 2004a)

Several ways of solving the system of linear equations exist where two categories
include Metabolic Flux Analysis (MFA) and Flux Balance AnalyAis [HBA includes
measurement of internal metabolic fluxes which are then included in a separate reaction
rate vector. This results in a measureable reaction rate vector and an unmeasurable

reaction rate vector, where the solution of flux distribution issbd on the measured
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reaction rate vector. In order to do this isotopic tracii@@ek et al., 2010is used such as
13C labelling of metaboliteZamboni et al., 2009)

FBA ha been widely employed as a modelling t@@ark et al., 2009nd makes use
of linear programming (LP) to obtain a solution based on an assigned or assumed objective

function. A general objective function can be expressed as follows:

® W’ (Eq2.7)

where c represents a weighted vector with coefficients for all the fluxes contributing
to the objective function. FBA works under the assumption that the cell, over years of
evolution has configured its metabsin in a way that optimizes a certain aspect of its
behaviour, like maximizing growth, product formation or energetic efficiency. In the
context of constraint based modelling, commonly used objective functions include
maximizing biomass, ATP and produetd/(Blazeck & Alper, 2010laximizing biomass
with the help of FBA has been successfully performed by several groups ipast
(Schuetz et al., 2007; Varma & Palsson, 19Pd¢ general expression for a FBA problem

goes as follows:

a ‘i A dd
&8 "Y' m (Eq2.8)

where the flux rates are limited/constraint by the uppe¥) and lower {) bounds
for each flux. In the case of biomass the objective function is si@mpWiomass The next
and last step is to perform LP to identify a flux distribution that maximizes or minimizes
the set objective function. In the case of the biomass obyectiinction, maximizing would
make the most sense. An overview of all the steps involved of FBA as discussed above can
be viewed inFigure2.10). The biomass reactios a stoichiometrically balanced reaction
that includes all precursors involved in biomass formation as well as sevefattoos
such as NADPH and A(Reist et al., 2009nd needs to be determined for different cell
types individually. This is crucial for corractsilicoanalysis and can vary significantly

between different mammalian cell lineiSelvarasu et al., 2012With an objective
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function setas well as several constraints to the model the system of algebraic equations

can be solved.
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Figure 2.10: Overview of steps involved in FBA. (a) Reconstruction of metabolic network. (b)
Representation of reactions and metabolites in stoichiometric matrix S. Each row represents a metabolite
FyR SIFOK O2fdzry NBLINBaASydGa | NBI Ol A0y(d dedirion ot & S dzR 2
objective function with c representingave@ NJ 2 F ¢gSAIKGSR O2y iNRodziAzya 27F
fluxes that maximize the objective function within the given constrai@sh et al., 201Q)

2.2.2.3Application of constraidbased modelling

Constraintbased modelling is a powerful tool that can be used to optimize industrial

bioprocesses, identify drug targets or improve annotations of genafiiasffman et al.,
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2003; Raman & Chandra, 2009; Woolston et al., 20b3)rder to optimize a bioprocess
ASOSNIf LI NFYYSGSNBR OFYy 06S @OFNASR GKIFG FFFSC

parameters and media composition.

The effect of different carbon sources on the metabolic efficiency is a commonly
studied subject in order to increase culture efficiency. Testing different media
compositionsin silicobefore performing anyn vivowork is a great way to minimize lab
work and raw material costs. In order to develop a chemically defined media for
Mannheimia succiniciproduce8®ng et al(2008)introduced a new methodology making
use of genomenodel reconstruction and FBA where they identified essential media
components and could validate thdindings experimentally. Another example of such a
study was conducted bZovet & Palsson2002) where different carbon sources were

testedin silicousing FBA to identify their effect on the metabolic flux distributioR.icoli

Working on mammalian celéang et al(2009)have discussed how rational media
design with the help of computational modelling can be supet@oempirically or even
statistically designed experimentation. Using constrdiased modelling they tried to
optimize amino acid and hormone supplementation of their culture media which revealed
that their model may be missing alternate metabolic routhse to in silicodata not
matching their experimental outcomes. In a follaw study they found out that the AA
transport plays a vital role in the cellular metabolism of thHe&patocyte culture. The
same model with additional constraintgas able to cajure the transport limitations of
their system, where increased glutamine concentrations inhibited the uptake of Alanine
and SerindYanget al.,2010) Xing et al. (20119howed that using metabolic flux analysis
could improve media composition to an extent, where their CHO cell culture increased in
peak viable cell density (VCD) by 55%hweit27% increase of product formatiohhese
studies and many other@Omasa et al., 2AD; Xie & Wang, 1994; Xie & Wang, 1996;
Xie& Wang,1994) show that constrairbased modelling is a great tool for media

development and process optimization in general.

For a long time computational studies on CHO cell metabolism were either done
using kinetic metabolic models(Ghorbaniaghdam et al.,, 2013; Ning, 2013;

Nolan& Lee,2011) central carbon metabolism mode($varsson et al., 2015; McAtee
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Pereira et al., 201&amorano et al., 2010pr genomescale models derived from the
mouse genomgSelvaraset al., 2012) With the more or less recent sequencing of the
CHO genomélLewiset al., 2013; Xu et al., 2011h)e reconstruction of a CHO genome
scale metabolic model from scratch was made possible. Following the sequencing the
latest genomescale metabolic model available for CHO cells was published if&2é16

et al., 2016) This metabolic network reconstruction for CHO cells was shown toatetur
predict distinct phenotypes including growth, productivity and particular metabolic

features(Hefziet al., 2016)

Well annotated genomescale models enable powerful and cestectivein silico
analysis suchs the effect of geneleletion on a studied metabolic network. A knealt
experiment, which is usually quite expensive both in terms of time and manpower, can be
simulated in silico in a few seconds by limiting the corresponding enzyme catalysed
reactionto a O flux. Gene essentiality has been studied in yea®dyp et al(2004)
revealing that only about 20% of the genes within the organism are essential for it to grow
under laboratory conditions. Howeven silicogene deletion can also be used to find
those that are essential which allows identifying targets for narglbiotics. This is an
important and valuable feature as multi resistant bacterial strains have become a more
and more emerging problem, especially in hospif@ennesen et al., 1998This issue
was addressed by a group which reconstructed a metabolic network of -druli
resistantS. aureusThey identified 10 enzyme pairs which are essential for its growth,

some of which have not been kwo to be crucial to its growth befor@.eeet al.,2009)

Metabolic engineering was defined IBtephanopoulos et a(1998)I a tie dérect
improvement of product formation or cellular properties through the modification of
specific biochemical reaction(s) or the introduction of new one(s) with the use of
recombinant DNA &hnologg ® { 0 SLIKI y21LJ2dz 2a | yR €calé f S| 3dz
modelling and FBA to pursue a systematic approach to improve the performance and yield
of lysineproducing C. glutamicum They identified two key enzymes that when
overexpressed resulted in pnoved product yield and productivitiKoffas et al., 2003;

Koffas & Stephanopoulo2005) Revealing metabolic potential of cellular organisms
through the application of flux balance analysis was performetl loizO K ét &1.12D08)

Metabolic reconstruction, subsequent computational analysis and experimental
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validation of Pseudomonas putidaevealed the metabolic potential of this organism
specificallyin regard tathe polyhydroxualkanoate production. Bhwork is another great

example of the powerful information that can be gained through FBA.

A key underlying assumption of FBA is that the system is under psteddy state
conditions (dx/dt=0). Therefore several FBA analyses at different time poifrdscalture
can reveal metabolic changes due to environmental change which was studied by
Martinezet al. (2013) with a CHO cell line investigating the lactate shift discussed
previously. The effect of different process parameters such as pH on the metabolic state
of a hybridoma cell line was studied lmarsson et a2015)and revealed different lactate

production/consumption behaviour before and after the pH shift.

2.2.2.4Variants oFBA

Over the years a lot of modifications have been made to the conventional FBA
approach including but not limited to regulatory FBA(rFB29vert & Palsson, 20Q2)
steady state regulatory FBA (BRA) (Shlomi et al., 2007)dynamic FBA (dFBA)
(Mahadevan et al.,, 2002) loopless FBA (FBA) (Schellenbergeetal., 2011)
comprehensive polyhedra enumeration FBA (GBBE)(Kelk et al., 2012)FBA with
molecular crowding (FBAWM@Beg et al., 2007)integrated FBA (iFBALovert et al.,
2008) integrated dynamic FBA (idFRRgeet al., 2008) parsimonious enzyme usage FBA
(pFBA)Lewis et al., 2010and thermodynamicdased FBA (tFB&enry et al., 2007)As
discussed above, flux balance analysis is purely based on mass consethatigfore, it
does not take chemical potentials or metabolite concentrations associated with steady
state fluxes into account. Therdctionality of biochemical reactions vivois dependent
on thermodynamic constraints. FBA accounts for such constraints implicitly by
determining if a reaction is reversible or not. The inclusion of thermodynamic constraints
to FBA opens up a much mamalisticin silicometabolic network analysis and therefore
leads to a decreased FBA solution spéidenry et al.2007; Soh et al. 2012; Soh &
Hatzimanikatis 2010)The incorporation of thermodynamic constraints does not require
a system to havead hocassigned reaction directionality which is one less source of error

during metabolic network reconstruction and opgeup a way towards new undiscovered
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network solutions that would have not been found with fixed reaction directionality
(Sohet al., 2012)

An example for incorporating thermodynamic constraints aslas metabolite
concentrations was performed bgoh et al.(2012) Initially they performed FVA on a
reduced yeasggenome scale model without any thermodynamic constraints and no prior
assumptions ofeaction directionalities. The results revealed that the model was under
constraint leading to infeasible solutions where @@d ATP were recycled to generate
additional biomass. After imposing thermodynamic constraints on the reaction network,
flux distibution ranges could be reduced significantly leading to results that reflect reality

better.

¢tKS OKFIy3aS Ay DAOGOQA& FTNBS SySNHe& Oly
temperature (1), ionic strengthlj, and intracellular (pilas well as extracellular (pHoH.
AngelesMartinez & Theodoropoulos(2016) have tested the influence of these
parameters on the flux distribution oActinobacillus succinogenasd found out that
ionic strength as well as temperature affected flux distributions compared to standard
conditions. This research showed the importance of the intracellular environment on

thermodynamically feasible flux distributions.

Inclusion of thermodynamic constrastprovides a much more realistic silico
behaviour of metabolic networks, and therefore produces higher quality output data. As
discussed bysoh et al(2012)further inclusion of other constraintsuch as regulatory
constraints, will increase predictability of complex metabolic networks and decrease the
flux distribution space. The less underdetermined a system is the more accurate
predictions it will give, up until a point where a unique solutian e found. While tFBA
sounds great in theory, it is almost infeasible to use with ever increasing size of genome
scale metabolic models. The computational cost of tFBA is currently too high

(Lularevieet al., 2019)
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CHAPTER 3

Improving the accuracyof flux balanceanalysis
through the implementation ofcarbon availability

constraints forintracellular reactions

In order to investigate the switch in lactate metabolism of industrial Chinese
hamsterovary cells (CHO) it is proposed to use metabolic network modelling. Metabolic
modelling, especially genorrecale metabolic modelling, requires sophisticated analysis
tools that maximize information gained from the model but at the same time need to be
computationally costeffective. Anew algorithmwas developedhat reduces the feasible
solution space of constraifiased metabolic networks, which is in turn based on carbon
availability. The carbon constraining algorithm was compared against intracdllutar
measurements using the latest Chinese hamster ovary (CHO) geswatee model.
Additionally, results were compared against traditional flux variability analysis (FVA)
evaluating reduction in the feasible solution space, accuracy in reaction diredtyonal

prediction and computational cost.

3.1. Introduction

Genomescale metabolic network models (GEMs) have been successfully used to
assign functionality to annotated genome sequences by providing the context of how the
biochemical components of the cell intat on a molecular basis &dfectthe emergent
cell phenotype. The gamut of biochemical reactions catalysed by the enzymes identified
in an annotated genome sequence form the basis of a metabolic network, which can be
further refined by incorporating othrecomics data such as transcriptomics, proteomics
and/or metabolomicg§Opdam et al.2017; Ramon et al., 2018y assuming that the cell
operates in a pseudsteady state, that is, there is no net metabolite production or

consumption of intracellular metabolites, a series of mass balance constraints can be
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introduced and a linear pgramming (LP) problem can be formulateBonariuset al.,

1997; Amit Varma & Palsson, 1994)his can be solved to quantify the distribution of
carbon, energy and metabolic resources across the entire network for a given set of
physiological conditions, commonly defined through metabolite uptake and secretion
rates (Orth et al., 201Q0)A variety of methods to augment and refine the resulting flux
distributions through the incorporation of several types of biological agtigdta have
been proposedBeg et al., 2007; Covert & Palsson, 2002; Henry et al., 2006; S&bchez
al., 2017)

Since the stoichiometry of biochemical reactions is ssthblished and widely
availablein curated public databases, GEMs can be used as an accurate representation of
the metabolic capabilities of a particular organigkelk et al., 2012)Constrairtbased
modelling has been successfully used to guide metabolic engineering strategies
(Mishraetal.,, 2018) identify novel genes as antimicrobial drudargets
(Miendaet al., 2018) predict cellular phenotypedRamirez et al., 201,/analyse biological
networks (Selvaraset al., 2012) and study evolutionary processe
(McCloskewt al.,2013; Pal et al., 200@cros more than 30 different organisni€ook &
Nielsen, 2017; Duarte et al., 2007; Duarte & Herrg, 2004; Feist et al., 2007; Forster et al.,
2003; Hefzi et al., 2016; Reed et al., 2003; Selvatall, 2012)

Flux Balance Analysis (FB#&yuably the most prevalent constraibased method,
assumes the existence of an overarching metabolic objective, such as the maximization of
biomass or of some metabolic product of inter¢Sthuetz et al., 200,7)esulting in a LP
optimization problem. Information about the physiological state of the cell, under the
conditions examined, is required in the form of uptake or secretion rates (alsoeefto
as fluxes) gy for extracellular metabolites and the biomass growth rate. These are
introduced through the uppent®) and lower {*) bound constraints for the respective
exchange fluxes, where/{ ' vP) to account for experimental uncertait Additional
information for the flux of intracellular reactions, if available, either through experimental
data or relevant scientific literature, can be similarly integrated through the bound
constraints of the respective reactions. The remaining, ugkgo NB | O A)2ase T f dzE S
typically constrained to arbitrarily large numerical valuesainn i X mnnn

mmolgDCW! h'1) (Kelk et al., 2012)Originally, these arbitrarily large bods were
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network connectivity and identify reactions carrying no flux. Since then it has extensively
propagated in the scientific literature as a means to ensure th&t tha G NHzS ¢ ¥ dzE &
the cell is contained in the solution space. While factually the above statement is correct,

the large numerical values commonly used are several orders of magnitude away from

any physiologically observable flux and unnecessarilytedithe solution space with

physiologically meaningless flux distributions.

Each reaction in the network for whick™(r' w°) introduces additional degrees of
freedom. Coupled with the high interconnectivity of metabolic networks and the limited
number of reactions for which an exact flux value is known, this leads to a severely
underdetermined LP problem. The result is numerous alternative internal flux
distributions that satisfy the model's constraints and can achieve the same optimum (Orth
et al., 2010;Lee et al., 2006; Soh et al., 2012). Consequently, a unique solution of the
optimization problem carries little value. Instead, the range of permissible flux values
through a particular reactionR;), under a given set of physiological conditions, can b
studied either through Flux Variability Analysis (F{Mahadevan & Sulling, 2003)
and/or through MonteCarlo sampling of the solution space(Price,

Schellenbergeret al., 2004)

As metabolic networks increase in size, the underlying linear programming problem
becomes progressively more underdetermined which increases uncertainty in predicting
an exact intracellular state relevant to the studied physiology. Reaction fluxes are likely to
be overestimated and, particularly for networks with arbitrarily large boaadstraints,
futile cyclesand internal loopemerge in the majority of the reported flux distributions.
Futile cyclesalso referred to as Type Il extreme pathwéysceet al.,2002) consist of a
series of reactions that operate in a cycle, witttentially unrealistically large flux values
that allow them to generate metabolic resources at no dast contain exchange fluxes)
TheseType Il extreme pathwaysan cause problems undéro circumstances; (i) if they
are linked to electron transfer between different electron carrier pools and (ii) if they are
able to generate ATP or other currency metabolit@daranas& Zomorrodi, 2016)
Internal loops on the other hand, also referred to as Type tteae pathways, are self

contained internal cycles which may also contain unrealistically large and
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thermodynamically infeasible fluxes but are not linked to any exchange fluxes, therefore
not generating or draining any currency metaboli{€sice et al., 2002l heseextreme
pathwayslead to a large amoustof physiologically meaningless flux distributions, which
O2yFT2dzyRa GKS RSOSNN¥AYIFIGA2Y 2F GKS aiNHS¢
proposed to tackle this problem, including: (i) identifioatand removal of internal loops

(Chan et al.,, 2018; Saa & Nielsen, 2016; Schellenberger, Lewis, et al., @)11)
identification and removal of energy generating loofsitzemeier et al., 2017iii)
reduction of the permissible flux ranges tlugh the introduction of additional constraints
based on thermodynamic properti€blenry et al., 2006)molecular crowdingBeg et al.,

2007)or enzyme availabilitySancheet al., 2017)

While some of the proposed methods significantly increase the accuracy of FBA
predictions(Henry et al., 2007they either require the problem to be reformulated as a
mixed integer linear programming problem (MI(Rgnry et al., 200Baa & Nielsen, 2016
Schellenbergeet al., 2011)r introduce a series of consiints that require information
from aspects of cellular physiology that are difficult to quantify experimen(Biyg et al.,
2007; Sancheetal.,2017) In the absence of the required delicate intracellular
measurements, researchers have to rely either on heuristic assumptions or on literature
derived data. On the other hand, MILP problems scale poorly with dimension, making
their application in the caext of large-scaleGEMs computationally expensive. Herein we
propose a new method for refining the flux ranges reported by FVA that is
computationally efficient, relies on existing experimental data or assumptions and is able
to systematically reduce fluxariability &) to physiologically meaningful values. The
method is based on the elemental balance of carbon throughout the network and ensures
reported flux values are consistent with the amount of carbon being taken up or secreted
(Zarecki et al., 2014yVhile the proposed method does not explicitly resolve internal loops
or futile cycles, it does limit the permissible flux through reactions that participate in such
loops and therefore substantiallgduces their overall impact. Carbon Constrained FBA
(ccFBA) can be used as a statmhe method or to compliment any of thabove

mentionedmethods.
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3.2. Aim and Objectives

The overall aim of this chapter is to develop a computationally fastedficient
algorithm that allows to constrain the underdetermined solution space of genscade
metabolic models based on the total carbon made available to the model. The developed
algorithm is validated using experimental CHO cell culture data for erttantracellular

rates available in literature. The following objectives were set:

1 Determining feasibility to constrain genorseale metabolic models based on
experimentally measurements uptake and secretion rates.

1 Evaluation of the reduction in the solah space from the carbon constrained
flux variability analysis (ccFVA) compared to commonly used FVA analysis.

9 Validation of algorithm using independently generated experimental data
found in literature. Data sets need to include main uptake and secretitas
and intracellular flux measurements for validation of algorithm.

1 Evaluation of quality difference between FVA and ccFVA sampled solution
spaceregardingreaction directionality predictability.

1 Comparison of developed algorithm to other currently dafale methods
reducing the flux space to a more physiologically meaningful size. Comparison

is maderegardingreduction of the solution space and computational cost.

3.3. Material and Methods

All simulations were performed using Matlab (R2016a) (Mathworks,icKat
Massachusetts, U3Aand the algorithms included in the COBRA Toolbox v2.0
(Schellenberger et al., 2011)P optimization problems were solved using thedBu

solver(Gurobi Optimization, 2016)

3.3.1 Genomescale model and experimental data

The latest metabolic network reconstruction for CHO ciisfzi et al., 2016jas
used in the present work in order to ensure (a) a veellated large scale GEM and (b) the
existence of multiple, diverse experimehtdatasets to use for validation. TReHO1766
was preprocessed to eliminate deaeind metabolites from the network ensuring

complete functionality remained in terms of maximum biomass production, maximum
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product formation and oxygen dependence. Reactioostaining deaeend metabolites

are incapable of carrying flux under any imposed constraints. The removal of these
reactions does not have any impact on the predicted flux patterns or general behavior of
the model (Thiele& Palsson2010) In addition, an exchange reaction and the
corresponding intracellular transport reaction for ethanolamine were idtrced

O WS rkI B SQ Tf B (i K li(YoslkeOKFFazier, 198@) the network. The final
metabolic network, after curation, contained 4642 reactions (excluding 595 exchange
reactions) involving 2816 metabolit€$571 unique metabolitesymportant to mention

is that the iCHO1766 model contains all metabolic reactions encoded in the Chinese
hamster genome, hence it is referred to as genome scale model. However, depending on
the tissue, i.e. the type of cell, nollgenes are expressed leading to different specialised
metabolic capabilitiesThis differentiation has not been taken into account for the
network analysis due to a lack of gene expression data. While publiailable datasets
may be used to derive tsle specific metabolic mode(Ruppet al.,2014) expression
profiles, esen within the same tissue group (in this case ovary tissue), may vary

significantly depending on process conditig8shaub et al., 2010)

Datasets containing uptake, secretion and intracellular flux rates for central carbon
metabolism (Glycolysis, Tricarboxylic Acid Cycle (TCA) and Pentose Phosphate Pathway
(PPP) ) were reeved from literature(Ahn& Antoniewicz, 2011; McAtee Pereira et al.,
2018; Templetoret al.,2017) and used to validate the predictions of the proposed
algorithm {Table3.2). In cases where experimentally measured fluxes corresponded to
more than me reaction iniCHO1766, average FVA or sample means were used for

comparison Table3.1 and Appendix | section 1)2

Table3.1: Example for reported experimental flux corresponding to multiple reactions within the
iCHO1766 model.

Enzyme Reaction iCHO17661D iCHO1766 Reactions
1) 'atp_c+f6p c>h _c+adp_c+fdp_c'
PFK Cct M 51!t 2462;1716 2) 'fdp_c <=>dhap_c+g3p c'

The validation process involvedtegrating experimental data of secretion/uptake
ratesthrough the appropriate constrain@snd comparing the resulting intracellular fluxes
with the corresponding experimental values from each datasetomprehensive list of
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the upper and lower bound values used to constrain exchange reactions for each
experimental datasetan be found irthe Appendix I(section 1.9. In the absence of
explicit experimental information, generalized uppand lower boundsallowing only
secretion fi  kK;)KA mwenelused for all remaining exchange reactiomgracellular

reactions wergourposefullyleft unconstrained, i.e. the limits were set to arbitrarily large

valuessMn na ;XRKmnnne XKNaamnid +F OO0O2NRAYy3I (G2 GKSANI NB
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Table3.2: Process information on experimental daiaed in this study. Further information can be
found in the respective original publicatians

Code Media Cell Culture type Culture Source
type phase
CM Sanofi ifhose chemically
defined CHO cell growth
media
LA Adjusted _CM media with  mAb _ Batch culture in Exponential McAt_ee
changes in 5 AA producing rowth phase Pereira et al.,
concentrations CHO cells 250 mL Shakeflasks 9 P 2018
LAp Same composition as LA
except suplimented with
4mM Ammonia as control
EXP Exponential
DMEM + 10% FBS + 1% CHOK1  Fedbatchin growth phase ﬁht” &
L ) ntoniewicz,
STAT  Penicilligstreptomycin cells T-25 flasks Stationary 2011
phase
FB Broori hemicall 0G1 Fedbatch in 3L glass
roprietary chemically g bioreactor )
~ defined CHO cell media  producing o Stationary Templeton et
PF and feeds GSCHO  Perfusionin 3L glass ~ Phase al,, 2017

bioreactor with ATF

3.3.2 Flux Balance Analysis

Constraintbased methods, such as FBA, represent the gamut of biochemical and
transport reactions known to occur in a particular type of cells in the form of a
stoichiometric matriXSof size (n x n). Every row ifn) of Srepresents a unique compound,
while every columnr) represents a single reaction. Consequently, edement(s;) of S
containsthe stoichiometric coefficient of thé&" metabolite in thej" reaction. The flux
through all ) reactions is represented by the (n x 1) veatoAssuming the existence of
a steadystate, that is the total amount of any compound being produced is equal to the
total amount being consumed, a mass balance across the entire metabolic network yields

(Orthet al.,2010)

YO T (Eg3.1)

The system of algebraic equations defined by equaBidns underdetermined and
therefore a unique solution cannot be found. FBA assumes that cells configure their

metabolism in a manner that seeks to optimize a particular objective, such as the
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maximizaton of biomass or AT@Blazeck & Alper, 2010Jherefore, the problem can be

formulated as a linear programming (LP) op#ation problem:

a'Cl A (Ea3.2)
g8 YO T (Eq3.3)
! o (Eq3.4)

wherez corresponds to the flux or sum of fluxes being optimized subject to mass balance
constraints (equatiorEq3.3) and set of inequality constraints (equati&y3.4). In the
present study, maximizatioof biomasswvas used athe objective functionz = Nviomasy-

The set of inequality constraints described by equatigq3.4 is used to constraiflux
valuesbetweenandzLJLIS™J 6 ¥ R ") BYn& NJ 0O A

3.3.3 Calculating reaction flexibility

Despite the reformulation into an LP problem, the system is still underdetermined
and the calculated flux distributios is never a unique solution to the problem.
Therefore, unique solutions rarely hold much value in FBA problems. Instead, Flux

Variability Analysis (FVAMahadevan & Schilling, 2008) Monte-Carlo samplig of the

null space (Schellenberger & Palsson, 2000)NB dza SR (G2 S@F t dzZt S

performance under a given set of physiological conditions. The concept of reaction
flexibility introdueed in previous work(Kiparissides & Hatzimanikatis, 201&n be
adapted as a means tquantify uncertainty in determining an exact metabolic state
through the permissible flux range (Fv) for each reaction in the network as shown in

equation3.5.

Oy U v (Eg3.5)
For a metabolic network containing)(reactions, thdotal flux variability across the

entire network can be defined as:

o) 0 0 (Eq3.6)
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3.3.4 Carbon Constrained FBA (ccFBA)

The problem of FBA solutions containing very high flux values, well outside the
physiological range, can be largely be attributed to: (a) the existence of redundancy and
plasticity in cellular metabolisn{Guell et al.,, 2014; Mahadevan & Lovley, 2008;
Min et al.,2011) (b) the use of arbitrarily large bounds for intracellular fluxes allowing
orders of magnitde more carbon to cycle through the network than what is available to
the cell through its environment and (c) a lack of physiological constraints such as
additional intracellular flux measurements. The latter is illustrated in the example
network shown inFigure3.1 a below. In reality, fluxes5-48 would involve multiple
substrates and potentially efactor pairs such as ATP/ADP or NNNIADH which could
lead toexcessive generation of energy and redox potential, as fluesd) would form
a type lll extreme pathway. This problematic behaviour is further exacerbated by the fact
that large GEMs contain a number of extracellular reactions that are allowed to impor
export or extracellularly convert metabolites into other chemical species. ccFBA attempts
to resolve the issues outlined above, by constraining the permissible flux through
intracellular reactions based on the amount of carbon taken up by the cell uhder
studied physiological conditiongFiQure 3.1 b). In the carborconstrained example
network, fluxesd5-u8 are constrained based on the maximum carbon taken up seghpl
through &1 (Figure3.1 b). While at its core, ccFBA imposes constraints based on the
elemental balance of carbon on a constrab@sed model, several aspects of okt

metabolism need to be taken into account and are elaborated in the following section.

81



( v2 v3 ) ( v2 v3 )
®T—=0—0—>00— OT—=0—® —0—
v5 v8 V5 v8
(1000), (990) (20) Q (10)

VB\ / v7 v6 \ / v7
(1000) o (990) (20) (10}

Qracellular “Intracellular /
space’ [ w0 / \spate [ w0
l' (10) ‘l (10)

Figure 3.1: Examplenetwork illustrating a conventionally constraint network (a) and a carbon
constraint network ). The arrow thickness is not to scale and is only for visual accentuation of the
differences in flux magnitude.

ccFBA requires all sources of carbon uptake and their detailed chemical formulae to
be known and an appropriately constrained FBA model. Toere availability of
experimental measurements for major carbon sources (e.g. glucose, glycerol, etc.) in the
form of uptake and secretion rates need to be provided. In the absence of experimental
measurements for some carbon uptake rates, relevant vaiues literature can be used.
In addition, detailed knowledge of culture media composition is necessary in order to
determine compounds available for uptake and compounds completely absent from the
simulated experiment or condition. Below we present anmi@wv of the basic concept
of the proposed methodology using a simple example before presenting the entire
algorithm in detail. Let us consider the case of a reversible reaction involving two

substrates, two products and a-¢actor pair R31):

p’@ pb pUl OO pdOOPO plodo0OO (R31)

Using the chemical formula for each of the involved species this can be written as:

60060 0 6 OGUG 0w 6O6 0 O 6 006U O (R32)

Let us further assume that the total amount of carbon taken up by the Ceih(is
equal to 9mmolcgDCW! h't. In this particular reaction, NARnd NADH act as dactor
pair and consequently their carbon atoms do not immediately participate (i.e. are

exchanged or cleaved) in the reaction. Hencefamor pairs such as NADADH, should

82



not be considered when estimating the permissible carbon flux through biochemical
reactions. Without loss of generality, we can apply the same rationale to the most
commonly met cefactor pairs in metabolic networks. Consequently, excluding the co
factor pair, only 3 carbon atoms ¢N 3) are being exchanged in reacti®B1. Therefore,
taking into consideration the total amount of carbon being taken up by the Cellr€
9 mmolcgDCW! ht) and the inherent assumption of FBA for the existence of a metabolic
pseudasteady state, the maximum carbon flux through the reacti®812) can be
estimated as:
0 .
0 5~ 06 a¢WO6 00 (E03.7)

EquationEQq3.7, provides a hard upper bound on the p@ssible flux througir31,
based on the amount of carbon cycling through the metabolic nekw@dsR31 is
bidirectional, the resulting bound constraints can be written as
(ol TTRDO6WQ 0 ol | 1T7Q06 wQ ). This approach can be extended

to the entire metabolic network; the steps of the ccFBA algorithm are detailed below:

1. IdentificaiA 2y 2F | £t $reactikrs yoAtSnedithIFBARGEHER Yy Q

These are reactions in the general form:

& a0 (Eq3.8)

Whereda is the extracellular concentration of metabolitg andv  isthe

flux through exchange reactiof).(

2. Exchange reactions containing carbon need to be split based on directionality
(uptake or seretion). Theupper (*°) and lower ¥?) bounds of exchange

reactions involving carbon containing metabolites that are present in the

culture media h ) should be adjusted to allow uptalend secretion

o " 0" 0" wheed " meE@ " m (EqR9)

Similarly, the bounds for exchange reactions involviegrbon containing

h

metabolites absent from the culture media ) should be adjusted to

allow only secretion:
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o " 0" v ™ whered " m (Eg3.10)

3. Available experimental data for uptake and secretion rates are integrated in
the model by adjusting the bounds of the appropriate exchange reaction
constraints Variability in the reported experimental values should be reflected
in the set upper and lowdbounds so that all experimental values fall within
the bounds If the available experimental data does not contain values for all
exchange reactions set as uptakes, relevant values should be sourced from
literature. If such values are not available for ddions similar to the
physiology being studied, the lower bound should be set to allow, at most, a
carbon uptake rate equal to the highest experimentally measured carbon

uptake rate (usually a primary substrate such as glucose). This can be

calculated as:

5

. (Eq3.11)
0]

where0 is the unknown lower bound of the exchange reaction we wish to
calculate,0 is the lower bound of the exchange reaction carrying the
highest amount of carbonj is the number of carbon atoms participating

in the highest carbon uptake and is the number of carbon atoms

participating in the unknown uptake we wist calculate.

4. The total carbon consume{oy is calculatedhrough thesum ofproducts of
each uptakeate (0 h ) multipliedwith the number of carbon atoms present
in thetakenup metabolite (0 ).

M

6 o "o (Eg3.12)

Only the lower bound is considered in the calculatiorCafrto ensure that

the maximum feasible amount of taken up carbon is estimated.

5. Themaximum allowable flux0 ) through each intracellular reactiof) can
be calculated based on the total amount of carbon availablejGnd the

number of carbon atoms participating in each reaction ).
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. 0
V) 5 (Eq3.13)

Consequently, unidirectional intracellular reactions can be constrained
between [0,0 ], while bidirectional intracellular reactions can be constrained
between [ U , 0 ]. It is important to note, that when calculating ()
substrates that do not participate in the reaction through their carbon atoms,
such as cdactors, should be excluded from the calculation. This includes
currency metabolites such as NANADH, NADPNADPH, FAD/FADH2,
ATP/ADFAMP but also coenzyme A, cytochromesdaquinones. The
algorithm (available on githulittps://github.com/usMiggs/ccEB)faccounts

for the most common nofrtarbon contributing metabolites but a user defined
list can be additionally provided\ppendx | section 1.4 Furthermore, some
metabolic reconstructions include generalizedgfups, particularly as part of
lipid metabolism, which can contain a variable amount of carbon atoms. In
such cases, the lowest possible number of carbon atoms is usedrfwre
conservative constraining approact\gpendix | section 1)5 When the
number of carbon atoms @) cannot be defined either due to missing
chemical formulae or in the case of inorganic reactions, the bounds should be

left at their defaultvalue.

Finally,the model is tested for solvability with the given constraints and compared

to experimental rates (e.g. growth rate) if available. If a feasible solution cannot be found

with the bounds imposed by ccFBA, the bounds can be uniformly relaxeuroducing

an incremental, percentage increase of the total amount of carbon available to the model

©

) until a feasible solution is achievédppendix | section 1)1Optionally, a ccFVA

can be performed which may lead to a further reduction@f (Appendix | section B).

It is recommended to compare the amount of carbon being taken up through the set

exchange rates against the amount of carbon being secreted through the respective

exchange rates (carbon closure). This enables an aecapproximation of unmeasured

secretion rates (e.g. G mammalian cell culture) but also may identify unknown carbon

sources or inconsistencies in the experimental data.
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3.4. Resultsand Discussion

A series of studies that report experimentally measuredi@alfor both extracellular
(uptake/secretion) and intracellular fluxes were used to evaluate the performance of
ccFBATempleton et al. 201,McAtee Pereira et al. 201&ndAhn & Antoniewicz 20)1
The curatedCHO1766 model was constrained to reflect each experimental dataset using
the reported values for extracellular reactions only and the ability of ccFBA/ccFVA to
predict intracellular fluxes was compared to that of traditional FBA/FVA. Rates for all
major cabon sources and sinks such as glucose, lactate, amino acids, biomass and product
formation were constrained based on experimental data while all other metabolite
exchange rates were constrained to allow only secretion. After imposing the constraints
on exchange fluxes, all experimental datasets were tested for solvability without carbon
constraining as well as their ability to predict biomass and product yields (solving for
maximum biomass or product yield without imposing upper bound constraints on them).
Predictions of biomass and product formation were generally very close (e.g.
experimentally determined growth rate[0.0168¢ 0.0238h ], FBA value = 0.0284) to or
even within the experimentally measured values (e.g. experimentally determined growth
rate = [0.0150¢ 0.0213 h'], FBA value = 0.0198). However, the wide flux rang@s (
reported for intracellular reactions, limit our ability to draw any conclusions regarding the

underlying metabolic phenotype.

3.4.1 Flux variability with (ccFVA) and withdaFVA)carbonbasedconstraints

A total of seven experimental datasets, corresponding to seven distinct sets of
culture conditions Table 3.2) were onsidered. Compared to traditional FVA, ccFVA
reported a lower flux variabilityH) for 58%t 7% of the reactions ilCHO1766 across all
7 experimental datasets. This result compares well with the value reported by Sanchez et
al. using the GECKO method¥6 of the reactions showed reduced flux variability)
(Sanchez et al., 2017Furthermore, ccFVA led to a significant reduction in total flux
variability ("O , Equation3.6) with the extent of reduction being dependent on two
factors: (i) the arbitrary value used to constrain intracellular fluxes and (ii) the total
amount of carbon consumed by the celr¢). According to common FBA practice,

arbitrarily large bounds areapplied to unknown intracellular fluxes constraining
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bidirectional reactions between-1000, 1000] mmofjDCWh? and unidirectional
reactions between [0, 1000hmol gDCW! h! (Bordel et &, 2010; Chaudhary et al., 2016;
Kelk et al., 2012; Maranas & Zomorrodi, 2016; Opdam et al., 2017; Yang et al.,|2016)
the present study, three different arbitrary values for the bounds of unknown intracellular
fluxes (10, 100, and 1008molgDCW! h') were considered Appendixl section1.7
FigureAl and A2

Our results Appendix sectiori.7 FigureA3) indicate a negative linear dependence
between the reduction iNO and Gror The lower the arbitrary value used to constrain
unknown intracdular fluxes the higher the percentage reductiodf@ with increasing
carbon uptakeCroy, as indicated by the increasing negative gradient of the linear fit from
y (slope =0.018) to'Y h (slope =1.511).ccFVA waslde to reduce total flux
variability (O ) by at least 85% compared to normal FVA across the set of 21 simulations
considered (7 experimental datasets using 3 different arbitrary values to constrain
unknown intracellular fluxes). Crucially wheanstraining unknown intracellular fluxes
using the values most commonly met in literature, between ¢A@O00mMmol gDCWh-

1 ccFVA resulted in a reduction of total flux variability of at least 95%. The substantial
difference in the size of the resultirgplution space on a reaction basis can be seen for
the stationary growth condition data as reported by Ahn & Antoniewicz (201Higure

3.2 (results for all other coditions can be found in Appendix | sectibid Figureg\4- A9).

Over 50% of the reactions of the FVA treated model use their maximum flux range (in this
example 1000nmolgDCWh?). A reduction of this magnitude has significant
implications when consided in the context of sampling the space of feasible solutions of
a GEM using Mont€arlo methods. The benefits of using ccFVA to adjust the bounds of
intracellular reactions prior to sampling are twofold: (i) a significantly higher proportion
of the sampéd flux distributions will contain physiologically relevant solutions, devoid of
internal loops and unrealistically high flux values and (ii) the resulting solution space will
be considerably smaller increasing computational efficiency and leading tor faste

convergence of sample statistics.
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Figure3.2: Comparison of reaction flux ranges between ccFVA and FVA treated iCHO1766 model
under experimental constraints. Shown in this graph are the flux rangesdatétionary growth condition
as reported by Ahn & Antoniewicz, 2011. Results for all other conditions can be folpdéndix | section
1.7 Figures A4 A9. For the purpose of this illustration, all bidirectional reactions were split into two
individual reactions resulting in a maximum flux range of 1000 mmol gbDiE\WThe yaxis shows the
normalized number of nogero flux reactions as the number differs between the two different methods.
The x axis shows the flux range on asgale witha maximum flux range of 1000 mmol gDEW.

One of the main benefits of ccFBA/ccFVA is the ability to mitigate the impact of
internal loops which are prevalent in largeale, highly interconnected networks
(Priceet al.,2004) A closer observation of the FVA resyltesented inFigure3.3 (A-G:
grey, blue, and green bars) highlights six central carbon reactions that are allowed to carry
physiologically unrealistic amounts of flard are likely to be involved in internal loops.
These include isocitrate dehydrogenase (IDH), malate dehydrogenase (MDH), fumarase
(FUS), ribos&-phosphate isomerase (PPI), lactate dehydrogenase (LDH), and triose
phosphate isomerase (TPI) indicated bgithminimum and maximum permissible flux
being equal to the set upper and lower bounds. While ccFVA does not explicitly attempt
to remove internal loops, it reduces the flux carried through such reactions to a
physiologically meaningful rangEigure3.3 A-G: red bars) and consequently limits their

impact in terms of potential electron or ATP dra{Maranas & Zomorrodi, 2016)
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In addition, the implementation of ccFVA does not modify the underlying LP
problem formulation or increasdéts complexity as it acts directly on the bounds of
intracellular reactions. The benefits of this approach are twofold: (i) it makes ccFBA fully
compatible with other methods, such ad/A(Schellenberger et al., 201 1astSNRSaa
& Nielsen, 2016}FBA(Henry et al., 2007 GECK(Banchez et al., 201/ CKBurgard et
al., 2004)or llI-FVA(Chan et al., 2018&nd can be used in tandem to further refine the
predicted flux distributions and (ii) it makescFBA/ccFVA computationally efficient
compared to approaches that recast or modify the original LP formulation (for example
through the implementation of additional constraintsjhis results in execution times

significantly (p>0.001) faster than other appches Table3.3).
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Figure3.3: Flux Variability Analysis.-®): Comparison between normal FVA (blue, green, grey bars
correspond to data from Templeton et al., 2017; Ahn & Antoniewicz, 2011; McAtee Pereira et al., 2018
respectively) and ccFVA (red bars) for central carbon metabolisotioas (glycolysis, TCA, PPP) in
iICHO1766 across seven distinct experimental datasets. The initial arbitrary bounds vLB and vUB were set to
0 and 100 mmol gDCWHh-1 for unidirectional and100¢ 100 mmol gDCW h-1 for bidirectional reactions.

The discotinued xaxis was chosen in order to increase visibility on the very small flux ranges compared to
the ones reaching the large initially set bounds.



Table3.3: Comparison of computational efficiency for FVAMWA and ccFVA using Gurobi solver.
Efficiency is reported as executitime in secondsln addition to theiCHO1766 modehe performance
comparison was expanded to a wider range of publically availalnst@intbased models including the
E.colicore model(Orth et al., 201pand theiMM904 yeast mode(Mo et al., 2009)Run times were
measured on a standard laptop with an Intelr€i7-5600U CPU process@ 2.60GHz and 16GB of RAM
on Windows 7 64it operating system.

Execution time (s)

# of Reactions FVA I-FVA ccFVA
E.colicore 95 0.97% 4.20° 2.0
iMM904 1577 45.25 10262 59.32
iCHO1766 5237 871.02 >86400 475.34

aaverage across six consecutive simulatibagerage across three consecutive simulatiessnulation was aborted at
the reported time.

In order to investigate how ccF\8kales with model size, a series of simulations
involving models of increasing complexity were performed. The predictidpgendix |
FigureA10)and computational efficiencyT@ble3.3) of ccFVA were compared against
traditional FVA and loopledsVA (Schellenberger et al., 2011)As expected, the
computational time increases with model size for all thraethods. Interestingly, ccFVA
outperforms normal FVA for the largest model examin€&HO1766) which implies that
the reduction in flux variability achieved by tlearbonbasedconstraints increases the

efficiency of the subsequently run FVA algorithm.

3.4.2 Comparing ccFVA predictions with intracellular flux measurements

The upper and lower bounds calculated by ccFBA are based on the total amount of
carbon Croy being taken up by the cell. An inherent assumption being made is that any
biochemical reactin within the metabolic network has access to all of the carbon entering
the cell. While an improvement over arbitrarily selected bounds, this is a generous
assumption that will result in the overestimation of the permissible flux range for many
nodes in he network. Therefore, despite the significant reduction in total flux variability
compared to normal FVA, the permissible flux ranges calculated using ccFVA are still
SELISOGSR G2 O2yilAy GKS adGNHzS¢ LKSy2GéLAO0
statement, the results of ccFVA were compared against intracellular flux measurements
conducted using'*C labelled glucose for each of the seven experimental datasets

considered Figure 3.4). Not only were nearly all experimental flux ranges contained
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within the permissible flux range calculated by ccFit&y were also mostly within the
same order of magnitude as the calculated ccFVA flux ranges highlighting the reliability of

the proposed method.

Only two reactions had measured flux values that were not within the flux range
calculated by ccFVA (isoeate dehydrogenase and citrate synthase) and this was the case
in only one of the seven datasets consideréay(re3.4 G). However, in both cases the
experimentally measred flux values were very close to the range reported by ccFVA
indicating that the observed discrepancy could be caused by an experimental or
conversion calculation errot3C measurements are prone to a number of measurement
errors such as suboptimal nediolism quenching, unaccounted carbon sources in the
media (Mairingeret al., 2018) or errors in conversion calculations. An example of the
latter is the conversion of experimental flux values from the conventionally reported
gcellst h't into mmolgDCW! ht usually used in GEMs. This conversion requires the dry
cell weight of the culture to be determined based on the viable cell concentration. The
cell size and dry cell weight of individual cells varies through cultures leading to difficulties
in estimatingdry cell weight accuratelfPan et al., 2017nd is a known potential source
of error (Ahn& Antoniewicz, 2011) A comprehensive list of potential errors #C
measurements has been reported by Mairinger andaaokers(Mairinger et al., 2018)
Despite this minor discrepancy, the predictions of biomass and product yields were not
affected by ccFBA/ccFVA in any of the seven experimental datasets considered compared

to the reported experimental values further increasing confidence in the algorithm.
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Figure3.4: Comparison of ccFVA to intracellular flux measurements for central carbon metabolism
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3.4.3 Randan sampling of feasible fluxdistributions with (ccFVA) and without (FVA)

carbonbasedconstraints

Once the region of feasible flux distributions has been defined either via FVA or
ccFVA, random sampling of flux distributions from the resulting solutiocespan be used
to enhance behavioral understanding of the network staf®lo et al., 2009;
Schelenberger & Palsson, 2009; Shlomi et al., 201Hach of the 7 experimental
conditions considered were uniformly sampled using the ACHR sampler included in the
COBRA toolboxSchellenberger et al., 2011Prior to ACHR sampling, the GEM was
constrained using the experimentally reported extracellular fluxes in combination with
either normal FVARSvA or ccFVAY"Y ) results. Each experimental condition was
sampled until 200,000 unique flux distributions had been retrieved using a set of-warm
up points equal to four times the number of reactions in the GEM. The resulting sampled
flux distributions were compared to termine if carbonbasedconstraints improve the

reliability and efficiency of flux sampling.

Figure 3.5 (A-G) presents the estimated sample means with their respective
standard deviations for reactions in central carbon metabolism and compares them
against'*C experimental data. Overall, random sampling of feasible flux distributions led
to narrower predicted flux ranges compared to the FVA ranges irrespective of thedet
used to constrain the model. The sampled flux distributions calculated from models using
ccFVA constraintsY("Y ) were substantially narrower and in better agreement with
experimentally measured values when compared with samples constraiitacharmal
FVA RSva. Moreover, the sampled distributions for all reactions where the permissible
flux range predicted by FVRiQure3.5) coincided with the initiayl set bounds-mnnn X A
X ™M n ngDE@W Y remained very wideTable3.4) for allR$vasamples. Crucially,
for the CM datasetRigure3.5 A) the sampled means derived frdR$vacould not predict
the correct reaction directionality for four reactions (indicated with a §able3.4). This
inability to predict reaction directionalities witRSvacould be observed in all datasets
considered Figure3.5) leading to a mismatch for 33 out of 149 (22%) experimentally
determined directionalities. In comparison sample means derived fdory failed to
predict only 14 out of 149 (9%) experimentally measureaction directionalities, all for

reactions thatR$vahad also failed to predict (except LDH reacttogure3.5 F). This is an
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improvement of > 50% and highlightset benefits of using ccFVA not only to reduce flux

variability but also to obtain improved predications in terms of reaction directionality.
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Figure3.5: Random Sampling of Feasible Solution Spaomparisorof sample meanderivedfrom
FVA () and ccFVA) constrainedCHO1766 in compariosn to intracelullarly measured fluxgsA total
of 200,000 samples were generated achscenarioper experimenal condition.Plotted are the means
with their respective standard deviatioiReactions marked with a section sign {{&licate erroneous
identification of reactiondirectionality by samples derived from models constrained with normal FVA
(Y "Y ) but correct prediction by models constrained with ccFWAY ). Reactions marked with a double

RF3IASNI aA3dy 06450 AYRAOFIGS SNNRyS2dza ARSYGAFAOIGAZ2Y !
constrained with both, Rgaand'YY ® wSI OldA2ya YINJ SR 6AGK | RIF3IISNI
identification of reaction directionality by samples derived fromY but correct prediction by models
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constrained withY "Y . AB:Resultsfo¢ SY LJX S 2 Yy QaPFRO ¥ wE@ dzf IR F2NJ aO! 1SSQ3
LA, and LAp respectivly}@Results foi K ydeta (EXP and STAT).

Table3.4: Sample mean data for selected reactions of the CM data set shovigine3.5 A
(McAteePereira et al., 2018All values shown are in mmgDCWI1 h-1. Reactions indicated with a section
sign (8) show differences in predicted directionalities between RSFVX and

TPI GAPDH LDH PPI FUS MDH IDH
13C mean  0.29 -0.60 -0.29 -0.02 0.35 0.21 0.29
ccFVASM  0.39 -0.82 -0.62 -0.02 0.13 0.45 0.16
FVA SM 47.58 80.87 -18.41 -11.92 3.44 -70.03 -29.07

3.5. Conclusions

Herein we presented ccFBA/ccké@Aast and simple method to accurately constrain
stoichiometric metabolic networks using physiologically relevant assumptions. We
RSY2yaiNIQGSR OOC+! Qa FoAftAdGe G2 NBRdzOS G201
1000mmolgDCW h') and >95% (initlabounds 100mmolgDCW h'') compared to
standard FVA techniques. A set of seven distinct experimental datasets cont&i@ing
measurements for central carbon fluxes were retrieved from literature and used to
validate the predictive capabilities of ccEVWWAe showed that permissible flux ranges
estimated by ccFVA contained the experimentally measured intracellular fluxes in the
majority of cases and lead to quantitative predictions in the same order of magnitude as
13C measurements. This can be attribued?z OOC+! Qa oAt AdGe (2 YA,
internal loops or futile cycles by constraining the amount of flux able to pass through any
single reaction based on the amount of carbon entering the cell. Moreover, when used in
combination with random sampl@ ccFVA substantially improved our ability to predict
reaction directionalities compared to normal FVA. ccFBA is an easy to use and
computationally efficient method for reducing flux variability in and increasing the
reliability of constraineebased metablic networks. It can be used as a steaaldne
method or as a complimentary tool to most other methods currently available for
stoichiometric metabolic network analysis. Finally, the method can be expanded to

consider additional elemental balances sucmii®gen and phosphorous which could be
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beneficial when studying other organisms such as algae or specific types of bacterial
strains. Future updates of ccFBA will include additional elemental balances and will be

made available online through the githuépository.
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CHAPTER 4

Use of flux balance analysis to investigate the

switch in lactate metabolism

In the previous chapter the development of a novel carbon constraining algorithm
(ccFBA) was presented and validated usingeerpental data from literature. The
algorithm proved to be effective in reducing the solution space of constizsed
metabolic networks leading to increased accuracy in predicting intracellular fluxes and
reaction directionalities. In the present chaptecFBA is used to analyse experimental
data from batch and fedbatch CHO cell cultures in order to identify key metabolic
differences between cells in the lactate producing (LP) and lactate consuming (LC) phase.
The use of multivariate analysis techniqueseduce the dimensionality of the resulting
large datasets is also introduced and a detailed workflow for the comparison of metabolic
fingerprints using ccFBA is presented. Finally, a series of hypothesis regarding potential

actuators of the switch imakctate metabolism are formulated and discussed.

4.1. Introduction

Optimization of bioprocesses includes mitigating any potential negative effects from
accumulating metabolic waste products such as lactate and amn{Gni& et al., 2000;
Ozturk et al., 1992)Thesecretionof lactateby fast proliferating cells, despite abundance
of oxygen, was first described by Otto Warburg in 19B8&rburg, 1956and has hence
been known as the Warburg effecSince then, academia and industry have tried to
understandand control this effectLactate has been proven to reduce culture longevity,
specific productivity as well as product quali§ruz et al., 2000; Hartlest al.,2018) Due
to the adverse effects of lactate on mammaliaell bioprocessesmany studies to
understand the underlying mechanisamdidentify the process parameters that influence
lactate metabolism have beamdertaken(Hartley et al., 2018; Le et al., 2012; Martinez

et al., 2013; Zagaet al., 2013) Parameters that haveden proven to influence lactate
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metabolism include pH, osmolality, glucose concentration and carbon dioxide partial

pressure (pC¢ (Charaniyaet al., 2010)

Lactate is prodced as an end product of glycolysis by hydrogenatiopyofivate
through lactate dehydrogenase (LDHpand subsequently secreted viathe
monocarboxylate transporters (MCTalong with one proton Kigure4.1). Typically,in
batch andred-batchmammalian cell culturesactate accumulateduringthe exponential
growth phase(usuallythe first 35 days of culturg This is commonly followed by a
metabolic switch where cells start consuming lactatguo et al.,, 2012,
Martinezet al.,2013) However, some processes show no switch inalectnetabolism
and accumulatéactate until the end of the process resulting in lower yields and product
quality (Ivarssoret al., 2015) The underlying effects for this shift in metabolism have not
yet been explained to a satisfactory level despitach research into the phenomenon
(Hartley et al., 2018)

Research efforts have explored effects of different process parameters on lactate
metabolism with the aim to control it. Studies have suggested that theaeallular pH
plays a key role in lactate metabolism where higher pH set p{etsveen 7- 8) result in
higher maximum lactate concentrations compared to lower set poi@$ - 7)
(Tsacet al.,2005) This phenomenon has been successfully exploited to force a switch in
lactate metabolism in a hybridoma cell liflvarsson et al., 2015A similar study was
performed with CHO cells where optimal timing atemperature and pH shift was
determined utilizing design of experimentDoE) in order to manipulatthe metabolic
shift (Zalai et al., 20150ther studies have suggested that the depletion of major carbon
sources such as glucose or glutamine are responsible for the uptake of extracellular
lactate (Hong et al., 2018; Zagari et al., 2013aound this concepta feeding strategy
called HIPDOG (HIgmd-pH-controlled Delivery Of Glucose) that successfully eliminated
lactate accumulation for a specific CHO bioprocess was devebhyfedgnon et a2011)

This method uses online pH measuremetatsegulateglucosesupplementation Lactate
consunption leads to an increase ektracellular pkas protors are co-transported with
lactate throughthe MCTsAccordng to the HIPDOG regimehenarise in pH is detected,
glucose is fed to the cells. However, nutrient depletion is not the only reason for the

switch in lactate metabolism as many other studies have shown there can be a metabolic
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switch in the presence ofxcess glucosé e et al., 2012; Ma et al., 2009; Martinez
Mongeet al., 2018; Mulukutla et al., 2012; Wilkens et al., 2011)

As mentioned above, the transport of lactate across tedl membrane relies
heavily on theMCTs which ctransport a hydrogen ion alongside lactate. This means that
the secretion or uptake of lactate is dependent orti{§ concentration gradient dactate
and (ii) theconcentrationgradientof protons acrosshe cell membrandi.e. difference
betweenextracellular pH:) and cytoplasmic §H;) pH Whenthe proton concentrations
increasedwithin the cell due to high glycolytic fland ATP hydrolysjdactate is driven
out of the cell(Kemp et al., 2005)The same is true when lactat®ncentration is high
within the cell. This mechanism partly explains why lactate metabolism is seemingly
dependent on the pHand nutrient depletion. As utrients deplete (e.g. glucose and
glutamine) the intracellular pools of lactate deplete and create a concentration gradient
of lactate betweerthe intra- and extracellulaenvironmentthat favours lactate uptake.
Experiments around this mechanism have hgerformed recently where HEK293 cells
were grown in pH controlled and uncontrolled conditigqivdartinezMonge et al., 2018)
Cells grown uder pH controlled conditions (pH = 7.1) produced more lactate than cells
grown without pH control (initial pH at 7.1 with subsequent drop to 6.75). Additionally
cells grown under uncontrolled pH conditions switched to lactate consumptidhan
presence ofglucose resulting in a emonsumption behaviour whereas cells under

controlled pH conditions switched only once glucose was depleted.

One of the more prominent hypothes under discussion as to why the switch in
lactate metabolisnoccursis that cells upake lactate in an attempt to maintain theedox
balance (Nolan & Lee, 2011; Wilkens et al., 2011; Zalai et al., 2015% further
hypothesized that LDH acts as a redox sensor of the cell becéhese glycolytic fluxes
are high moreNADH than the celtan efficiently use to generate energy is produced,
shifting the NAD'NADH ratio(Brooks, 2009; Hartley et al., 2018h order to keep
glycolysis active NADH needs to be drained and*‘M&idenished. Lactatamong others
(glycerol, sorbitoland threitol) acts as a NADH drain where NADH"and oxidized to
NAD by LDH while pyruvate is reduced to lactatgglre4.1). This replenishes the NAD

pool within the cell regulating the redox balance which is important for several cellular
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activities (Brooks, 2009; Griffths et al., 2017; Pereira et al., 2018;
Schafe& Buettner,2001)

Extracellular

2 NADPH

0 2 NADP* +CO,
- — N

Mitochondria

\Cy-cy

Figure4.1: Schematic overview of lactate metalism. Glucose (GLC) is taken up by GLUT transporter
and instantly converted to glycerétphosphate (G6P) ellow circle on G6P hexagon indicates phosphate.
G6P may enter the pentose phosphate pathway (PPP) further fuelling nucleotide synthesis (hgybé
metabolized througlseveralsteps in glycolysis to form pyruvate (PYR). From there it can either enter the
TCA cycle in the mitochondria or converted to lactate (LAC) consuming a NADH and a proton yielding one
molecule of lactate and a molecule oAN+. Lactate can then be secreted by the cell symporting one proton
via monocarboxylic transporters (MCTS).

Martinez et al. (20134sed amodelaided approacho understand the switch in
lactate metabolisnwith asmall comstraint-based model derived frora mouse genome
scale model. They concluded that fluxes through the lower part of the TCA were similar in
both phases, however, energy metabolism v&stimes more efficient in thdactate
consuming G metabolic state. Mulukutla et al. (2012) used a kinetic model
compartmentalized into cytosol and mitochondria comprising the central carbon
metabolism in order to investigate the cause for the lactate switch. Parameter estimation
for the model was based on NSO triplicateeatch cultures. Their results sugged that
the switch in lactate metabolism is the outcome of reduced glycolysis flux. The reduced
glycolysis in return is caused by lactate inhibition of phosphofructokinase (PFK) as well as

regulatory signalling suggested by transcriptome analyd&tinezMonge et al.(2018)
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used a reduced version of the Recon 2.2 m¢8etainston et al., 201@nd meabolic flux
analysis in order to compare the metabolic states of lactate producing and lactate
consuming HEK293 cells. The experimental data used to constrain the model was derived
from batch cultures in nowontrolled pH conditions. They concluded thahet
consumption is dependent on the lactate and proton concentration gradient between the
intra- and extracellular space. With that they noticed a metabolic reorganization mainly
revolved around glycolysis, reactions around the TCA, and amino acid upidies.
hypothesise that the reorganization of metabolism is regulated on a transcriptional level
and poses targets for genetic engineering strategies. The herein discussed metabolic
modelling approaches have increased the understanding of the lactate metabol
observed in different mammalian cell lines. However, all the approaches either used an
empirically derived modéMulukutla et al., 20129r reduced versions of existing genome
scale modelgMartinezMonge et al., 2018; Martinez et al., 201Furthermore, the
metabolic flux analysis approaches focused on flux variability results which only calculate
feasible flux rangesvhich still containa large amount of uncertainty about the true

metabolic flux state of the modelled systei@chellenberger & Palsson, 2009)

In this work the latest available CHO genestale mode(Hefzi et al., 2016% used
to comparecell metabolism during th&actate producing (LP) aride LCphaseof several
industrial CHO celines in amattempt to identify key differences between the twstates.
Experiments in different culture modes (batch and-featch) were performed from tich
uptake, secretion and growth rates were calculated. The experimental rates were used to
constran the ICHO1766 model using carbon constrained flux balance analysis (ccFBA)
(Lularevic et al., 2019)Subsequently, xensive sampling of the solution space was
performed withfollowed bymultivariate data analysis in order to rank metabolic nodes
based on their difference in flux behaviobkefore and after the switchin lactate
metabolism Based on th resultsa hypothesiswas formulatedas to why the switch is
happening and offeng potential solutions to manipulate lactate metabolism a

desirable way
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4.2. Aim and Objectives

The overall aim of this chapter is to identify preserved metabolic differences
between the lactate producing (LP) and the lactate consuming (LC) states of different CHO
cell lines grown in both batch and fdzhtch cultures. These will be used to formulate a
series of hypotheses as to why the switch in lactate metabolism is occurring. The following

objectives were set:

1 Conduct experiments in batch and f#eadtch mode with various cell lines

1 Analyse cell culture samples using various analytical techniques andiabalc
uptake, secretion and growttates for LRand LC phases

1 CalibrateiCHO1766 genomscale model with experimental data using ccFBA
and subsequently sample the feasible solution space

1 Perform multivariate data analysis on flux samples from LP and Lsepima
order to identify key differences

1 Formulate hypotheses explaining the switch lactate metabolism based on

experimental and modelling results

4.3. Materials andMethods

4.3.1 Media and reagents

Batch experiments were performed with @CHO media (COHO Medim, Thermo
Fisher Scientific, Waltham Massachusetts, UBf}batch experimentsvere performed
in proprietary chemically defined media and feed®nza Biologics PLC, Slough. W

other reagents were obtained from Sigmddrich (Switzerland) unlessharwise stated.

4.3.2 Culture conditions and analytical methods

Thecell lines used for all experimentsere industrial GECHO (Chinese Hamster
Ovary)cell lines (Lonza Biologics p&lough UK). The cell lines CY01, EB7, R33A and 3C12
were generated by @insfection of CHOK1SV cells with a construct contagiutgmine
synthetase G and a chimeric IgG4 antibody (cB72.3). Cells were stored in liquid nitrogen
dewers until revived in approx. 20 mL -CBIO medium (Thermo Fisher Scientific,
Waltham Massachustt, USA), supplementedwith25a Y S UG KA 2y Ay S &dz F2E
2N Ay [2y1 I Qa . CaNsPweledulBiiéd ilNEented shake Iflasks (37°C,
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Humidified, 5% C£25mm Orbital, 13@; 140rpm)or gassed with 5% G@ case of non
vented shake flasks. gansion cultures were maintained in various flask s(26mL¢
2 L shake flashdetween 14 and 30daysand subculturecevery 3¢ 4 days $eededat
0.3x10° cells/mLor 0.2 x 1C° cells/mLrespectively).

Batch culture experiments were run in Llvented Erlenmeyer flasks (37°C,
Humidified, 5% C£25mm Orbital, 13Gpm) with 200mL working volume. The feaatch
experimentswererum i [ 2 Yy 1 | i@ #0L Bidre@ckotok aiphofrigtary desigmith
controlled pH, DO and temperature. pH contwdsachieved usin€Q and a proprietary

basic solution

Viable and total cell concentratigrell diameter and aggregation were measured
with the ViCell XR Cell Viability Analyzer from Beckman Coulter Inc. (Brea, California,
USA)Metabolite and gas measements (pH, pCO2, pO2, glutamine, glutamate, glucose,
lactate, ammoniafor the batch culture experiment were collected withe BioProfile
FLEX Analyzer (Nova Biomedical, Waltham, Massachusetts, Rég8Batch metabolite
and gas measurements were obtad with the Bioprofiled00 (Nova Biomedical,
Waltham, Massachusetts, UBAProduct concentrationfor batch experimentswas
determined on the Agilent Biosystems 1200 using a commercially available analytical
Protein G column (HiTrap Protein G HP AnalyH&lC column, L, GE Healthcare Life
Sciences, Little Chalfont, UK) which specifically binds human IgG antPamtjuct
concentration for the feebatch experiments was determined using a proprietary protein
A method.Analysisof amino acidconcentratiors for batchexperimentswas performed
2y GKS ¢KSN¥Y2 { Or80ptiReageONBESKh 2V SEunLARAGSY
Fischer Scientific, Waltham MA, U8Aing the higkperformance aniorexchange column
AminoPac® PA10. The ABikect method was used as dadeped by Dionex Corporation
(Dinoex Corporation, 2003Amino acid concentrations for fdzatch experimentavere
performed by a third party (Eurofins Spinnovation Analytical BV, Pivot Park RK,
Netherlands).

4.3.3 Hux balanceanalysis

For the metabolic modelling analysis the latest CHO gersrtaée modelvas used

(Hefzi et al., 2016after manual curation Ths included addition of an ethanolamine
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exchange and transport reaction across the membrane as well as removal ckddad
metabolites (Thiele & Palsson, 20100 detailed description to the changes maige
availablein Chapter 3For all conditions tested with the model, carbon constraining of the
fluxes following the algorithm described in Chapterv@as performed. Flux balaac
analysis was performed using Matlab (R2016b) (Mathworks, Natick Massachusetts, USA)
and the COBRA Toolbox v2(&chellenbergeret al.,, 2011) The glpk solver
(Makhorin,2012) was used for the solution of the resulting linear programming (LP)

problems

A total of 1x 1P unique flux distributions were sampled from the feasible solution
space with a step size of 300 using the artificial-ani¢trun (ACHR) algorithm
(Schellenberger & Palsson, 200B)ior to ampling, the model was constraint according
to the ccFVA results of the experimentally determined uptake and secretion rates. A set
of warm-up points required by the ACHR sampler were generated for each condition

containing four times as many points as tfie¢ R Sdéa€ian count.

4.3.4 Principal omponentsanalysis (PCA)

PCA is a widely used statistical method that reduces dimensionality in a K
dimensional data set in order to aid interpretability. It uses a variety of mathematical
concepts such as standadgviation, covariance and singular value decomposition. PCA
defines K new dimensions based on the maximum variance of the origthaidfsional
space. The variables of the new space are called principal componentswRICB)are a
linear combination ofhe original variables. The coefficients of these linear combinations
are called loadings and the transformed data points in the new space are called scores
O{FNP&FN SG I f ®X H n.sHerd PCAvasiused on dvonte2Card NB >
(MO samples where each row of the data matrix represensampledflux distribution
and each column a reaction in the model. Initially the MC samples of two or more
simulations (different conditions such as LC and LP phase) were combined into one data
matrix. The reconstructed data matrix rows (each row représensinglesampledflux

distribution) were shuffled at random in order to prevent any systematic errors.

105

H J



A) Combining sample matrices B) Randomizing C) Mean center and

sample matrices scaling data
nreactions

S || - [Sin

LacProd
p samples

g )
“\l:
2Xp=x
\
|
\
\
\
\
|
\
[
10339A Q1

- St

[ T T I=]
i

LacCons
p samples

£

“h

o

=

H
%
o | w- P P P I L
§ FITTEETT I
x

=

“M

.

-

2x p-by-n x-by-n x-by-n x-by-n n-by-1 x-by-n
D) Covariance matrix  E) Singular-value F) Projection of high dimensional data onto
decomposition SVD kartesian coordinate system

—A

S - | - | [fue

T = Scores matrix

—_— T . V = Eigenvectors ATA
T ' ™ (Loadings)

HAEEEN T LT 7 .

R [:> femecorsot A AEBEE A yaE A = Number of extracted
- e - B principal components

s = mean cantered original
— data matrix

Figure4.2: Schematic overview of principal components analysis and the preceding processing of the
data. A) Data matrices each of the sizbypn (p samples and n reactions) of different conditions, here LP
and LC, are combined to one data matrisbpn where x = 2 * p). This can be done with aaynber of
matrices. B) Randomization of samples andtiom of a sample 1D vector-py-1). This vector keeps track
of which sample belongs to which original matrix. This is for identification purposes on the diresd ptot.

C) Data is mean ceneid and scaled. D) The covariance maisixomputed from themean cented and
scaled data. E) Singulealue decomposition is performed dhe covariance matrix. F) Loadings are used
to project originalmean cented and scaled data onto new hyperplane.

The identification of each sample with its origin (e.g. LC &)duas preserved in a
sample ID vector. Subsequently the data was meamtred by subtracting the mean of
each column (i.e. reaction) from the corresponding flux values and stalett variance
by dividing them by their respective standard deviationisTiype ofpre-processing is
commonlyneeded as different variables tend to have different numerical ranges and
therefore may impacthe analysis as PCA is a maximum variance projection method
(Bro& Smilde, 2003) After preprocessing the data the covariance matrix was calculated
followed by singulawvalue decomposition (SVI):  “Y'% , with Xbeing the covariance
matrix, the diagonal oEbeing the eigenvalues) containing the left singular vectors (in
columns) andV/" containing the right singular vectors (in rows). The right singular vectors
or loadingswere used to calculate the scores by multiplying them with the original mean

centred data matrix A schematioverview of the processing of the data can be seen in

106



Figure4.2.C2 NJ Y2 NB Ay F 2 NJY I Niukidayate Aitalgsis in etab@omBNI § 2
by Worley & Powers (2013)

4.3.5 Partial least squares discrimimd analysis (PLBA)

PLSDA is a supervised algorithwhich actively separate data based on a classifier
variable(Barker & Rayens, 2003he method aims to find a straight line that dieis the
space intotwo regions. Like PCA, PDB performs dimensionality reduction of the X
matrix, but also relates X variances to that of Y contained in a Y response matrix. Y is a

categorical vectorKigure4.3) (Gromskiet al., 2015)

Rxns x Y x = TP+E
2(3|.|.].]|- 1)
- — | - Y=TQ+E
1 S
o R
<] 1 i .
g N [l = X = samples matrix
z < > =ik Y = Discriminant vector
§ 1 o T = Scores matrix
a =1 [ S P = X Loadings
;‘ =y - Q =Y Loadings

Figure4.3: Schematic representation of RD® separating a matrix X into two classes (e.g. LP and
LC). With two classes the response variable Y corresponds to a binary vector clatgfgaimgples. The
data matrix X han reactions anck samples and the response vector Y katements with those elements
being either 1 orl depending on the classification of X.

The data matrix X is pgrocessed the same way as for PCA by mean censicaling
of the flux samplesDecomposition of the matrix based on the discriminant vector Y was
done by employing the Nonlinear Iterative Partial Least Squares (NIPALS) algorithm
(Hardle,2011;Wold et al., 2001)

Two major diagnosticsra available for PLBA that help identify major sources
contributing to the separation of the data, Variable Importance in Projection (VIP) and
Selectivity Ratio (SR). The VIP score measures the explicative power of predictor variables

with respect to theresponse variable and is calculdtas follows:
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B Y ¢fd 0 T A& (Eq4.1)

@ 00 oM B Y oo

Wherep is the number of variabled/ is the number of retained latent variablesm,;
is the PLS weights of tligh variable for them-th latent variable and finalli®(y,tm) is the
fraction of variance explained by tie-th latent variableg(Farrés et al., 2015; Pér&nciso

& Tenenhaus, 2003)

The Selectivity Ratio (SR) is defined as the ratio of explained to residual variance for the

variablej on the target projection (TP) component and is calculated as follows:

v
v

¢

~

Q pltiB (Eq4.2)

Y'Y

¢

Where the explainedl)( ) and residual{{ ) variance of the'] variable can be

calculated from the data matrix X and the TP scores and loadings:

O 0N (0] OYD O (Eg4.3)

In return the TP component is found by projecting on the vector of normalized

regression coefficients:

(Eq4.4)

For the Selectivity Ratio only reactions with a value larger than 1 were considered to
have a meaningfutontribution to the discrimination of the data set as a SR score of 1
means that 50% of the variance can be explained by that variable leaving 50% of the
variance unexplained. SR scores < 1 have a higher percentage of unexplained variance
than explained ad were discarded for further analysi¢Farrés et al.,, 2015;

Kvalheim2010)
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4.4. Results andiscussion
4.4.1 Experimental data for constraining the FBA model

Investigation ofthe metabolic causes for the shift in lactate metabolignith the
CHO genomscale modelrequires experimental dataon uptake and secretion rates
based on whicithe model can be constragd appropriately Triplicate batch culture
(TBC) wereun over 8days inlL shake flask00mL working volumepsing the CYO1
clonein CDCHO mediéFigure4.4 A and B. Additionally three 15day fedbatchcultures
in 10L glass bioreactomsere run independentlyith three different clonegn = 1)Figure
4.4 C and Ip. Thethree fed-batch cultures were runising the same proprietary platform
process which includes media, feeds, process parametgu@ats and control strategies
(Lonza Blogics plc, Slough UK Any metabolic differenceare derived from clonal

differences.

All four experiments showed a shift in lactate metabolitmaictate concentration for
CYO01 clongeaked on day 4 at around 20M. Lactate concentration in théed-batch
cultures FBC) peaked on day 5 between@82 mM depending on the cloné~igure4.4
D). The different lactate metabolism observed in E&&linkedto a lower integral viable
cell density (iVCD), dwever, thiswasnot proportional compared to the othetell lines
run infed-batch(i.e. the ratio of the integrated lactate curves and iVCD between cell lines
did not match) Theratio of lactate producedto glucoseconsumed(L/G ratig in the
lactate production phaséor EB7Avas0.58 compared to 0.95¢ 1.084 for the other three
cell lines Figure4.4 B). The low L/G ratio for EB7 is indicative of a more carbon efficient
metabolism where glucose igdilized almost twice as efficiety compared to the other
cell linesEB7 only produaroughly one molecule of lactate per two molecules of glucose
consumed compared to two molecules of lactate per two molecules of glutoste
others. The highest L/G ratio during the LP phase was observed for CY0O1 grown in batch
culture (1.64) This value iomparable to those seen in othdast proliferating cells
(Sunet al.,, 2012; Wlaschin & Hu, 2007; Xieal., 2014) Thismarkedly different behaviour

may have several reasons including cell line diffiees culture modé but also the

2 Epecially relevant here is the pH which was controlled for the FBC but uncontrolled for the TBC. In
the TBC the pH was relatively high at the beginning (~7.2) but fell as lactate was produced. The influence of
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difference in media composition (CY®das grown in glutamine free GBHO media

compared to the other cell lineshich weregrown in proprietaryLonzamedia).
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Figure4.4 A) Viable Cell Density (VCD) and viability for CYOL run as the triplicate batch culture (TBC)
(n = 3). B) Glucose and lactate on the leftys in mM and Glutamate on the rightyis for the TBC. Error
bars in A and B repsent standard deviation. C) VCD and viability of the three different cell lines rurrin fed
batch mode (n = 1). D) Lactate profile of the-feich cultures. E) L/G ratio for all cell lines. L/G Ratio was
calculated for their respective lactate producingases (LP). Bpecific gowth rate profileso >far all cell
lines. Red and bluareasdepict the time frame where specific rates were calculated for constraining the
CHO genomscale modelPaysl -3 = LPdays 5 7 = LC for the triplicate batch culeuDays3-4 = LP,
days6 - 7 =LC for thandustrial fedbatch processés

lactate secretion on the extracellular pH inaamtrolled cultures arguably has a big influence on the
metabolic dynamics as has been discussed in the introduction.
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It is worth mentioning that all cell lines shifted to lactate consumption in the
presence of glucose. This metabolieacamsumption of glucose and lactate shows that the
shift in lactate is independent of the glucose availabifiy these cell lines under these
conditions. Thidhas also beemeported previously in literatur€dCarinhas et al., 2013;
Martinez- Mongeet al., 2018) Comparing the TBC with the FBCs, the lactate consuming
phaseswere slightly differentregardingthe growth state of the culture. The TBC sttt
consuming lactatevhen transitioning into stationary phase which has been hypothesized
before to be the cause of the shift in lactate metaboli@via et al., 2009)However, this
is not the case for the FBCs as the shift aamifollowingthe exponential growth phase
(day O- 4) during the transitional growth phase (day &) (Figure4.4 F).

The uptake and secretion rates for FBA were calculatdteidefined time intervals
of the cultures shown ifrigure4.4 (A, B, C and D) as red (LP) and blue (LC) bands. The
time windows were chosen directly around the respectiealp days of lactate plus and

minus one day for LC and LP phase respectively.

4.4.2 Carbon constraining and initial metabolic analysis

The model was constrained with the experimental uptake and secretion rates from
the respective culture phases (LP and Wptake ratesthat could not bedetermined
experimentally due to resource limitationsxcludingcarbon dioxide, but are commonly
known to beconsumedby CHO cellerhen present in the mediawere set to literature
values(Appendix Il section.®). The carbn dioxide secretion ratewere based on the
elemental balance of carbon. The majority of carbon entering theveadl measured
Therefore amassumptionwasmade that tre discrepancyetween the measured carbon
going into the cell and measured carbon gobuog of the celE  n By and Farge accounted
for by thecarbon dioxide secretion rate. Calculated carbon dioxide secretion rates based
2y n/ 6 SNB A ycorhnbmySepoftSdifdratude kalués(Goudar et al., 2011;
Lovrecz Gray,1994) All other exchange reactions within the model were set to allow
secretion only. Certain bounds including diffusion of NARHd NAD across the
mitochondrid membraneand reactions of the EPO production pathway were set to

0 mmolgDCW! h'! (upper and lower bounds) to prevent flux through these reactiis.
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each condition the @nstraints imposed on the model and their origian be found in

Appendix Il (section 1.8).

Initially the model was carbon constraid based on the total amount of carbon
consumed by the celld ularevic et al., 2019A paired sample-test was conducted to
compare the total carbon consumed in the LP and LC phasssrifining the data oall
four cell lines. There was a significant differengg & 3.47, p = 0.026) in the carbon
consumption of the LP (M = 9.84 mngd)CW! ht, SD = 3.75 mmgDCW h) and the
LC phases (M = 3.51 mngtd)CW! h, SD = 0.77 mmgDCW h1). Furthermoe there
was a statisticaly significan difference (t4) = -11.16, p < 0.001n G KS Y S| a dzZNB R
0S0sSSy GKS [t FTYyR [/ LKIasSa ¢KSNB G§KS p/
wassmaller than for the LC phase (M = 68.77%, SD = 9.Figa)yd4.5). Assuming that
n /' mostly accounts forcarbon from Cg the underlying data strongly suggedtsat
respiratory activitywas increased in the LC phase. Tas also been observed by several

other research group@vulukutla etal., 2012; Templeton et al., 2013; Zagari et al., 2013a)
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Higher respiratory activity is generally associated with more energy efficien
metabolism. One metric to quantify the energy efficiency of a cell is to compare the total
carbon consumed and the maximum amount of ATP a cell can produce.QAirfeler the
experimental constraints imposed on the modeln order to determine the
ATRua{# A OAT Tatio for all cell lines and phases thi@HO1766 was optimized for
maximum ATP flux through the ATP maintenance reaction. The resulting ratios are shown
in Tabled.1. The amount of ATP per carbon produced is significantly higher in the LC phase
(t4) = -6.68, p < 0.01). The biggest difference in energy efficiency in terms of the
ATRa{# A O AT Tatio is observed for the TBC where metabolism is ntbemn four
times as efficient in the LC phase compared to the LP pAadxed.1 LC/LP ratio)Atthe
other end of the spectrumvasthe EB7 cell line witAnincreasein efficiency of only 2.8
timesas a result of a more efficient LP metabolism. This was in agreement with the L/G
ratio (Figure4.1 E) The increase in efficiengyas ®rrelated with the difference in carbon
taken up between the LP and LC phases of each cellTheedifferencewas largest for

the cell lineCYO01 and lowest fahe cell lineEB7 Appendix Il section.@ Figure A1L

Table4.1: ATR./# A O AT iatios for LP and LC phamedthe ratio comparing energy metabolism
efficiency between LP and LC phases per cell ling:AW&s calculated by maximizing flux through the ATP
maintenance reaction uret the respective constraints. The total carbon consunwedA(O A T iwas
calculated by the carbon constraining algoriti{irularevic et al., 2019nd represents a single carbon
molecule flux. Basednthese values an ATP/carbon ratio can be calculated giviegtanate ofthe energy
efficiency of metabolism.

Cellline  ATRw/AHI "Hf 74P  ATRW/AH™ Hf 74HC  LCLP

TBC 0.43 1.91 4.39
EB7 0.55 1.53 2.80
3C12 0.61 1.89 3.09
R33A 0.66 2.07 3.14

4.4.3 Multivariate analysis of fluxsamples
4.4.3.1Separatinghe solution space

After constraining thenodel with the carbon constrainetlux variability results
(ccFVA) and initial metabolic analysisCsampling of the null space was performed

generatingone million solution vectors per condition. Thesulting large number of

solution vectors per condition is impractical ittspect manually. Moreovekjisualization

113



of more than 5000 reactions in convemal ways such as flux maps infeasible.
Therefore we performed principal component analysis (PCA) and partial least squares
discriminant analysis (PIL3\) on the sampled data. PCA is an unbiased way of analysing
the datawhich identifiesthe largest vaability in the datasef{Jackson, 1991PLSDA is a
supervised algorithmwhich actively separate data based on a classifier variable
(Barker& Rayens2003) The unsupervised nature of PCA enables verification as to
whether the largest variability within the data is based on model uncertaintpror
metabolicdifferencesbetween the two statesFigure4.6 shows the score plots for all cell
lines. Two distinct clusters can be observed in all four graphsravead cluster
corresponds to the samples of the LP (red) and LC (blue) phase. The separation of the two
different metabolic phases on principal component 1 (PC1) suggests that the most
variability within the whole data set (combined data of LP and LC samigléisg
differences between thdlux patternspredicted for each phas&ther than on noise from

modeluncertainty.
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Figure4.6: PCA score plots of all cell lines. A total afifion points are plotted on &h graph with
2 million points per condition. LP scores are shown in redahd LC scores in blye)( All scores arplotted
on principal component 1 (PC1) and principal component 2 (AT 3fores plot for CY01 (TBB)Scores
plot for 3C12C)Scores plot for R33M) Scores plot for EB7.
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Thevariance captured by PC1 rangeoim 14.4% (3C12) to 17.7% (CY®1gre4.7
B) depending on the cell line. 95% of the vada wascaptured within the first 449 PCs
(Figured.7 A). Other principal components were checked for potential separability of the
data but PCIvasthe only onewith discriminating powerAn interesting observation is
that the variability captured by PC2 is approximately proportional to tht@ltcarbon
consumed by the cells in their respective phases. In otfweds,the ratio of the absolute
range of alscoresper phasgLP or LG)cross PC2 is proportional to titeA O AT tatio
between phasegdata not shown)This indicates that th range of the second principal

component, PC2, captures the carbon constrained flux variability of the model.

In addition to the unsupervised approach using PRIADA was conducted on the
same samples resulting in a very similar separation of the dktta (hot shown). As PCA
clearlyseparate the two conditions on PC1, separation using a classifier variable with
PLSDAwas not pursued further as no added information would have been obtainbd
principal componentgyeneratedare \ectors of the new space representing a linear
combination of the original variables. The loadings are the coefficients of these new
variables. The magnitude of these coefficients, i.e. the absolute numerical value
compared to the other coefficients indicate tkentribution of the original variable to the
new variable (i.ethe PC).Therefore, the higher the numerical value of the loading the
more important the variable corresponding is for explaining the difference in the
metabolic states. Furthermore, they ali&ely to be involved in either the regulation of
the switch in lactate metabolism or are an effect of the switabadings with an absolute
valuex75% of thelargestabsoluteloadingvaluein the PC were considerddr further

analysigFigure4.7 C).

115



g Loadings analysis for CY01 clone
3 ‘ 20 )
3 004 —m———— o\o — :lvariable contribution
= <
@ - = ion for 95% <
S 80 Varianes troshold S 151
3 5
2 2
S 60 =
2 <10
T 9]
>
o 404 ©
> Qo
= o 5
8 204 8 ﬂ
S =
©
o = oll Nnoooons
o 0 1000 2000 3000 4000 5000 6000 1 2 3 4 5 6 7 8 9 10
Principal component Principal component
! ' . ' ' ' Loadings
1) 1.04 'C [ normalized absolute 0.06+ D 1 e TCA
5 ! loadings of PC1 for = GLY
= CY01 sample analysis 0.044 o | 4 ppP
8 0.84\! - - top loadings considered - b MAS
% % B : for analysis 0.024 f 25 K 5 ¢ ] g);zH
= i o~ - ; 5 o 4 LAC
3 ] 0671 O 0.00 — e Bra oy et e —:-50——
N 3 : a P :
® — 0.4 -0.02 i i1
I 5
1
g 024 -0.044
1
1 -0.06 1
0.0+ v x - > x . : . .
0 1000 2000 3000 4000 5000 6000 -0.04 -0.02 0.00 0.02 0.04
Number of loadings PC1

Figure4.7: Loadings analysis. All data shown was retrieved from the PCA of the CY01 flilessampl
A) Cumulative variance captured for all principal compone®pVariable contribution to the variance of
the dataset PC1 captures about 17.7% of the whole varia@j&lormalized absolute loadings of principal
component 1 (PC1). Absolute loadirtheee quarters otthe size of the largest absolute loadings was the
cut-off criteria for loadinggo be considered highly influential on separating the clusters of LP anB).C.
Loadings plot where loadings corresponding to reactions of central carbon mistabslibsystems are
highlighted.[a] nonROS producing complex IV, [b] ROS producing complex 1V, [c] complex | & Il and ATP
synthase loadings, [d] glycolytic reaction loadings, [e] TCA cycle reactions, [f] {yctatate Shuttle

4.4.3.1Loadingsnalyss

In order to see which reactions of the central carbon metabolism show changes in

their flux pattern all loadings of PC1 were plotted in a scatter plot over Pigaré4.7 D).

All reactions within glycolysig-igure4.7 D [d]) show large negative loading values. A
difference in glycolytic flux was expected and has been observed before
(Hartleyet al.,2018; Zalaet al.,2015) Some of the oxidative phosphorylation (oxPhos)
related loadingsKigure4.7 yellow diamond ) seem to also be influential in separating
LP and LC phases. Specifically increflsges in LC phase for complex Ill, complex | and
ATP synthasd-{gured.7 D [c]) were observed indicating higher respiratory activity in the
LC phaséZalai et al., 2015)An interesting observation related to oxPhos was made for
complex IVEigure4.7 D[a,b]). Two alternate reactions for complex IV are present in the

iCHO1766 model)@non-reactive oxygen species (RAS$ Yy SNI G Ay 3 O2YLX SE
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02 m+4feytC mh H KH2QPY b n &l @&ROS gevierdting corgk A Y Q
LxY WrodgpH KYPY bHh2MOYPc bKA2FLEOBInYPYAORG/ QY
The loadings show a difference in the usage for these reactimuking into the flux
distributions shows that ROS generating gdex 1V ()i has higher fluxes in the LC phase
compared to the LP phas&his indicates increased ROS generation during the lactate
consuming metabolic stagand has been observed by others experimentally before
(Brand & Hermfisse, 1997; Waris & Ahsan, 20@yeral TCA related reactiorae

located on the positive end of the loadingsich when comparing flux distributions show
increased flux in the LC phagedure4.7 D [e]). These results are in agreement with the
observedupregulation ofoxPhosactivity. Higher fluxes through the TCA during the LC
phase is a known metabolic characteristic and linked to slower fluxes through glycolysis
(Martinez et al., 2013; Pan et al., 2017; Zalai et al., 2015)

Furthermore,the loadings sbw significant differences in the pyruvate transport
and lactate transport across the mitochondrial membrafég(re4.7 D [f]). Shuttling
lactate into the mitochondridor oxidation into pyruvate by mitochondrial LDH has long
been proposedas a mechanism to shuttle reducing equivalents to the mitochondria
(Brooks, 2002Brooks, 2009; Chen et al., 2014; Draoui & Feron, 2011; Lemire et al., 2008;
Luo et al., 2012; MartinelZlonge et al., 2018)According to this proposed mechanism
lactate is the link between glycolytic and oxidative metaboligims study supports the
proposed scheméerlhe flux of lactate into thenitochondria via MCTs is increakduring
the LP phase along with the efflux of pyruvate. This lagtgrivate shuttle (LPS) allows
the system to use the fast acting cytoplasmic LDH to regenerate téD pyruvate and
transport reduced lactate across the mitochondrial membrane wheit release its
stored electron to generate reducing equivalents within the mitochondrion feeding into
oxPhos. The higher influx of lactate into the mitochondria during the LP phase compared
to the LC phase may also explain the lower TCA fluxes duringPthmhase as NADH is
generated by mitochondrial LDH converting lactate to pyruvate. An additional reducing
equivalent shuttle is utilized more in the LP phase which is the glycerol phosphate shuttle
(GPS)Kigure4.7 D cyan right triangle ). This shuttle plays an important role in the
cellular energy metabolism where it regenerates Nilhe cytosol, similar to LDH, while

generating FADHN the mitochondriad a N3 6 S 1 S A sinhil&r dy&temy thenmaléte
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aspartate shuttle (MAS)F{gure4.7 D olive down trianglé ), does not seem to be

influential on the separation of the two metabolic pless This suggests that the MAS flux

distributions for LP and LC are not significantly different. This is either due to uncertainty

in the reaction network or similar utilization of the complex in LP and LC phase. An

overview of these reducing equivalentigties is shown irFigure4.8.

Cytosolic
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Figure4.8: Schematic overview of three reducing equivalent shuttles into the mitochondktiBs.
(LactatePyruvate Shuttle): Lactate (LAC) is transported via the monocarboxylate transporter (MCT) into the
mitochondrial matrix and converted into Pyruvate (PYR) temnisfg an electron onto NADgenerating
NADH. Subsequently PYR is transported out of the mitochondrion via the MCT and converted back to LAC
consuming a NADHGPS(Glycerol3phosphate Shuttle): Glycer8tphosphate is transported via the
glycerot3-phosphde transporter (GlpT) into the mitochondrion where it is oxidized to dihydroxyacetone
phosphate (DHAP) generating FADSLbsequently DHAP exits the mitochondrion to be converted back to
G3P in the cytosol consuming a NADH molecMAS (Malate-Aspartate 8uttle): Malate (MAL) and
glutamate (GLU) are transported into the mitochondrial matrix via the solute carriers (SLC). MAL is oxidized
to oxaloacetate (OXA) generating a NADH molecule. Subsequently OXA is transaminated by GLU producing
Aspartate (ASP)antl] S 2 3f dzi I NI §S 6dYDO 6KAOK SEAI
and ASP are converted back into OXA and GLU where GLU-@aterr¢he mitochondrion and OXA is

reduced to MAL consuming a cytosolic NADH.
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Fgure4.9: Individual bar diagram &0 selected loadings from the top loadings in A@hdings were grouped by category as indicated by the grouping labels.
All data shown was retrieved from the PCA of @¢01 flux samples
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In order to understand the major drivers of the different metabolic footprints,
manual analysis of the top loadings was performed. The top loadings, defined as all
F6az2fdziS f 2 RANYAdthedakgédading Fglird4.d23, ware analysed
in more detail and a selection of these is showRigure4.9. The LP phase has often been
associated with the growth phase of the cglidtamirano et al., 2006)This is also the
case for the herein presented cell lines and can be seen for CY01 in the PCA loadings where
cardiolipin synthase and acetfloA carboxylase (associatedhgrowth) are among the
highest absolute loading of PC1. Other expected findings include glycolysis related
reactions with increased fluxes in the LP phase compared to the LC phase, TCA cycle

reactions and respiratory reactions both showing increasece8urn the LC phase.

More interesting reaction groupings showing up in the top loadings include the
salvage pathway for valine and isoleucine. These amino acids are heavily consumed in the
LP phase and the model suggests that they are broken down, theesigraging reducing
equivalents (NADH and FAPHThe carbon skeletons are then fed into the lower part of
the TCA as succin@loA. Valine and isoleucine have been reported to feed into the TCA
cycle via succimoA for cancer cell lindsocasale et al., 2011furthermore the mdel
analysis suggests that succhBA is converted to succinate through succirat ligase
gaining one ATP molecule. Subsequently succinate is drained from the TCA cycle by
conversion to 4Aminobutyrate which is secreted by the cells. This super tri@tcaCA
allows the cells to generate reducing equivalents within the mitochondria, generate ATP
as well as symport protons out of the cell withkAdninobutyrate to aid the delay of
cytosolic acidification which, especially in fast proliferating cells, ésrésult of high
glycolytic activity(Hartley et al., 2018)In order to verify this swgr truncated TCA,
extracellular 4Aminobutyrate concentrations could be measured in future studies.
Mitigation against cytosolic acidification in CYO01 is evidenced by the fact that the proton
drain reaction is among the highest loadings where more protmesdrained in the LP
phase (one order of magnitude more). The secretion of protons is achieved through many
different metabolic symports including but not limited to lactate, alanine, glycine (LAT1/2
transportersHgure4.9 - AAt), 4aminobutyrate and pyruvate as well as through antiports
such as the sodium proton exchanger(Counillon et al, 2015;

Kroemer& Pouyssegur2008) Asglycolytic fluxes are very high it is no surprise to see

120



even pyruvate being secreted and drained during the LP phase draining excess carbon but
also symporting a proton out of the cell through the MCTs. However, much more lactate
Is secreted compared tpyruvate (Kyriakopoulos, 2014)This suggests that theain

reason for lactate production is not delaying acidification of the cytosol per se, as has been
suggested byXemp(2005) but rather redox balancing, meaning regeneration of N#sD
support continuous high fluxes through glycoly¢isartley et al., 2018Wilkens &
Gerdtzen, 2015)

It seems that other pathways are also used, though less effectively, to rebalance the
redox potential of the cd$. In this analysis serine metabolism was highlighted in the
loadings of PC1. Serine is synthesized frgpm@sphoglycerate which is an intermediate
metabolite of glycolysis and therefore available in abundance during the LP phase. Serine
then has two poential fates, (i) it is used as a precursor for biomass and monoclonal
antibody production, (ii) or converted through a series of reactions to glycerol producing
alanine (which is symported out of the cell with a proton) and regenerating two" BiAdD
one NADP. Glycerol is partly secreted and partly converted to glyceraldet3yde
phosphate, which can then either-enter glycolysis or be used in the glycerol phosphate
shuttle (GPS). The synthesis of serine within the cells is supported by the experimental
measurements Appendix Il sectionl.9 Figure Al Extracellular measured serine
concentrations are steady in the TBC indicating no net consumption suggesting any serine

the cell requires for biosynthesis has to be synthesised internally.

The increased aminacid degradation in the LP phase can result in growth inhibiting
accumulation of ammonia. The urea cycle is a mechanism of the cell to mitigate or delay
this effect(Ramirez et al., 2017PC1 loadings show that there is an increased production
and secretion of ornithine, emphasizing the increased uredecsgctivity in the LP phase
which is in agreement with previously published worlBonarius et al., 1996;
Zamorancet al.,2013) As was mentioned in Chapter 3 7f), the iCHO1766 model
contains all metabolic reactions encoded in the Chinese hamster gen&meeral
algorithms exist that take gene expression data iatwount generating a tissum cell
line specifiametabolic network from a global genome scale mo@@dam et al., 2017)

If no gene expression data is readily available or other limitations prevent the extraction

of tissue specific metabolic models from the respective genome scale models, known
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and/or suspected auxotrophies need to be taken into consiten. CHO cells do have
known amino acid auxotrophies which may vary from clone to cl(étedzi et al., 2016)
Additionally, othersuspected auxotrophiesiclude enzymes that are part of the urea
cycle such asarbamyl phosphate synthetase | (CP&) anithine transcarbamoylase
(OTC)Park et al., 2000)

Comparing the results of CYO1 to the otherethircell lines, a similar pattern in the
loadings can be observeHigure4.10 A-Q). All three cell lines run in feblatch show high
glycolytic activity in the LP phase coupled with high GPS and LPS activities but not
significantly different MAS activity. The LC phase is characterized by higher oxPhos activity
but interestingly TCA cylactivities are similar under both conditions. One consistency
between the four different cell lines concerning the TCA cycle is the increased succinate
dehydrogenase activity in the LC phase, seemingly substituting for lower GPS activity in
order to keepFADH levels steady. Flux through succinate ligase (ADP forming) is also
increased in all cases receiving its main carbon input through the catabolism of the amino
acids valine and isoleucine. In the interest of phenotygmmparison,a PCA containing
sanpled data from all cell lines resulting in a data matrix containinglBon samplesvas
performed (1 million samples per condition and cell line). This approach allows to see if
and which cell lines and/or particular metabolic sates (LP and LC) closfethér.
Clustering of metabolic states, i.e. all cell lines LP and LC sample data cluster together,
would indicate the variance in the data is dominated by the lactate metabolism as
opposed to clonal differences-urthermore, the corresponding loadings magive
indications about the global changes and potential triggers of the lactate switch. The
results show different metabolic phenotypes in the LP phase but according to the PCA all

cell lines exhibit a comparable LC pha&ppendix Il sectiod.9 FigureAl13).

In order to get a quantitative measure of the calculated differences of the LP and LC
phases across all cell lines a comparison of the top 300 loadings was performed. 114
loadings out of 300 matched across all cell lines where the majority of thehimat
loadings are towards the higher ranksadure4.10D). Based on the adlelHine-PCA and
the top 300 loadings comparison it can be inferred that the differencga/den lactate
consuming and producing metabolic behaviour shows a common underlying mechanism

across cell lines and processes.
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Figure4.10: Loadings analysis and comparison of these cell llR€sLoadings scatter plot for all three fed

batch cultured cell lines (A = EB7, B = 3C12, C = R33A). The same reactions are highlighted as for the CYO01
analysis shown ifrigure4.7. D) Comparison analysis of loadings for all four cell lines. 114 loadings of the

top 300 loadings match across all cell lines whereas 186 loadings are different. Matching loadiragseare cl

to the top ranks as indicated by the rank mean (calculated by summing up all ranks and averaging them).
The best rank mean achievable is indicated by the dashed green line (at rank 57.5) which is the average of
all ranks I 114. The orange dasheddiifat rank 207.5) indicates the best rank mean for all the mismatches

which is the average of ranks 1&5300 (best meaning all mismatches comprising the lowest dariKs

Individual comparison of top 300 loadings matches between cell lines.

When comparingthe top loadings between cell lines individually, matches are
slightly higher especially when comparing the-feich experiments among one another
(Figure4.10E). This is expected as EB7, R33A, and 3C12 were run with the same platform

fed-batch process unlike CYO1l. The dissimilarities between the media and therefore
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certain metabolite availabilitiesikely account for the majority of differences. Other
discrepancies between the batch and the {featch metabolic fingerprints include
increased IgG production in the LC phase of albf@dh grown cell lines. Along with the
assembly reactions of lightnd heavy chain and the antibody product, glycosylation
reactions are also increased in the fedtch culturesAdditionally,none of the fedbatch
cultures show differences in their urea cycle activity between LP and LC phases which may
be due to the facthat nutrient depletion is not a factor in febatch processes, hence
amino acid catabolism is performed continuously compared to the batch mode. Pyruvate
secretion during the LP phase was predicted by the model for CY01 as well as EB7 but not
for any of he other cell lines. Secretion of additional carbon such as pyruvate may be
correlated to the higher carbon taken up by CY01 and EB7 compared to 3C12 and R33A
(Apendix Il sectioB.9 Figure A1)l A summary of the top loadings and corresponding sub

systemds shown inTable4.2.

Tabled.2: Loading®verview for all four cell lines. Green checks indicate presence of thesdatieta
sub-systems within the top PCL1 loadings, red crosses absence. Arrows in LP flux column indicate whether
the flux through these subystems is increased or decreased during the LP phase compared to the LC phase.
Fields with a green check and a redsgindicate partial presence of the loadings in comparison to the CY01
batch culture.

Subsystems CY01 3C12 EB7 R33A LP flux
Biomass precursors P P P P a
Glycerol phosphate shuttle P P P P a
Glycolysis P P P P a
Proton secretion P P P P a
Pyruvate secretion P @) P @) a
Serine metabolism P P P P a
Truncated TCA cycle P P P P a
Urea cycle P 0] 0] 0] a
IgG synthesis (o) P P P A
Respiration P P P P A
TCA cycle P P/O P/O P/O A

4.4.4 Consolidation of data and metabolic analysis

In order to gain a more connected view of the differences of LP and LC metabolism,

the sampled fluxes for central carbon metabolism and other pathways/reactions
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highlighted by the preceding loadings analysis were averaged across all cell lines and are
shown in the flux mapsHigured4.11andFigure4.12). A comparison of the fluxaps clearly
shows increased glycolytic activity as well as increased GPS for the LP phase. 3
Phosphoglycerate is a branching point within glycolysis where one branch continues
downward towards pyruvate and the other branch is directed towards glycerskviae.
Glycerol gets partially secreted and drained according to the model as stated before.
Serine synthesis is an important part of metabolism for several reasons: (i) it takes carbon
out of glycolysis from where it can become involved in one carborabodéism (1C)
synthesising glycine, (ii) it is a source for biosynthesis of proteins, (iii) it is a source for
alphaketoglutarate formed by phosphoseripbosphataseo feed into the TCA cycle, (iv)

and finally it is a redox generator througBtphosphoglyerate dehydrogenaseAll
mentioned processes are important for fast proliferating céhsnelioet al., 2014;
Kalhan& Hanson, 2012; Locasale et al., 201d)addition to that serinecan be further
converted towardglycerol, regenerating NAD®ia glycerol dehydrogenase. Glycerol has
been known to be a redox drain similar to sorbitol and thre{@llicket al.,2015) The
divergence of carbon away from glycolysis towards serine puts additional pressure on the
redox balance within the cell, which the glycerol drain alone does not resolve. Higher
fluxes are going through-Bhosphoglycerate dehydgenase generating NADH than
through glycerol dehydrogenase regenerating NADP
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Figure4.11: Flux mapfor lactate producing (LP) metabolic phase. Flux values are sample means
averaged across all cell lines. All flux values were divided into seven groups according to their magnitude.
The grouping was done manually trying to capture similar number of flixesach group. A visual
representation of the flux grouping can be founddppendix Il sectiod.9 Figure A15The arrow thickness
and colourcorrespondo the flux groups, i.e. flux magnitude, where thin purple arrows represent the lowest
fluxes and thik red arrows represent the highest fluxes.

For the cell to maintain high glycolytic fluxes the NgDol in the cytosol needs
constant replenishing which is done by either by transferring reducing power into the
mitochondria via systems such as the mafagpartate shuttle (MAS), the glycerol
phosphate shuttle or via the herein presented, and elsewhsnggested and shown
lactate shuttle.LDH was long suspected to be a redox sensor for the cell as it is a fast
acting enzyme complex able to balance the redox ratio efficigitbrtley et al., 2018)
Based on the simulated results presented herein, it seems that on top of regenerating
NAD in the cytosol directly, LDH also produces lactat@rder for it to act as a redox
carrier transferring redox equivalents indirectly into the mitochondria (ERBre4.8)
thereby reducing the NADpool in the cytosol drther. This has been hypothesized for

years and there is even experimental evidence that lactate can be transported into the
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mitochondria of many different cell typg®8rooks, 2009; Kane, 2014; Luo et al., 2012;
Passarella et al., 2014kven in the LC phase, LDH operates in the forvdaetction
generating lactateKigure4.11). However, in the LC phase lactate is not secreted, on the
contrary lactate is taken up where all of the cytosolic lactatérassported into the
mitochondria and oxidized to pyruvate generating NADH in the mitochondrion. Cytosolic
LDH operating in the forward direction even in the LC phase can be attributed to the fact
that cytosolic LDH is primarily made up of LDHA isofornischaprefer pyruvate as a
substrate over lactate due to their conformation. Conversely mitochondrial LDH contains
mainly LDHB isoforms preferring lactate as substratdcu et al.,
2016;Valvoneet al.,2016) The secretion of lactate in the LP phase seems to be the result
of overflow metabolism as the additional carb@md or redox energy is not needed, i.e.

cannot be used by the cell.
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Figure4.12: Flux mapfor lactate consuming (LC) metabolic phase. Flux values are sample means
averaged across all cell lines. All flakes were divided into seven groups according to their magnitude.
The grouping was done manually trying to capture similar number of fluxes in each group. A visual
representation of the flux grouping can be founddppendix Il sectiod.9 Figure A15Thearrow thickness
and colourcorrespondo the flux groups, i.e. flux magnitude, where thin purple arrows represent the lowest
fluxes and thick red arrows represent the highest fluxes.

127



The TCA cycle does not seem to show any signifaiffierences between the LP
and LC phase at first based on the colour coding (mainly green simoeating fluxes
ranging from 0.X, 0.33mmolgDCW! h''). However, a closer look reveals that, starting
from alphaketoglutarate, fluxes are increased in th€ phase all the way to fumarate. An
exception to this is succin@loA synthetase (SCS) which is more active in the LP phase.
The numerical difference seems insignificant, however, looking into the actual flux
distributions for both phases, a clear sepigwa of the peaks can be observed resulting in
a significant difference as picked up by the loadings analysis of theeR&#Agle for SDH
in Appendix Il sectiorl.9 Figure A1% A similar scenario is observed for oxidative
phosphorylation, where slight nuenical increases in flux through each of the complexes
in the LC phase can be sedfiglre4.12). The distributions are very narrow resulting in
statistically significat differences between the sampled flux distributions. This is why
these reactions contributed substantially to the separation of the two samgbddsets
in the PCA. Despite allowing the model to take up the same maximum amounts of oxygen
in all cases (l=&d on literature values) the ROS generating complex 1V is preferred over
the nonROS generating counterpart in the LC phase. Higher oxidative activities have long
been associated with increased generation of ROS through the respiratory apparatus
(Handlogten et al., 2018However, it is inteesting to see that the curatedCHO1766
model is reflecting this phenomenon purely based on the extracellularly measured uptake
and secretion rates. Based on these measured values combined with-aamstructed
and curated genomsacale metabolic modelral ccFVA, the network reflects known
physiologies far away from the input nodes (constraints) building confidence in the global

output of the model.

Also shown in the flux map and present in the top loadings analysis is the difference
in CQ and proton seretion rate. The increased drainage of protons by the model in the
LP phase suggests acidification of the intracellular space based on the metabolic activities.
Acidification of the cytosol amongst others, is associated with increased glycolysis fluxes
asthey are linked to ATP hydrolygiKkemp et al., 2005)As glycolytic fluxes decrease
during the LC phase a significant difference in the acidification is expected and supported
by the model analysis. During the later stages of the cultorgards the stationary phase,

cultures tend to shift to a more oxidative metabolism. This higher oxidative metabolism is
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generally accompanied by increased.G€cretion which depending on the process and

scale may result in increased pg€vels(Brunner et al., 2018; Templeton et al., 2013)

4.4.5 Hypothesis for the switch in lactate metabolism

Based on the experimental and modelling results presented herein as well as by
reviewing relevant scientific literature a series of hypotheses regarding the switch in
lactate metabolism is presented and discussed. According to the findings of this study,
lactate acts as a redox shuttle into the mitochondria and does so even in thbdse
where cytosolic LDH continuously produces lactate. One reason for this seems to be the
very high glycolytic fluxes which efét the NAD'NADH ratio in the cytosol. The high
glycolytic fluxes are the result of several factors including high expressi glucose
preferred transporters of the GLUT family (GLYJ&nd the concentration difference
between intra and extracellular glucog&agnoret al., 2011; Macheda et al., 2005)
Therefore,the large influx of glucose tridd down glycolysis resulting in large fluxes all
the way to pyruvate. If the secretion of lactate was purely due to overflow metabolism or
intracellular pH regulation the cells could simply secrete pyruvate which uses the same
MCT transporter as lactateyporting a proton. Instead pyruvate is converted to lactate
which achieves two things: (i) it regenerates the Np@bl and (ii) it removes a proton via
MCT transport out of the cell delaying cytosolic acidification. The ability to transport
lactate out d the cells is dependent on two factors: (i) the pH differences between-intra
and extracellular space and (ii) the concentration difference of lactate between arith
extracellular spacgDraoui & Feron, 2011; Kyriakopoul&sontoravdi, 2014) pH is
known to affect lactate metabolisnflvarssoret al.,2015; ListeCalleja et al., 2015;
MartinezMonge et al., 2018; Zalai et al., 20153 ctate can be secreted lye cells even
if the extracellular concentration is higher than the intracellular concentration, however,
only if the proton gradient is strong enough to pull lactate against its concentration
gradient. Once the combined concentration gradient does nlatvakhe cell to secrete
lactate anymore, the preceding steps all the way up glycolysis slow down as NAD
regeneration is not possible anymore resulting in a lower glucose uptake rate as opposed
to a reduced glucose uptake rate being the cause for the vfulukutlaet al., 2012)

Therefore,it is proposed tht:
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1. the generation of lactate is due to redox balancing of the cytedoth occurs
throughout the whole cell culture process.

2. therate at whichlactate issecreted idased ortwo factors: (i)eitherthe rate
at which lactate can be transported into timeitochondriavia MCTs (iipr the
required energyand carbon demandby the cellis alreadymet, ergo lactate
cantherefore be secreted(wasteproduct of glycolysis).

3. the switch in lactate metabolism ausedby the relative proton and lactate
concentration gradient across the cell membrane, i.e. a change of
concentration of lactate and/or protons on either side of the cell membrane

affects the directionality of the transport.

The ability of the cells teegulate the redox balance is crucial where enhancing other
redox drains within the metabolism or introducing new ones may reduce the production
of lactate. The switch in lactate metabolism as hypothesised can be manipulated through
changing the proton asifor lactate concentration gradient. The gradient of protons and
lactate can be adjusted either through pH manipulation (protons) or by changing the
substrate and product concentration for LDH, e.g. lowering pyruvate pools by redirection
towards other met#olic routes.One important point to addo thisis that the maximum
tolerable lactate concentration within the ceWhich affects the maximum concentration
that can be secreted along the proton gradieistlikely todependon, and therefore vary,

between cell lines.

4.5. Conclusion

The experimental and computational results presented herein combined with
statistical analysis, and a surveying of the literature have led to a new hypothesis about
the switch in lactate metabolism. While the hypothesis that thé&shwis happening based
on the pH and lactate concentration difference between intaad extracellular space is
not novel, the effect lactate metabolism has on glycolytic fluxes as well as the dependency

on the lactate shuttle have not been presented mstform before. Several approaches
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exist to prove the stated hypothesis which include the manipulation of lactate
concentration in the medium, extracellular pH manipulation, glucose uptake inhibition,
and intracellular redox balance modification. Whilese approaches have been tested
individually to a larger or lesser extend the combined investigation of these factors has

not yet been reported in the literature and will provide more certainty about the herein

stated hypothesis.
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CHAPTER 5

Process changes to manipulate lactate

metabolism

In Chapter 4modetbasedanalysis was performed on experimental data of different
CHO cell lines in both controlledQL fed-batch bioreactors) and uncontrolled (1
shakeflask) culttes. ccFBA was used to study CHO cell metabolism under these conditions
and multivariate data analysis (MVDA) of the sampled flux distributions revealed key
metabolic differences between the lactate producing (LP) and lactate consuming (LC)
phases of the wture. In this chapter design of experiments (DoE) tools were used to
design a set of tractable experiments aimed at validating the hypotheses from the

computational analysis presented in the previous chapter.

5.1. Introduction

Lactate metabolism, as discussed throughout this thesis, is a critical aspect of CHO
cell metabolism that still requires further understanding. Many efforts have been made
in order to understand the cause for the Warburg effect as well as the underlying
mechanism governing the switch from lactate production to consumption
(Hartleyet al.,2018; Torre®t al., 2018) The production and consumption of lactate can
indeed be manipulated using a wide variety of strategies including low glucose feeding
(Gagnoretal., 2011) increagd copper concentration in media(Yuk et al., 2014)
alternate carbon sourcegKwangetal.,2018) pH control (lvarsson et al., 2015)
temperature shift(Yoon et al., 2006and metabolic engineerindGupta et al., 2017)
However, while the above mentioned approaches successfully altered the lactate

metabolism, one have been able to answer the question of the underlying mechanism.

Previous experimental and computational analysis of the metabolic state before and
after the switch in lactate metabolism have led to the hypothesis that the lactate

metabolism is drive by a series of metabolic events starting from the passive uptake of
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glucoseFigures.1 shows a schematic overview of the metabolic events driving the lactate
metabolism. The passive uptake of glucose through glucose transporter 1 (GLUT1)
dictates the flux through glycolys{&agnon et al., 2011As long as glucose is converted

to glucose6-phosphate by hexokinase, this passive uptake can continue based on the
concentraton gradient Figure5.1 (a)). The end product of glycolysis is ATP, NADH and
pyruvate Figure5.1 (b)) which, when glycolysis is operated at high fluxes, shift the
NAD/NADH ratio towards NAD(van Hoek & Merks, 2012The NADNADH ratio and
accumulation of pyruvate drive lactate dehydrogenase (LDH) towards lactate thereby
consuming pyruvate and regenerating the NA@bol (Figure5.1 (c)). Lactate starts
accumulating within the cell until the combined proton and lactate gradient between the
intracellular and extracellular space favours secretion via the monocarboxylate
transporter 1 (MCT1)Hgureb5.1 (d)) (Hartley et al., 2018)Once an equilibrium has been
reached, i.e. the lactate/proton gradient does not support secretion anymore, *“NAD
cannot be replenished sufficiently via LDH due to intracellular lactate accumulation. This
accumulation slows the glycolytic fluxes down back up to the uptake of glucose.
Subsequently, more lactate can be transported into the mitochondria than is prodyced b

LDH and uptake of lactate is favoured.

It was shown in several independent studies that the proton concentration of the
media, i.e. the pH, has a significant impact on cellular metabolism, especially the lactate
metabolism(lvarsson et al., 2015; Xu et al., 2016; Yoon e2@06; Zalai et al., 2015)he
lower the pH setpoint (i.e. the higher the proton concentration) of the media the lower
the lactate secretion by the cells. However, it was found that while lower pH results in
lower lactate production, it also is ofterteompanied with lower growtfXuet al., 2018)
Considering a high glycolytic activity results in acidification of the cytosolic pHapH
higher extracellular pH (piiwill allow a longer, faster glycolytic activity resulting in better
growth. However, higher pdresulting in a higher glycolytic activity is often linked to
increased lactate secretion as was observedMayssoret al. (2015)and Xu et al(2018)
Contrary to those findingsKonakovskt al. (2016) has shown that an increased
glycolytic flux can be maintained while having reduced lactate secretion. This was
achieved through controlling glucose at low levels combined with a high pplogst of

7.4. This strategy is igood agreement withthe earlier developed HiPDOG strategy by
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Gagnon et al(2011) As pH has such a great impact on thetabelic behaviour of
mammalian cells and is easy to manipulate experimentally it was chosen as a factor in the
design of this experiments. Interesting to see will be the potential interaction with the

other factors included.

H()
Glucose gradient
Extracellular drives uptake
space
Cytosol (a)
bH
NAD*

\

Lactate and/or H* NAD*/NADH and lactate/pyruvate
gradient drives LDH

NAD* ‘ NADH o (b)

gradient drive secretion

Figure 5.1: Schematic representatiof the hypothesis derived from computational analysis
presented in Chapter 4. (a) Glucose transport into the cell via GLUTL1 is passive based on the concentration
gradient. Instah conversion of glucose to gluce$ephosphate through hexokinase upon entering allows
continuous influx of glucose. (b) Fast glycolytic enzymes metabolize glucose to pyruvate producing NADH.
(c) Shifting of NAEINADH ratio towards NADH and accumulatiorpgfuvate result in lactate production
through LDH. (d) The concentration gradient of protons and lactate across the cell membrane regulate
secretion of lactate. (Not shown in this graph is the hypothesised lactate shuttle into the mitochondria as
this isexperimentally not tested)

As hypothesized in the previous chapter as well as by other researchers
(Huetal.,2017) the ability of the cells to secrete lactate is dependent on the proton
concentration gradient between intraand extracellular space (i.e. difference between
pH andpH:) as well as the lactate concentration gradieRtdiminary have shown that
different setpoints of pH resulted in distinctly different peak lactate concentrations
(Appendixlll section 1.1F-igure A1k Therefore, introducing lactate from the beginning

of the culture at various concentrations will@k to confirm or deny this hypothesis as it
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Is tested in combination with pH. It was shown before that a high extracellular lactate
concentration drives uptake of lacta{®ulukutla et al., 2012)vhich should be more or

less pronounced depending on the pH

The ability of fast proliferating cells to consume glucose in vast quantities and
seemingly wastefily, converting it into lactate has long been known and was named after
its discoverer Otto Warburg in thel950s (Lunt & Vander Heiden, 2011;
Vazquezt al.,2010; Warburg1956) The linkage between glucose uptake rate, therefore
glycolytic rate, and lactate production/consumption has been shown through
transcriptomics and modelling of before and after the switch in lactate metabolism
(Mulukutla et al., 2012)These findings have also been confirmed by other researchers
and by the results presented iGhapter 4 (Hosios et al., 2016; dtinezetal.,2013;
Zalaiet al.,2015) In addition, it is known that the glycolytic fluxes are directly
proportional to the glucose uptake rat@alaiet al.,2015) The uptake rate of a cel$
dependent on several factors including expression of GLUT transporters and process
conditions such as pH. However, the actual mechanism of glucose uptake is concentration
gradient driven and therefore energy independéMacheda et al., 2005 ontrolling the
uptake rate of glucose allows indirect control over the magnitude of the glycolytic flux as
has been shown by knockitipwn the GLUT trasporters (Paredest al.,1999) or
feeding glucose at very low leve(&agnoretal.,2011) Other strategies to reduce
glycolytic fluxes involve the deeding of other carbonaurces such as mannose, fructose,
or galactose or substituting glucose as carbon source compl@ébmirano et al., 2006;

Inoue et al., 2010; Kwang et al., 2018; Torres et al., 2016t 24 2016)

There are two obvious strategies to how to manipulate thglucose uptake rate
experimentally (i) through metabolic engineering efforts such as knocking down the
expression of glucose affine transporters (GLABY(Paredes et al., 1999y (ii) through
targeted chemical inhibition of the GLUT transportetsmtaropoulou et al., 2015As the
experimental validation of the hypothesis presented herein was designed as an initial
proof of concept, the more readily impieentable approach of chemical inhibition was
preferred. Different concentrations of-@eoxyD-glucose (ZDG) were chosen in this
experimental design which has been proven in literature to be an effective glucose

metabolism inhibitor(Aft et al., 2002) 2-DG competes with glucose for intracellular

135



transport via the glucee transporter type 1 (GLUTapd then furthercompetes with
glucose for hexokinase mediated phosphorylation to forD@6-phosphate, which is not

further metabolized to any significant extent

5.2. Aim and Objectives

The overall aim of this chapter is to irstgate the interaction between the
transmembrane proton gradient, extracellular lactate concentration, and glucose
uptake/glycolytic fluxes and their impact on lactate metabolism. In order to achieve that
aim, a DoE approach was chosen evaluating keyoresgs including the specific growth
NI S >3 ALISOAFAO tFOGFGS LINRPRAzOGAZ2Y NI GSZ |

following objectives were set:

1 Evaluate the combined effects of extracellular lactate and proton (pH)
concentration on lactate metaolism. This will elucidate how transmembrane
concentration gradients (lactate, protons) affect lactate secretion and how
crucial lactate secretion is to cell proliferation.

1 Evaluate the impact of lactate metabolism on cell growth in order to
determine whether lactate production is a necessity or just a side effect of fast
proliferating cells.

1 Screen and evaluate the suitability of GLUT1 inhibitors as means to-down
regulate glucose consumption and therefore glycolytic fluxes.

1 Evaluating if growth is impaetl by lower glycolytic fluxes. If growth is not
inhibited this would be an indication that the glucose metabolism is driven by
the concentration gradient of glucose between extaad intracellular space

and not a necessity for the cell.
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5.3. Materials andMethods

5.3.1 Design of experiments (DoE)

In order to evaluate the effects from different pH gmints, 2DG concentrations
for GLUTL1 inhibition and initial lactate concentrations on the cells metabalidasign of
experiments was performedAll statistich analysis was performed with the statistics
software JMP® Pr&AS InstituteUSA), version 14.1.0. For all statistical testsitical
AA3IYATAOI y 005 waS @dplied. @UFlier lanalysis was performed using the
jackknife distance measures whicltéculatedusing the estimates of the mean, standard

deviation, and correlation matrix not containing the observation it§@lienouille, 1949)

Tableb.1: Factors and corresponding levels for the DoE. Cell line is not considered a factdaedut lis
for information only.

Factor -1 0 +1
pH 6.8 7.0 7.2
Lactate 1.0gL? 3.5¢gL? 6.0gL?
2-DG 0mM 0.5mM 1.0mM

Cell line 3C10

Only three factorswere tested in this desigmencerotatability wasnot considered
an issue leading to a faaentred full factorial design choicAn additional reason for this
choiceis the fact that a central composite design would result in process conditions that
are not viable or feasible for testing (e.g. very lpi or negative concentrations of
lactate) For each of the three factors under investigation, three levels were chosen based
on process knowledge. Ranges for pH were chosen between 6.8 and 7.2 which is a
common operating range and sufficient to see changegshe lactate metabolism
(Flickinger, 2013; Ivarsson et al., 2015; Miller et al., 198&)tate concentrations were
chosen based on previous experiments run with the same cell Aippendixlll section
1.10Figure A1l The peak lactate concentrations observed in that experiment for the
different pHset-points (6.8¢ 7.2) were used here as initial lactate concentration (1, 3.5,
6 g L'Y). Concentrations for-BeoxyD-glucose retrievedrom relevant scientific literature
(Gu et al.,, 2017; Malm et al., 2015; Muletyal.,2012) were tested in a screening
experiment in shake flasks. Based on the results of the screening expeseestction
5.4Results.4.1 2-deoxyD-glucose prescreening the final concatrations used in
the DoE ranged from €1 mM. An overview of the factors and levels are showiable
5.1.
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The 3x 3 x 3 factorial design resulted in 27 experimentainditions. An additional
three repeats were added at the centre point for reproducibility, resulting in a total of 30
experimental runs. 48 ambrl5®vessels were available for this experimeniah set an
additional 18 replicates were added to the desig@orner points (8 vessels), selected
corner points (indicated by the filled red circlein Figure5.2, four vessel} as well as the
face centres (six vessels) were run in duplicate. The extra points in this design were chosen
empirically, however, the design was evaluated in terms of suitgbiegarding
information/ predictability by evaluating the prediction variance surface. The prediction
variance surface shown Figure5.3 shows good predictions acresll three variables in
the centre of the design. The corners of the design space are expected to show more
variance as these conditions are further away from the normal operating window.
Additionally,these points (corner points) have less surroundingfsoresulting in a lack

of information from neighbouring points which leads to increased variance.

G

1.0

o5 O——G

2-DG (mM)

0.0

6.8

Figureb.2: Full factorial face centred DoE design. The experimental points are colour coded where
faint orange () represents a single point, orange)(duplicate points, red,() triplicate points and green
(, ) the centre point with four replicates. In total this design contains 48 experimental conditions (including
repeats).
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Figureb.3: Prediction variance surface for all 3 factors. A) Prediction of variance for lactate and pH.
B) Prediction of variance forRG and pH.

All conditions were randomized within the ambrl5® system in ordeavoid
systematic errors. An overview of all conditions, their corresponding culture station and

vessel is shown below ifableb.2.

Table5.2: ambr 15® vessel sap. 48 vessels as described in the DoE design were randomized and
run as shown in this table.

Culture  Vessel pH Initial lactate  2-DG conc. Volumesto pH- Lac 2-DG DoE Tag

station 1D conc. (g1 (mM) I RR 0> Level Level Level

Csl csu 7 1 0 0.0 M L L M-L-L
Csl CS12 6.8 1 1 49.2 L L H L-L-H
Csl CS13 7 6 1 49.2 M H H M-H-H
Csl Ccsu 7 1 1 49.2 M L H M-L-H
Csl CSis 7.2 1 0.5 24.6 H L M H-L-M
Csl CSi6 7.2 35 0 0.0 H M L H-M-L
Cs1 CSi/ 6.8 6 1 49.2 L H H L-H-H
Cs1 CS18 7 35 0.5 24.6 M M M M-M-M
Cs1 Cs1 7.2 1 1 49.2 H L H H-L-H
Cs1 CSH0 6.8 6 1 49.2 L H H L-H-H
Cs1 csu1l 7 6 0.5 24.6 M H M M-H-M
Cs1 csuz2 7.2 6 1 49.2 H H H H-H-H
CS2 csza 7.2 1 1 49.2 H L H H-L-H
CS2 CS22 7 35 0.5 24.6 M M M M-M-M
CS2 CS23 6.8 1 0.5 24.6 L L M L-L-M
CS2 CS24 6.8 6 0 0.0 L H L L-H-L
CS2 CS25 7 1 0.5 24.6 M L M M-L-M
CS2 CSx% 7.2 6 0 0.0 H H L H-H-L
CS2 Cszr 7.2 6 0 0.0 H H L H-H-L
CS2 CS28 6.8 6 1 49.2 L H H L-H-H
CS2 CS29 6.8 3.5 1 49.2 L M H L-M-H
CS2 CS210 6.8 3.5 0.5 24.6 L M M L-M-M
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Culture  Vessel pH Initial lactate  2-DG conc. Volumesto pH- Lac 2-DG  DoE Tag

station 1D conc. (g1 (mM) I RR 0> Level Level Level

CS2 cs211 7 35 1 49.2 M M H M-M-H
CS2 CS212 6.8 3.5 0.5 24.6 L M M L-M-M
CS3 CS3L 6.8 3.5 0 0.0 L M L L-M-L
CS3 CS2 6.8 6 0 0.0 L H L L-H-L
CS3 CS33 7 1 0.5 24.6 M L M M-L-M
CS3 cssa 7.2 6 0.5 24.6 H H M H-H-M
CS3 CSH 7 6 0.5 24.6 M H M M-H-M
CS3 CS% 6.8 1 0 0.0 L L L L-L-L
CS3 CS37 7 35 0.5 24.6 M M M M-M-M
CS3 CSx:8 7.2 35 0.5 24.6 H M M H-M-M
CS3 CSx® 7.2 6 1 49.2 H H H H-H-H
CS3 CS310 7 3.5 0 0.0 M M L M-M-L
CS3 CS311 7.2 1 0 0.0 H L L H-L-L
CS3 CS312 7.2 3.5 0.5 24.6 H M M H-M-M
Cs4 Cs4 7.2 1 0 0.0 H L L H-L-L
Cs4 CS42 6.8 1 49.2 L L H L-L-H
C34 CS43 7 35 0.5 24.6 M M M M-M-M
Cs4 cs4 7.2 6 1 49.2 H H H H-H-H
C34 CS4 6.8 1 0 0.0 L L L L-L-L
C34 CS46 7.2 1 1 49.2 H L H H-L-H
C34 CS4r 7.2 6 0 0.0 H H L H-H-L
C34 CS48 7 3.5 1 49.2 M M H M-M-H
C34 CS49 7 6 0 0.0 M H L M-H-L
C34 CS410 7 3.5 0 0.0 M M L M-M-L
C34 CS411 7.2 3.5 1 49.2 H M H H-M-H
C34 CS412 6.8 6 0.5 24.6 L H M L-H-M

5.3.2 Mediaand reagents

Experiments were performed using proprietary chemically defined media and feeds.
Due to varying media composition, i.e. different levels of sodium lactate and sodium
bicarbonaté, sodium chloride amounts were adjusted in order ensure comparable
osmolality values. Nine different media were prepared accounting for the different lactate
and bicarbonate levels. One consideration made was that lowering the sodium chloride
concentrationwould introduce changes in the chloride concentration compared to the

standard platform process (sodium is constant due to sodium lactate being added).

3 Sodium bicarbonate concentration was adjusted according to the pigaat of the condition.
Reactors run at pH 6.8 were run with medntaining less sodium bicarbonate than reactors run at pH 7.2
whose media contained more sodium bicarbonate. This was done so initial pH would be closer te the set
point avoiding excessive correction through base addition orgpérging.
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Generally salt is added to culture media to ensure appropriate osmolality, however
sodium and chloridgalso potassium) are important for the regulation of membrane
transport of nutrients hence are an important consideration. No satisfactory values for
lower chloride limits could be found in literature but only a ratio of sodium to potassium
is discussediFlickinger2013) Due to the lak of information it was decided that lower

chloride limits should not be less than half of the standard process. Due to the proprietary
nature of the media compaosition no exact values are given

The lowest sodium chloride condition (lactate =gB') resuts in a final
concentration of 40.InM of chloride (C) which is slightly more than half of the standard
platform process media and therefore consideréol have no impacton culture
performance. Expected osmolality values range from 320 tor8368mkg! which is
considered to be at the edge of physiological val(ldskinger, 2013; Leong et al., 2017;
Xu et al., 2018)however, internal experimentation (data not shown) has shown that for
the process used in this work values up to 380smkg?! are nonprocess impacting.

Actual measured osmolality values are displayeligure5.4 and are in agreement with
the calculated values.

[EmigLsp
Osmolali
L ommes, [35gLsP
‘
ISEU
| 345

eyl sP

o

S =17 - —|

aTsT

B
S
o
L

pejowso
IS
L

?
ey

%
Actual Lactate (g L")
w
\

(B wsow) Ay
o
h

o

T T
1 35 6
Lactate SP (g L)

Figure5.4: A) Measured osmolality of all 9 different media conditions. Media was sampled after

bioreactor inoculation. B) Measured lactate concentration of the media across all bioreactors. Dotted line
indicates target concentration.

In order to partially block glucose uptake of the cells, especially in the beginning of
the culture, a onetime addition post inoculation with a stock concentration ofr8862-
DG was performed (Cat. Nd8375¢ SigmaAldrich) which is the solubility limitA

saturated solution was used in an effort to keep the addition volume below 1% of the
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reactor volume avoiding any substantial dilution of the other media components and cells.
An overview of the volumes added per condition is showTable5.3. Solution was
diluted in RO and sterile filteredNlillex-VV Syringe Filter Unit, Opin - Merck-Milliore)

before addition to the bioreactors.

Table5.3: Final concentrations of-BG per condition and respective volumes added of ther885
stock solution to the ambr15® bioreactor vessels (total volumeniLp

2-DG (mM) | Addition of stock (uL) percentage of reactor volume

Level-1 0 0 0.0%
Level O 0.5 24.6 0.16%
Level +1 1.0 49.2 0.33%

5.3.3 Culture conditions and analytical methods

The cell line used in this experiment like all the others used throughout this thesis
was an industrial GEHO (Glutamine Synthas€hinese Hamster Ovary) cell lifleonza
Biologics PLC, Slough UKje cell line 3C10 was generated by transfecting CHOt€lISV
with a construct containing GS and the chimeric 1IgG4 antibody (cB72.3). Cells were stored
in a liquid nitrogen dewer until revived for subculturing. Cell revival was performed
FOO2NRAY3 (2 [2y1 Q& AYyGSNYI t &sidcyrfeitadR 2 LIS NI
in the electronic laboratory notebook syste@ells were grown inon-vented shake flasks
of varying sizes (250L¢2] 0 S6AGK | YIFEAYdzY 62Ny Ay3 @2t dzy$S
volume. Flasks were gassed with 5% @@r to incubation at 8.5°C and 140pm (orbit
diameter = 2.£m). Cells were subcultured for at ledst days but not more than 30
before inoculatinghe experiment. Every three or fodiays, cells wersubculturedinto a
new shake flaskt 0.3x 10° viablecellsmL* for a fourday or0.2 x 10° viablecellsmL:* for

a three-day subculture.

The experiment was run with the ambrl5® system (Satorius AG, Goettingen,
Germany) using mammalian cell bioreactors with a pitched blade impeller. One day prior
to inoculation the sgtemwas setlizL | OO2NRAy 3 (2 [2yT Q& aidl yRI
(SOP). This included cleaning the system, putting all 48 vessels inside, loading-the pre
programmed protocol onto the system (platform process with adjustments according to

the DoE designgntering calibration data, loading the bed with reagents and media fill.
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Media fill is done a day in advance to evaluate vessel functionelygrdingsterility and
sensors (DO and pH). Process parameters were monitored and controlled inghtling

DO andemperature. pH control waachieved usin@€Q and a proprietarypasic solution.

Viable cell density was measured overnight automatically with a connect€eVi
XR analyseérom Beckman Coulter Inc. (Brea, California, UBA)tions were performed
from working day 1 onward at varying ratios using PBS as diluent (prepared fresh in
house). Offline pH was measured daily using the pH analysis model from Sartorius and
adjusted accordingly. Starting from day two daily glucose measurements were performed.
The measured values were entered into the ambrl5® software and feeds were adjusted
based on a proprietary model. Metabolite measurements (lactate, glutamine, glutamate,
ammonia) were performed every two days using the BioProfile FLEX2 Andlgmer (
Biomedical, Waltham, Massachusetts, YSA a 1:2 dilution. Final day product
concentrationwas measured by the internal analytics department using a proprietary

Protein AHPLQrotocol.

Specific consumption and production rates were calculated for measured
metabolites and product tire according to the formula stated below:

Yo ¢

e Eg5.1
YOw ® (Ea5.1)

n
Wherer] stands for the specific metabolite rat¥e stands for the concentration change
of measured the metaboliteY0 stands for the difference in time between two
consecutive samples arKistands for the viable cell density. Theearunder a curve was
calculated using the trapezoidal approximation approach. All areas were calculated
according to the formula stated below:
Yo & @

o) (Eg5.2)
G

WhereY stands for the ¥alue of the parameter under investigatiam, is the area
under the curve of parameteY, and Yo stands for the difference in time between two

consecutive samples of
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5.4. Resultsand Discussion
5.4.1 2-deoxy-D-glucose prescreening

2-deoxyD-glucose (DG) is a@ompetitive inhibitorthat competes with glucoséor
intracellular transport via thelgcose transporter type 1 (GLWU)land was chosen in this
experiment in order to reduce the capability of the cells to take up glucbtke thee
levels chosen were based on several publications which state differghvélues ranging
from 1- 15mM (50% viability/ survivaliGu et al., 2017; Malm et al., 2015; Muley et al.,
2012) Considering the goal is to only reduce glucose uptake and not impair growth, lower
concentrations were chosen. The highest concentration chosen in this screening

expaiment was 10nM as this is close to thed{value found for breast cancer cells.

Three different concentrations were tested includingnM, 5mM, and 10mM of
2-DG. Four250mL shak#asks were run, including one control cultureeach
supplemented with one of the three stated concentratiods2-DG stock solution was
addedof 305mM 2-DGwas used and volumes accordingTtable5.4 were added to the

respective cultures. Cell counts and metabolite samples were taken on days 0, 2 and 4.

Table 5.4: Target concentrations and volumes added to the-pxperiment cultures (256nL
shakeflasks with 20% working volume).

Target concentration, Amount of stock

(mM) solution added (L)
1 165
5 821
10 1642

The resultsshow that all three tested concentrations had an overall impact on cell
growth and metabolismHigure5.5). Asexpectedthe higher the 2DG concentrationkte
Y2NB LINRYAYSYyld G(GKS STFSOGa 2y GKSmMam G dzZNBE Q4
10mM showed comparable growth profiles and therefore comparable growth rates (0.2
¢ 0.35days?). Additionally,the two higher concentration conditions showed a slight dip

in viability on day 2 (down to 95% compared to 99% for the control antllcondition)

41Gyis thehalf maximalnhibitory concentratiorwhich representshe effectiveness of a substance
in inhibiting aparticularbiological or biochemical functiodccording to thd=ood and Drug Administration
(FDA, I1Goisthe concentration of aubstancehat is requred for 50% inhibition in vitro
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but recovered by day 4 to a viability >98%. The different concentrations of glucose seen

in the glucose profes may be due to the interference of thelXs. The resulting specific

uptake rates seem to be directly correlated to growth.
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Figure5.5: Cell culture data for-BleoxyD-glucose pe-experiment (n=1). A) Viable cell density B)
Viability C) Growth rate E) Glucose concentration F) Lactate concentration G) Specific glucose rate F) Specific

lactate rate.

The results ofFigure5.5 indicate no obvious difference in metabolic performance

between cultures containing M and 10mM of 2DG. Looking at the lactate profiles

(Figureb.5 E) it is worth noting that the cultures exposed to the higher concentrations of

2-DG start consuming the very little lactate they had produced after day 2 unlike the

control and ImM 2-DG culture which produce lactate up until day 4. Thedolactate

concentration of the InM 2-DG culture compared to the control seems to be

proportional to the lower uptake in glucos€igure5.5 D and F). This implies a necessity

for the cells to consume excess glucose and convert it to lactate in order to support high
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growth rates which is in accordance to the observations of other studies in literature
(Badsha et al., 2016; Cao et al., 2007; Martiidpnge et al., 2018)

The screening experiment revealed thab® does not kill the cultures but prevents
any sgnificant growth at concentrations of 5mM or higher. It did have an interesting
impact on the lactate metabolism, however. For the ambrl5® DoE concentrations of
1 mM, 0.5mM and OmM were chosen. This ensures checking for effects of pH and lactate
only (OmM condition) as well as minor effects of blocking upper glycolysis which seems

particularly interesting in combination with high initial lactate concentrations.

5.4.2 DOE results

5.4.2.1General culture data

The culture data shows a wide range of performance based on the different
conditions of pH, initial lactate concentration andD&. All vessels but one were
completed successfully. One contamination occurred (vessel/C®Bich was detected
the day afterinoculation therefore likely to have happened during the inoculation
procedure. The compromised vessel was a centre point of the design of which there were
four. The loss of a centre point does decrease the statistical power of the design, i.e.
decrease tle probability of detecting significant effects of the factors as replicates allow
for the estimation of the pure error of the design space. However, the herein presented
design contained three additional centre points as well as multiple duplicate arnidditip
points ensuring enough statistical power for the estimation of the pure errdfigare5.6
Viable cell density &), viability (EF), and the lactate profile€s1) of all remaining 47
vessels are shown. Maximum viable cell densities spread over a range of more than

40x 1P cells mtL,

Taking a closer look at the colouring of plot€CAt can be noted that the low
performers have a low pH sebint (Figure5.6 A magenta circle ) and high initial lactate
concentration Figure5.6 B raspberry circle ) in common. No match was observed
regardingamount of 2DG added to the cultures with low maximum viable cell density
(VCD) Figure5.6 C). This wggests a strong correlation of lactate and pH but n@@
concentrations with growth. The viability profiles suggest an early decline in viability

starting around day 5 for conditions with low pH (6.8), high initial lactatel.(§, and high
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2-DG concatration (1mM). This is not surprising, as a lowephd high extracellular
lactate concentration inhibits the efficient secretion of lactate from the cells as was
suggested by previous analysis covered herein and by ofklerst al., 2017)The lactate
profiles of those cultures are flat or show a little consumptiBig@re5.6 G). This initial

look at the culture data suggests that the cells under these conditions are not able to (i)
consume glucose/ use glycolysis efficiently (ii) consume lactate instead of glucose (iii)
support compaable proliferation without glucose or fall back on any of the other carbon

sources (e.g. amino acids, data not shown).
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Figureb.6: General culture data for ambr15® DoE experimA#E) Viable cell density of all reactors
coloured by pH sepoint (A), initial lactate concentration (B), aneD& concentration (C).-B) Viability
profiles coloured according to-8 respectively. @ lactate profiles coloured according to graphsCA
respectively.

No clear trends can be observed when looking at the VCD, viability and lactate
profiles of the cultures when coloured by the respectivB@ concentrations they were
exposed to. This suggest low to no obvious effect of that particular factordbr to get

a more comprehensive view of the data statistical tools were employed.
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5.4.2.2Statistical analysis of DOE data

Before performing any statistical analysis, the data (47 vessels) was tested for any
significant outliers based on the maresponses: specific lactate rate (qLac), specific
glucose rate (qGlc), peak lactate concentration and time integral of viable cell density
(IVCD). For this purpose the jackknife distance was calculated for each experimental point
(Figure5.7 A) (Quenouille, 1949)Based on that analysis five outlievere detected out
of which two were actual outliers, i.e. the cultures performed significantly differently from
their repeats Table5.2 CS19 and CS31), and three equired recalculation of the
responses as they contained errors. A root cause analysis was performed in order to
identify the reasons of the performance difference of the other two vessels. However, no
reasonable cause could be identified. The two poingsedeft out from any subsequent
analyses. In total 45 data points were taken forward (left out were one contaminated

vessel and two outliers as can be seefigure5.7 B).
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Column N DF Mean Std Dev Sum Minimum Maximum Range
qlac, (pg cell* day™) 45 a4 85.37 69.72 3841.69 -71.23 222.06 293.30
glac,c (pg cell” day™) 45 44 -5.13 22.55 -230.63 -34.22 80.27 114.48
qGle,p (pg cell™ day™) 45 44 -175.25 64.56  -7886.00 -329.80 -18.64  311.16
qGle,c (pg cell day™) 45 44 -130.42 35.63  -5869.00 -244.94 -59.87 185.07
Lac,eq (until Day 9) (gL7) 45 44 6.82 2.55 307.02 2.32 11.42 9.10
iVCD (until Day 9) (105cells day mL-l) 45 44 101.24 41.86 4555.62 17.75 149.01 131.26

Figureb.7: A) Jackknife distance outlier analysis of responses to be evaluated and fitted. Five outliers
were detected. B) DoE design cube showing removed points from the analysis (three poiri&s)inCip
Univariate statistics for six major responses to be evaluated. LP and LC phase correspond to rates between
days 2¢ 4 and 6¢ 7 respectively.

The data can be summarised by univariate analggigardingvariance, minimum,
maximum and range of theesponsesKigure5.7 C). Metrics worth pointing out include

the ranges, i.e. data spread, which imply more diverse metabolic behaviour during the
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early stages of the culre (LP phase) compared to the later stages (LC) as is evidenced by
the ranges for gLac and gGlc becoming smaller throughout. Additionally, the specific
uptake rate of lactate is higher in the LP phase for the LC pBasdarlythe maximum

gGlc duringhe LP phase is lower than during the LC phase. Intuitively this leads to the
suspicion that the low glucose uptake rate would be paired with a high lactate uptake rate

during the LP phase. However, in order to get a better picture of the interaction and

meaning of the data a multivariate approach is required.

Looking at the correlation between the main responskes(e5.5) five pairings were
found to have a significant correlation term, comprising two negative and three positive
correlations. The specific glucose uptake rates (gGlc) were statistically sigghfica
(p=0.0003) negatively correlated with the specific lactate exchange rates (qLac). This is
in agreement with previous studiegMulukutla et al., 2012, 2016)Peak lactate
concentration within the first nine working days positively correlates with gLac during the
LP phase. This suggests that even cakwith a high initial lactate concentration gé- 1)
secrete lactate at high rates. The peak lactate concentration correlates even better with
gLac in the LC phase. Under the tested conditions the data also suggests that a high gLac
in the early stagegust like gGlccorrelates with integral viable cell density (iVCD).

Table 5.5: Multivariate analysis of the main DoE responses. Pairwise correlation analysis was
performed between all mentioned responsescdtrelation of 1 meaning fully positively correlated afid
fully negatively correlated with one another. Correlation probability indicates statistical significance of a
particular pairingd ' ndnpov &

Variable by Variable [Correlation Count Lower95% Upper95% Signif Prob Corr.
glac,c glacp -0.1241 45 -0.4030 0.1758 0.4165 i
qGlcp glacs -0.5170 45 -0.7037 -0.2634 i
qGlcp glac,c 0.2374 45 -0.0603 0.4963 0.1164 .
qGlc,¢ glac;p -0.0377 45 -0.3276 0.2587 0.8059 r
qGle,¢ glac,c -0.0862 45 -0.3704 0.2127 0.5733 l
qGle,¢ qGlcp 0.1226 45 -0.1773 0.4017 0.4222 E
Lacpea,< (until Day 9) qlacp 0.4347 45 0.1618 0.6458
aCpeqk (Until Day 9) glac,c 0.5762 45 0.3402 0.7439 -
Lacpeak (until Day 9) qGlegp -0.1658 45 -0.4380 0.1343 0.2765 l
aCpeak (Until Day 9) qGle ¢ -0.2353 45 -0.4947 0.0626 0.1197 !
iVCD (until Day 9) qlacp 0.7924 45 0.6500 0.8810
iVCD (until Day 9) glac,c -0.2351 45 -0.4945 0.0628 0.1201 .
iVCD (until Day 9) qGlcp -0.3443 45 -0.5793 -0.0565 0.0205 -
iVCD (until Day 9) qGle ¢ 0.1402 45 -0.1600 0.4165 0.3585 I
iVCD (until Day 9) Lacyeax (Day 9)[  0.1502 45 -0.1499 0.4250 0.3247 !
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In order to obtain a better understanding of the hotlie different responses
interact with oneanother, the DoE data was used to fit standard least squares models.
Subsequently the models can be visualized with contour plots aiding the interpretation of

the results across the experimental design space.

5.42.3Response surface modelling

Response surface modelling (RSM) was performed using a stepwise approach
including only terms that reduce the Bayesian information criterion (BIC). The BIC was
used over the AIC (Akaike information criterion) as it providesuaer approach to model
building (Kuha,2004). The initial model was evaluated for outliers based on studentized
residuals (Zhang, 2016)In case any outliers were detected they were removed
individually subsequent draft models were-egaluated until no more outliers were
detected.Consequentlythe draft model was checked for normality of the data using the
BoxG E G NJ y&T2NYI (A 2¥0.8|y<R1l.AONde yhefifaPmddeS Rereh T <
built, they were evaluated for variance explained by the model in comparison to total
variance of the data. Models withmedictedR?, adj. Rand predicted residual error sum
2T &l dzF NJB035 were cerssiflefed to mxplain enough of the variance to be taken
forward. Two out of the size presented models have a statistically significanbiditk
(iVCD and Titréable5.7). The laclof-fit statistics is a function of the experimental error
variance and residual variandéazic2004) While a laclof-fit may be resolved by
increasing the polynomial degeeof the model when possible. However, this was not
possible for the presented models. Despite the ta€kit for the iVCD and titre RSM, they
showed have a high’Radjusted Rand PRESS. This gives confidence in the predictability
of the observed variace in the data. All models considered are showFigure5.8 and

Figure5.9.

Witk Ay GKS SELISNAYSyGlFf NIry3asa (SadBR (GKS 3
is directly impacted by the pH and initial lactate concentratiéigre 5.8 A). With
dedNBFaAy3a AYyAGAL f fFOGFGS OR incdeBsksl Nkbsteh 2y | y |
proliferation rates at higher pH setoints were observed before by other researchers
independenly (Liste- Callejaet al., 2015; Osman et al., 2001; Ozturk & Palsson, 1991,

Persi et al., 2018; Xat al.,2018) Intracellular g control (pH) is very important for
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enzymatic activity where higher intracellular pH allows for faster glycolytic activitgt

al., 2017; Konakovslet al.,2016) Additionally, an interesting hypothesis regarding the
dependence of cell proliferation on pH was posed byMoreiraetal.(2016) They
hypothesize that higher phHhas an effect on histone acetylation which in return affects
gene transcription, in particular transcription of genes related to proliferation.
Interestingly, the modl suggests that at the highest pH gxint and lowest initial lactate
concentration (7.2, 1.9L%0 Z.p decreases slightly. This may be a cell line specific
phenomenon as literature suggests with increasing pH (up to 7.4) glycolytic fluxes and

along with that specific growth increas@sonakovsky edl., 2016)
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Figure5.8: Response surface models (RSM) for selected responses. All models sHevhaga aR
and adj. R> 0.5. All terms included in the models are statishicsignificant¢ ' n d-significant rbagh y
effects were included in the model when their interaction with another effect was significant. The terms
relevance to the model was determined through a stepwise model building process reducing the Bayesian
AYTF2NYEFEGA2Y ONRGSNR2Y 6. L/ 0 Qi B) &edic lnaate BadeBndhé KP NI G S
phase (Lagd ® / 0 DNER ¢ (i K NI Spedffic dlukcSe uptake radiin the3 P phase @iGlc
E) iVCD until day 9. F) Final tit@orresponding statistics are showriliable5.6 and Table5.7.
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Lower pH in the early stages of the culture reduces glycolytic fluxes and lactate
secretion at the cost of maximum growth, yet allows for a prolonged growth phases
comparedto cells grown at high pHA K2 ¢ A Y 3 & K ® 3K Fa8 hé Nhter
stationary phase @oner Figure5.8 C). Similar findings were presented Martinez
Monge et al(2018)where pHcontrolled cultures at 7.1 showed increased specific growth
in the beginning of the culture compared to the uncontrolled cultures as they dropped in
pH up to 6.75During later stages of the experiment the uncontrolled pH cultures showed

increased growth rates compared to the qolntrolled cultures. There is an interaction

0SG6SSy LI YR AYyAGALt f1O001GS O20 0B G NI GA2Y

iIVCD Figure5.8A, C and E respectively), were more sensitive to the initial lactate
concentration at lower pH sqtoints (6.8) compared to higher pH saobints (7.2). This
may be due to the difference in scale between lactate, linear, and pksdalg. Highest
iVCD values are modelled to be at pH 7.0 and initial lactate concentration gfiL1.0
(Figure5.8E).

qlacp

A Titre (g L) B (pg cell day™)
1.0 3.00 1.0
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~ 05 1.80 = 0.5
Q Q 75
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1.20 50
0.90 25
0.0 T 0.0 T 1
6.8 7.0 7.2 6.8 7.0 7.2
pH pH

Figureb.9: Response surface models (RSM) for selected responses. Models shown hefeGa 2
a significant factor in the least squares analysis. The models shown here for final titre an¢ofitaspond
to the models shown ifrigure5.8 F and B respectively.

The RSM for gLag(Figure5.8 B) suggests increased lactate secretion at high pH
(7.2) and low initial lactate concentrations g1.1). This observation is in accordance to
the hypothesised effect of the two factors and is in accordance with previous findings
(Ivarssoret al., 2015) This is likely to be caused by the proton and lactate gradient across
the cell membrane governing the secretion potential diiet monocarboxylate
transporters (MCTS)Counillon et al., 2015; Draoui & Feron, 2011; Hartley et al., 2018)
Complementary to the qLaeRSM is the qGIeRSM which models the specific glucose
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consumption rate inversely to the specific lactate ratésg(re 5.8 D) which is in
accordance with the stated hypothesis as well as independent research firf{tHngsal.,
2017; Konakovskst al.,2016; Mulukutla et al., 2012 he interaction effect of pH and

f 1 OGFGS 2 eshdbldlgaslight2idddease in the growth ratevibetn low initial
lactate concentrations (@ L) and medium pH sepoint (7.0) to high pH setoint (7.2)
(Figure5.8 A). Looking at the response surface model for gh@&igure5.8 B), the design
space points of high pH spbint, high initial lactate concentration (7.2,600:%) and
medium pH sepoint and low initial lactate concgration (7.0,1gL?') share a similar
specific lactate rate of approx. 12f§ cell* day?!. This may indicate a threshold for specific
lactate secretion of the particular cell line and platform process to achieve maximum

growth during the LP phase.

The vdumetric titre within the tested design space was the highest at high pH and
low initial lactate concentration (7.2, 1¢L") (Figure5.8 F). This leads to the conclusion
that high glucose uptake rates combined with high lactate secretion rates in the early
stages of the culture result in high productivity for the cell line pladform process tested
here. While high volumetric titres are desirable, product quality needs to be taken into

account(Rathoreet al., 2015)

Table5.6: Rsquared, adjustedRquared and predicted residual error sum of squares (or predicted
Rsquared) for the models shown kigure5.8 and Figure5.9.

R Adj. R PRESS
iVCD 0.94 0.93 0.93
>ip 0.91 0.90 0.88
>ic 0.67 0.65 0.62
gLage 0.96 0.95 0.95
qGlae 0.55 0.53 0.50
Titre 0.92 0.91 0.89

The specific lactate rate during the LP phase (g)land the final titre are the only
two responses where the levels ofX5 had a statistically significant effeetqure5.9). In
general 2-DG did not have the expected impact on the glucose metabolism. This is
evidenced by the lack of-RGs significance in the RSM for q&(table5.7). While the
explaned variance in the data by the qGlés the lowest among all presented models
(Tableb.6), it does agree with the hypothesized and expected effects of g@treasimy

with lower initial lactate concentrations and higher gHisteCalleja et al., 2015)A
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potential reason for the low predictive power of the qGlmodel is that the caldations

of the specific rates are neither straightforward nor precise due to the continuous feeding.
Feeding volumes of the concentrated feed are very sma®0g<[ | RRAGA2Y &0
slightest pipetting error may have a substantial impact on the caledlaalues potentially

explaining the increased variance seen here.

Surprisingly, the RSM for glasuggests that increased concentrations eD@&,
especially at higher pH sebints, increases the secretion of lactateéqure5.9 B). This is
contrary to what was hypothesized. Original§D& was added to reduce glucose uptake
rates this has clearly failed as no significant correlation between the glucose uptake rates
and the 2DG concentrations could be shown. Furthermore, the final titre of the cultures
seems to be impacted by the different2G concentrations where increasedDZ
concentrations result in lower titres. Calculating specific production rates for mAb
synthesis a similar trend was observed (data not shown). Based on these results in can be
concluded that the additions of-RG did not yield the expected results of reducing
glucose uptake but it seems to have impacted metabolism mildly in different ways as

suggested by the RSMs of gl.aand final titre.
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Table5.7: ANOVA, Laebf-Fit statistic and effect test statistics for modelled responses shown in
Figure5.8 and Figureb.9.

| ANOVA Effect test
ISnurce DF Sum of Squares Mean Square F Ratio Prob >F Source Nparm DF Sum of Squares F Ratio Prob>F
[Model 4 72375.088 18094.800  153.19 pH(6.8,7.2) 1 1 27938.051 236.52
iVCD |Error 40 4724.779 118.100 lactate(1,6) 1 1 23763.764 201.18
C. Total a4 77103.867 pH*lactate 1 1 8611.916 72.91
Lack-of-Fit 4 3689.035 922.259 32.06 pH*pH 1 1 7643.638 64.71
|Source DF Sum of Squares Mean Square F Ratio Prob >F Source Nparm DF Sum of Squares F Ratio Prob >F
[model 5 0.542 0.108 79.82 pH(6.8,7.2) 1 1 0.195 143.32
Error 39 0.053 0.001 lactate(1,6) 1 1 0.094 69.10
Mo e Total a4 0.595 pH*lactate 1 1 0.133 97.61
Lack-of-Fit 3 0.009 0.003 2.58 0.0686 pH*pH 1 1 0.042 30.88
lactate®|actate 1 1 0.015 11.12
|Source DF  Sum of Squares Mean Square F Ratio Prob > F Source Nparm DF Sum of Squares F Ratio Prob >F
[Model 3 0.127 0.042 28.05 <.0001 pH(6.8,7.2) 1 1 0.010 6.30  0.0161
W [Error 41 0.062 0.002 lactate(1,6) 1 1 0.094 62.18
C. Total a4 0.189 pH*lactate 1 1 0.021 14.08
Lack-of-Fit 5 0.021 0.004 3.73
|Source DF Sum of Squares Mean Square FRatio Prob >F Source Nparm DF Sum of Squares F Ratio Prob >F
[Model 3 204509.760 68169.900  302.79 pH(6.8,7.2) 1 1 164417.550 730.30
glacyp |Error 40 9005.540 225.100 lactate(1,6) 1 1 50222.520 223.07
C. Total 43 213515.300 2-DG(0.5,5) 1 1 1221.630 5.43 0.0250
Lack-of-Fit 23 6013.515 261.457 1.49 0.2032
|Source DF Sum of Squares Mean Square F Ratio Prob >F Source Mparm DF Sum of Squares F Ratio Prob>F
IModel 2 86567.080 43283.500 24.61 pH(6.8,7.2) 1 1 54766.702 31.14
qGlep |Error 41 72118.220 1759.000 lactate(1,6) 1 1 40464.533 23.00
C. Total 43 158685.300
Lack-of-Fit 6 12820.713 2136.790 1.26 0.3008
|Source DF Sum of Squares Mean Square F Ratio Prob >F Source Nparm DF Sum of Squares F Ratio Prob>F
[Model 5 37.574 7.515 81.81 pH(6.8,7.2) 1 1 0.014 0.15 0.7003
i Error 36 3.307 0.092 lactate(1,6) 1 1 19.060 207.50
Titre |- otal 21 40.881 2.DG(0.5,5) 1 1 1332 14,50
Lack Of Fit 19 2.958 0.156 7.58 pH*2-DG 1 1 1.052 11.45
pH*pH 1 1 0.471 5.12 0.0297

Based on the data analysis of the DoE the strongest effects on any of the tested
resporses were exhibited by pH and initial lactate concentratio@ seemingly had a
minor impact on the cultures performance, however, not in the expected way. The strong
statistical significance of pH and lactate on the responses presented here increase the
confidence that the secretion and uptake of lactate is driven by the lactate and proton
gradient between the intraand extracellular space. The cultures seem to be unable to
sufficiently secrete lactate at low pldnd high extracellular lactate conditionSombined
with the suggested low uptake of glucose in those conditions the impact on performance
regarding growth and maximum VCDs of these factors is significant. These findings
suggest that the intracellular concentration of protons and lactate stromgfiyence
glycolytic fluxes and therefore glucose uptake rates. Glucose taken up by the cells is
converted to pyruvate which is often hypothesized to accumulate significantly within the
cell (Gupta et al., 2017; Hartlest al.,2018; Wilkens et al., 2011Pue to the apparent

accumulation of pyruvate angnzymatic equilibrium having pyruvate as substrate will
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favour conversion/consumption of pyruvate. Thisdieection is mainly directed towards
lactate via LDH. The choice for LDH as main metabolic sink for pyruvate may have various
reasons as extensivetiiscussed in many revieWartley et al., 2018; Liberti & Locasale,
2016; Young, 2013PDne of the potential reasons suggested hg tesults presented in
Chapter 4, is redox balancing within the cgdlonakovsky et al., 2016; Nolan & Lee, 2011)
Furthermore, LDH is a very fast acting enzyfHe et al., 2017)therefore an ideal

metabolic node to regulate the redox balance within the cell effectively.

Drivers for the equilibrium of LDH include pyruvate/ lactate andDNANAD
concentration ratios. In a high pyruvate high NADH environment LDH operates in the
forward direction producing and accumulating lactate intracellularly until the equilibrium
of lactate and protons between intraand extracellular space forces lataout of the
cells. The higher the initial lactate and or proton concentration in the extracellular space
GKS Y2NB t1FO0GFGS gAatft | OOdzydzZf S Ay G NI OSt f dz
accumulate to toxic levels within the cell resulting iropaulture performance. This can
be seen for all conditions run at p#6.8 and initial lactate concentrations ofgd-?.
However, high pH (i.e. low extracellular proton concentration) results in a lower
accumulation limit within the cell before it car&ete lactate (pH:7.2, initial lactate
conc.=6 gL1). When pyruvate cannot be 1directed towards the fast acting LDH enzyme
due to proton and lactate gradients, pyruvate accumulates creating a bottleneck all the
way to the uptake of glucosé-igure5.1). Therefore, proton and lactate gradient could
potentially be the determining factor of the glycolytic fluxes and therefore the uptake rate

for glucose as was hypothesisedkgnakovsky et a{2016)

5.5. Conclusion

The experiment presented in this chapter was aimed at evaluating several aspects
of lactate metabolism in mammalian cell cultsréAn initial prestudy evaluating suitable
2-DG concentrations for reducing glucose uptake to reduce glycolytic fluxes suggested
ranges up to 1.onM (Figure5.5). However, effects from Z2DG on the metabolism,
especially glucose uptake, were not statistically significant as expettae’.7 and
Figureb.9). Increasing DG concentrations in future experiments may yield better results.

A repeat of the experiment increasing theD® ranges may potentially help in seeing the
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desired effects Additiondly, multiple bolus additions of -G throughout the culture
could help in case of molecular instability and or dilution effects. Alternatively, other
methods such as metabolic engineering approaches may help increase desired effects on

metabolism(Paredest al., 1999)

Six statistically significant models were presented that we@ f S i 2 5004 LJi dzNB
of the variance within the tested responsésaple5.6 and Figure5.8). High pH sepoints
(7.2) and low initial lactate concentrations (HQ?) resulted in high glucose uptake and
lactate secretion rates during the LP phaBgy(ire5.8 B and D)The observed metabolic
effect is likely due to the proton gradient favouring secretion of lactate
(Hertz& Dienel,2004) Additionally, highepHe favoured cell proliferation in the LP phase
whereas lower pH resulted in prolonged growth Figure 5.8 A and C). Culture
performance was severely compromised whhbe secretion of lactate was prevented by
low pH seipoint (pH=6.8) and high initial extracellular lactate concentrationg(6*).
Considering the impact lactate metabolism seemed to have on growth, it is fair to assume
that lactate production and subs@ent ability to secrete lactate underlies a threshold
(~125pgcelit day?') and is necessary for the clone and platform process used in this study

to proliferate optimally.

The herein presented results support the initial hypothesis that lacsetzetion is
directly linked to glucose uptake and therefore glycolytic flukegure5.1). Additionally,
it was shown that the lactate secretion and uptake is depemnderthe lactate and proton
gradient across the cell membran€&igure5.8 B). The reduced process performance
regardinggrowth and volumetric titre in high initial lactate and low pH conditions further
suggests the necessity for the cells to secrete lactate and is likely linked to the redox

balance of metabolism
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CHAPTER 6

Metabolic Engineeing of Lactate Metabolism

In Ghapter5 a design of experiments (DoE) approach was employed to evaheate t
effects of initial lactate concentration, pH spoint, and 2deoxyD-glucose (DG)
concentration (a GLUT1 inhibitor) on lactate metabolism andailveulture performance.

The main benefit of altering the metabolic behaviour of cells by manipulating relevant
process parameters, such as the introduction of media additives, pH or temperature
shifts, is the ease of implementation. However, such perttidres will have an effect on
other aspects of cellular metabolism which often obscure the effects under investigation.
Therefore, following the proebf-concep investigation (Gapter 5) of themodektbased
hypothesegyenerated within this thesis (@pter 4, a metabolic engineering approach to
manipulate lactate metabolism with improved precision is presented in this chapter. This
will minimise side effects on other metabolic pathways and provide further insight into

lactate metabolism.

6.1. Introduction

Aerobic glycolysis, also referred to athe Warburgeffect, has been under
investigation for decadegWarburg, 1956) Fast proliferating cells such as Chinese
Hamster Ovary cells (CHOs) consume large amounts of glucose and wastefully convert
large parts of it into lactate via lactate dehydrogenase (LBihsequent secretion of
lactate into the extracellular space occurs via monocarboxylate transporter 1 (MCT1) with
concomitant symporting of a protofDraoui & Feron, 2011Yhe accumulation of lactate
above certain dvels is toxic to the cells and results in poor process performance
(Fuetal.,2016) Lots of research has been conducted in an effort to controlrevgnt
the accumulation of lactat@Hartley et al., 2018)There are two main strategi¢isat have
been employed to manipulate lactate metabolism: (i) Variation of relevant process

parameters (e.g. temperature, pH and media composition) or (ii) Introduction of genetic
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modifications (e.g. knoein, knockout, and knockdown of relevant enzymeand/or

pathways)Torreset al.,2018)

Variation of process parameters during the manufacturing process, such as the
introduction of temperature shifts or changes in media formulatiare generally tested
and implemented easily. These changes aim at changing the environment for the cells in
a way that optimizes their growth, longevity, productivity and product quality. Copper for
example has been proven to be an important ingredientell culture media as, when
provided in appropriate amounts, it acts as a cofactor for many enzymes including
enzymes of the respiratory complex (complex IV) of the mitochorfdiiieet al., 2018; Yuk
et al., 2014; Zengt al., 2007) The link between oxidative metabolism and the shift in
lactate metabolism has been made before by independent researcherset al., 2012,
Templeton et al., 2017; Zagari et al., 2013bppper is believed to enhance oxidative
metabolism hence could support the shift from lactate production to consumption
(Hartley et al., 2018; Luo et al., 2012; Zenhgl., 2007) However, fineuning the copper
concentration for optimal process performance is highly cell type and clone depén
This was shown hyuo et al(2012)where they cultivatedwo different cell lines with the
same process and media containing high concentrations of copper. One of the cell lines
exhibited a shift in lactate metabolism whereas the other cell line produced lactate
continuously throughout the culture. Other mediarmulation changes include lactate
feeding (Freund & Croughan, 2018;Liet al.,2012)and the supplementation of other
alternate carbon sources including maltose(Leongetal.,2017) fructose

(Inoueet al., 2010; Xu et al., 201&)nd galactoséWilkenset al., 2011)

Besides changes in media formulation, changestlier process parameters have
been employed to manipulate lactate metabolism in fast growing cells. As high glucose
uptake rates are often associated with the onset of overflow metabolism,
Gagnoret al. (2011)developed a low glucose feeding method which regulates the feed
based on pH changes in the culture that are triggered by the switch from lactate
production to consumption. A similar approach was takenKmnakovsky et a{2016)
where they a minimum glucose feeding strategy with a high pkpeeit of 7.4 resulting
in high glycolytic fluxes yet minimizing lactate secretion almost completely. Ashoas

in the previous chapter (@pter 5) and other research groups, the pH has a significant
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impact on cell metabolisrivarsson et al., 2015; Zaktial.,2015) Hwang et al. (2011)n
addition to varying pH sepoints, investigated the effécof varying temperature set
points on the productivity of a flatagged cartilage oligomeric matrix protein
angiopoietinl (FCA1) producing CHO cell lifldey observed an increase in culture
longevity and specific productivity yielding four times as muduct with a pH sepoint

of 7.2 and a temperature of 38 compared to a pH sebint of 7.2 and a temperature of
37°C. However, while reducing the temperature increased product yield it also increased

product aggregation which is undesirable.

While changes in process parameters are implemented relatively easily they tend to
be specific to a particular cell line and need to be adjusted between hosts
(Luoet al.,2012) Another approach to altering metabolic behaviour of mammalian cell
cultures is by utilizing metabolic engineering tools. The interference with the genetic code
of the host cell lines provides a powerful tool to supress, enhance or create new metabolic
nodes with high specificity. A wide range of metabolic engineering targets to manipulate
and/or investigate lactate metabolism have been explored and are well documented in

literature. An overview of the main efforts published to date are listedahble6.1.

Table6.1: Overview of metabolic engineering efforts made to date in an effort to reduce, minimize
or eliminate lactatametabolismin CHO cells

Metabolic engineering Desired effect Reduction Reference
target in lactate
Overexpression of GLUT5| Enable enhanced uptake abilities for Not Inoue et al., 2010
fructose transporter fructose to grow in fructose instead of mentioned
glucose media. Reducéalctate formation.
Dynamic epression of Enable dynamic expression of GLUT5 in | Yes Le et al.2013

GLUTS5 fructose transporte| order for the cells to express it only when
needed in an effort to preserve resources.
Reduced lactate formation.

Knockout of LDHA gene Eliminate lactate formation in PDHK 1,2,3| No Yip et al., 2014
knockdown cells

Single allele knoclout of Reduce LDIA expression and therefore Yes Wilkens et al., 2019

LDHA lactate formation

Knockdown of LDHA gene | Reduced LD expression and therefore | Yes Chen et al., 2001

lower LDH activity ultimately resulting in
reduced lactate forration.

Down regulation of LDFA | Reduced LDIA expression. Reducéalctate | Yes Kim & Lee2007a
with sSiRNA formation.
Down regulation of LDFA | Reduced LD expression. Reduced lacta Yes Jeong et al., 2001
with antisense RNA formation.
Down regulation of LDFA | Reduced LDIA expression. Reduced lacta Yes Noh et al., 2017
with sShRNA formation.
Knockin of human Redirection of pyruvate towards Yes Irani et al., 1999; Kim
pyruvate carboxylase (hPC oxaloacetate and subsequent incorporatio & Lee, 2007b

into the TCA.
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Metabolic engineering Desired effect Reduction Reference

target in lactate

Knockdown of LDHA and | Redirect pyruvate towards acet{loA and | Yes Zhou et al., 2011

pyruvate dehydrogenase | subsequent incorporation into th@ CA.

kinase (PDHK) Reduce lactate production and PDH
inhibition through PDHK

Overexpression of LDig Change of LDH isomer matiowards LDFC | Yesand Fu et al., 2016
(preferred substrate lactate) to favor alleviated
lactate consumption over production apoptosis

Overexpression of PYC2 | Conversion of pyruvate to oxaloacetate ar Yes Toussaint et al., 2016
subsequent being incorporated in the T.CA

Overexpression of PYC2 | Conversion of pyruvate to oxaloacetate ar Yes Fogolin et al., 2004
subsequent being incorpated in the TCA.

Overexpression of CHO Conversion of pyruvate to oxaloacetate ar Yes Gupta et al., 2017

codon optimized PYC2 subsequent being incorporated in the TCA

Overexpression of MDH 1l | Reducing osrflowing metabolism as they | Yes Chong et al., 2010
found accumulation of malate in cell cultur
supernatant

Overexpression of PYC2, | Evaluation of differences between change Yes Wilkens & Gerdtzen,

MDH Il, and GLUT5 on metabolism. Reduced lactate 2015
production.

Intuitively, the first target for genetic engineering when trying to manipulate lactate
metabolism is LDH enzyme itself. Possible approaches include-guiation of LDH in
an effort to reduce flux from pyruvate to lacta{€hen et al., 2001; Jeong et al., 2001;
Kim& Lee, 20073) changing the isomer configuration of LDH to favour lactate
consumption(Fu et al., 2016)or knocking LDH out completelYip et al., 2014)While
knocking LD\ out completely has pwven to be lethal for the cellgYip et al., 2014)
knocking LDFA down has resulted in lower lactate production, better growth and even
higher productivities(Chen et al., 2001; Jeong et al., 200In ki Lee, 2007a)Other
approaches have targeted glycolytic flux by replacing glucose with fructose as main
carbon source and overexpressing the fructose specific GLUTS transporter protein
(Inoueet al., 2010) This approach only yields significantly improved lactate peofileen
expressed dynamicallyL€et al. 2013) as otherwise, when expressed constitutively,
excess carbon also gets converted to lact@buchi& Sugiyam#@2013)cooverexpressed
alanine aminotransaminase 1 (ALT1) and taurine transporter (TAUHGONcElls in an
effort to increase product yield. They observed a final volumetric titre increase in
shakeflask and IL bioreactor cultures of 18% compared to control cultuiéhile they
did not intend to alter lactate metabolisrthey observed decreaseddtate and ammonia

accumulation in the supernatant.
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The approaches discussed above and summarisédbte6.1 have all targeted the
production of lactate with varyingelels of success. However, the mechanism(s) behind
the switch in Lactate metabolism have yet to be fully understood or elucidated. Towards
that aim, a novel metabolic engineering approach is pursued herein in an attempt to: (a)
limit the secretion of lactee, (b) investigate and prove/disprove one of the main
hypothesis of this thesis (and the wider scientific community) around the key metabolic
driver behind the lactate switch. Expewental and modelling analysish@&pter 4 and 5)
as well as literature havsuggested that the excessive production of lactate is due to LDH
acting as a redox sensor-establishing the redox balance within the dgflartley et al.,
2018; Nolan & Lee, 2011As high glycolytic fluxes efet the NAL'NADH ratio of the cell,
LDH is hypothesised to counter the-gHt ensuring homeostasis. During the later stages
of the culture, when glycolytic fluxes reduce, NAIADH ratios allow fore-consumption
of lactate.Heren, a metabolic engineeringpproach that will introduce an alternative
metabolic route for the cell to replenish the NApool using pyruvate as a substrate
presented L-alanine dehydrogenase (ALD) (E.C. 1.4.1.1) is anative enzyme for

mammalian cells and catalyses the following reaction:

660 006 0 GadE QIM@I 60 e0o0 o  (RED)
Similar to LDH, ALD is an enzyme which is able to operdiesbtionally producing
or consuning pyruvate, NADH, Ammonia and a proton. The advantage of this enzyme lies
in the fact that in addition to consuming NADH and replenishing the cytosoli¢ poshD
it also consumes ammonia. Ammonia is also known to accumulate extracellularly in
mammaliancell bioprocesses and can have a negative impact on culture performance

when exceeding certain concentratio(@hang et al., 2006)

6.2. Aim and Objectives

The overall aim of this chapter is to investigate whether lactate secretion can be
reduced by providing the cells with an alternate route for redox balancing. The main
objective was to super transfeatGSCHO cell line expressing a monoclonal antibody with
a DNA vector containing the genetic sequence for taalnine dehydrogenase enzyme.

Subsequently the transfection pools were run in the ambrl5® miniature bioreactor
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system and compared to the pareacell line in regards to ammonia and lactate profiles

but also growth and productivity. The following objectives were set:

1 Identification of appropriate sequence for ALD gene and homology
(temperature, pH, and ctactor dependence).

1 Construction of a linearized ALD carrying plasmid for transfection

i Transfection of the parent cell line and subsequent recovery under selection
pressure. Verification of ALD expression through gPCR.

1 Comparison of newly transfected clone against parent dek and
appropriate controls (null vector transfectant).

9 Statistical and modelling analysis of experimental results to identify key

metabolic differences between transfected and parent cells.

6.3. Material and Methods

6.3.1 Construction of ALD expression vtec

The sequence for-&lanine dehydrogenase (ALD) originates fristycobacterium
tuberculosis(Table6.2) and is not natively expressed in CHO cells. Consequently, the
suitability of CHO cells to express functional ALD had to be assessed in terms of optimal
temperature and pH ranges of operation, necessarjaotors as well as for any potential
inhibitors present in cell culture med{Agren et al., 2008; Hutter & Singh, 1999ptimal
pH for ALDwas determined to be between 10 and 11 for the oxidative deamination and
between 7 and 7.5 for the reductive aminatigHutter & Singh, 1999)The amination
reaction is the desired direction for the reaction in regards to this experiment which is in
good agreement with the cytosolic pH of mammalian cells which has been reporbted to
approximately 7.{Casey et al., 2010; Malhotra & Casey, 20TGg sequence was coal
optimized in order to favour expression and translation in CHO cells preventing protein
synthesis slowdowKim et al., 1997)0Organism specific rare codonsmexchanged for
the most prevalent codons in the target host organism (CHO). Two constructs were
synthesised, one containing only the codon optimized ALD sequence and one containing
a V5 tag for easy targeting via immunoassays. The sequences were otleregh the

DSYS!I NIu LI IFOGF2NY O0¢KSNNY2CAAKSNI { OASYGAFAO
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originates from pUC based cloning vectors.

Table6.2: GenelD and sequence information edlanine dehydrogenase.

Organism of origin: Mycobacterium tuberculosistrain ATCC 25618 / H37F
UniProt ID: POWQB1 (DHA_MYCTU)

Sequence: AAC38804.1 (in U92572.1 whek&C38804.1 is the CD:
GenelD: 888493

KGGG: mtu:Rv2780

Enzyme ame L-alanine dehydrogenase

E.C.: 14.1.1

Enzyme weight: 40kDa

Sequence length (bp) 1116

Sequence length (aa) 371

l'a UGN yatTsSoiazy @S OWU @IMNAiMasmaliald Bxpresgian®mk | & 3 |
Vector (Cat. no.: V87020) (ThermoFisher Scientific, Waltham, MA, USA) was used. The
pcDNA vector contains a constitutive cytomegalovirus (CMV) enhancer/promoter for high
level expression of the exogenous gene. Additionally it con&aBg40 origin for episomal
replication, hygromycin resistancelyd) for selection in mammalian hosts, and ampicillin
resistance Amp@) and pUC origin for selection and maintenanceEinoli With all the

individual components in place the cloning procesldollowed the protocol outlined

below:
T WSKeRN}YGA2Y 2F 020K GSOGRNB 6DSYS! Nlin | yR
f 5A3SaGA2y 2F DSYS! NIix FyR LIO5b! @SO02NI oA
1 Gel separation and extraction of insert (ALD and ALD_V5) and cut pcDNA
1 Cleaning of vector ahinserts via column (Wizard® SV Gel and PCR-Qfean
System, Promega, Madison, WI, USA)
1 Ligation of insert and vector
1 E.colitransfection, recovery and plating out gxmp' plates
1 Picking half of the colonies for colony PCR (checkitrgrifected cells contain
vector with insert)
1 Remaining colonies used for starter culture imb LB media
1 Overnight (ON) culture to accumulate constructs
1 MAXIPREP harvesting of DNA constructs fEboolicultures (HiSpeed® Plasmid

Maxi Kit, Qiagen, Hildeiermany)
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1 NanoDropl000 (Thermo Fisher Scientific, WalthawA, USAYo measure DNA
concentration

Linearize purified plasmid ON

Precipitate plasmid, storage in TE at 4@QuL?, and check on 1% agarose gel

= =

A gel 1% agarose gel of all created constructs verifying the inclusion of the inserts
can be seen idppendix IVgection 112 Figure A18)In total three linearized constructs

were created for transfection:

A. pcDNA3.1(+) without an insert (null vector casljr
B. pcDNA3.1(+) with ALD
C. pcDNAS.1(+) with ALD_V5

CMV enhancer

A

(4896) Fspl

CMV enhancer B

(s932) FspI

<
C HindIII (s11)

o
HindIII (o11)

Apal (1001)

PCONA3.1Hygro+ PCDNA3.1Hygro+ ALD
P 6633 bp

(N
" leubys (V)A\Odj\?/ A

(CAP binding site Apal (2037)

lac operator
CAP binding site

lac operator

c CMV enhancer

(s974) FspI

R Promot

" AmP Pt er C"fl/n
< "o,
L Do,
»%.
N

HindIII (911)

PCDNA3.1Hygro+ ALD-V5
6675 bp

(CAP binding site

Apal (2079)
lac operator pal (

Figure6.1: Vector map of pcDNA3.1Hygro+ vector constructs A) empty pcDNA3.1Hygro+ vector B)
pcDNA3.1Hygro+ with ALD C) pcDNA3.1Hygro+ withVALD

6.3.2 Transfection of GEHO cells with ALD bearing and control vectors
¢CKS NI yaFSOGA2y 61 & R2YyS o6& St SOGNERLRN

of transfectant pools. Two GSHO cell lines producing the cB72.3 antibody were used for
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cultured for a minimum of 4lays and a maximum of\v8eeks before transfection. The
cells were expanded into 21L roller bottles (RB) with a working volume of 200
(proprietary meda). Each cell line was transfected three times with each one of the
constructs (ALD, AEY5, and null vector) plus three negative controlsg(re 6.2).
Approximatelylx 10’ cellsmL? (in 0.7mL) were used per individual transfection in a
sterile single use electroporation cuvette together with &l of TE containing 44y of
DNA (construct). After electroporation of the cells the whole content of the cuvette was
added to 20mL preheated proprietary media mix. The cells were incubated in a static
incubator for 24hrs @36.8C and 10% CGOAfter 24hrs 5mL of the proprietary media
containing either 2.%r3.75mgmL! of hygromycin were added to reach a final
concentration of 50®r 750ug mL! respectively. Two hygromycin concentrations were
used to ensure sufficient selection pressure. Ranges were chosen based on suppliers
recommendations as well as relevant scidntiliterature (Blochlinger & Diggelann,
1984)

The cells were monitored periodically (every2days) measuring VCD and viability.
The media was changed afterd@ys in order to replenish nutrients as well as reinforce
the selection pressure through fresh hygromycin. Media exchange dene by
transferring the culture into 5L conical centrifugation tubes, centrifuged30g for
10min (Centrifuge 5804, Eppendorf, Hamburg, Gemrany) and resuspendedni. 25
proprietary media supplemented with the respective amount of hygromycin
(2.50r 3.75mgmL?). The control transfection with THSDTA buffer (TE) was monitored
for cell survival until no significanumberof live cells were present anymore (generally
after 14days) after which the pools are considered stable and can be trapdfdao

shakeflasks for routine subculturing.
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E22
750 pg mL! Hygro 5@ 750 pg mL™ Hygro Eﬁ
P —— P —
ALD 500 pg mL ' Hygro ': 500 pg mL! Hygro ':
750 pug mLt Hygro E]' 750 pg mL™ Hygro 5]
A 7 1
ALD—VS 500 pug mL Tt Hygro _;: | 500 ug mL Hygro _;: |
750 pg mL! Hygro E] 750 pg mL1 Hygro E]
cDNA(+ P — | P —
P ( ) 500 hg mL* Hygro 500 ug mL™ Hygro
750 pg mL! Hygro 5@ 750 pg mL™ Hygro 5@
H,0/PBS — P—
500 pg mL' Hygro I 500 ug mL! Hygro |
20 mL media + 0.8 mL transfection (107 cells mL™?)
+5 mL media with 3.75 mg mL ™ Hygromycin p——
+5 mL media with 2.5 mg mL1Hygromycin e

Figure6.2: Transfection overview. Two different cell lines (E22 and 3C10) were used and transfected
three times for each construct/control. After transfectionllsewere cultured in T75 flasks in 20
proprietary media for 24rs before adding the BL of additional media supplemented with the section
pressure agent, hygromycin.

6.3.3 Culture conditions

In order to evaluate whether the transfection resulted inyametabolic changes,
GKS (NYyaFSOdlyd LR2fta 6SNBE NdHzy Ay (KS |

(detailed information in meerials and methods section ofh@pter 5). A total of 18

Yo N

transfectant pools, comprising a triplicate for each constrand cell line, were tested.
Additionally,the ALD transfected cells (w/o V5 tag) and the empty vector (pcDNA) were
run as technical replicates and the parent cultures (E22 and 3Cl&ramsfected) as a

technical triplicate. This results in a total & 8mbr15® vesselBifjure6.3).

167



Figure6.3: Experimental conditions for testing and comparing Atabsfected cells. In total 36
vessels are to be run under normal process conditions including technical and biological replicates.

The remaining 12 vessels of the ambrl5® were used for additional experimental
conditions. These were empirically designeaider to inhibit LDH activity and redirect
flux from LDH to ALD. Chemical inhibition was considered as an option, however chemical
inhibitors of LDH while being relatively specific towards 42D¢dver LDHB) have been
linked with: (a) norspecific inhibiion of other dehydrogenases (oxamate)
(Valvona& Fillmore,2018) (b) inhibition of other glycolytic enzymes, or eveh @ther

cytotoxic effects (FX1X)e et al., 2010)Seretion of lactate is, at least to an extent,
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