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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 large areas of 

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 genome-scale metabolic 

model (iCHO1766) 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 pre- and post-lactate shift were collected from batch and fed-

batch cultures across multiple cell lines and were used to constrain the model. A novel 

carbon-based constraining algorithm was developed and employed in order to rationally 

ŀƴŘ ǎȅǎǘŜƳŀǘƛŎŀƭƭȅ ǊŜŦƛƴŜ ǘƘŜ ŀŎŎǳǊŀŎȅ ƻŦ ǘƘŜ ƳƻŘŜƭΩǎ ǇǊŜŘƛŎǘƛons. Using principal 

components analysis (PCA) and partial least squares discriminant analysis (PLS-DA) well 

defined and clearly separated clusters in the solution space corresponding to the lactate 

producing (LP) and lactate consuming (LC) metabolic states were 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 metabolic states 

were identified. 

These key metabolic differences 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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Scientific research is meant to progress society and even mankind in a direction that 

allows us to understand the world we are living in better and can adapt our behaviour or 

the world accordingly. The scientific work presented herein has both an impact on 

academic research but also on the pharmaceutical industry which hopefully translates to 
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The research presented here, firstly involved the development of a computational 

tool which aims to increase information gain form stoichiometric metabolic models. This 
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metabolism has not been fully discovered, however, the experiments and analysis 
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antibodies is ever increasing in order to treat chronic diseases, some forms of cancer and 
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environment by building new manufacturing plants but rather produce more with what is 
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but also in order to reduce the manufacturing cost which ultimately translates into lower 

prices. Lower product prices translate to expanding the reach of these drugs helping more 

people around the world but also to break into new markets. 
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Nomenclature 

µ Growth rate (h-1) 

µLC Growth rate during the lactate consuming phase (h-1) 

µLP Growth rate during the lactate producing phase (h-1) 

µmax Maximum growth rate (h-1) 

ATPmax Maximum amount of ATP a cell can produce (gDCW-1 h-1) 

Ay Area under the curve 

Carboncons
total Total carbon consumed (mmol gDCW-1 h-1) 

CTOT Total carbon taken up by the cell (mmol gDCW-1 h-1) 

F˄  Range of permissible flux ǾŀƭǳŜǎ ƻŦ ŦƭǳȄ ǾŜŎǘƻǊ ˄ όCƭǳȄ ǾŀǊƛŀōƛƭƛǘȅύ (mmol gDCW-1 h-1) 

F˄ ΣƧ 
Range of permissible flux values (flux variability) through the jth reaction in the flux 
ǾŜŎǘƻǊ ˄ (mmol gDCW-1 h-1) 

F˄ TOT 
Total flux variability across the entire metabolic network defined by the 
stoichiometric matrix S (mmol gDCW-1 h-1) 

iVCD Integral viable cell density (106 cells day mL-1) 

mi
ex Extracellular concentration of metabolite i (mM) 

NC Number of carbon atoms in a given reaction 

NCmax
C Number of carbon atoms participating in the highest carbon uptake 

Nj
C Number of carbon atoms participating in the jth reaction 

Nuk
C Number of carbon atoms participating in the unknown uptake 

qAcetate Specific acetate rate (pg cell-1 day-1 or mmol gDCW-1 h-1) 

qAla Specific alanine rate (pg cell-1 day-1 or mmol gDCW-1 h-1) 

qAmm Specific ammonia rate (pg cell-1 day-1 or mmol gDCW-1 h-1) 

qArg Specific arginine rate (pg cell-1 day-1 or mmol gDCW-1 h-1) 

qAsn Specific asparagine rate (pg cell-1 day-1 or mmol gDCW-1 h-1) 

qAsp Specific aspartate rate (pg cell-1 day-1 or mmol gDCW-1 h-1) 

qBut Specific butyrate rate (pg cell-1 day-1 or mmol gDCW-1 h-1) 

qCit Specific citrate rate (pg cell-1 day-1 or mmol gDCW-1 h-1) 

qCys Specific cysteine rate (pg cell-1 day-1 or mmol gDCW-1 h-1) 

qForm Specific formate rate (pg cell-1 day-1 or mmol gDCW-1 h-1) 

qFum Specific fumarate rate(pg cell-1 day-1 or mmol gDCW-1 h-1) 

qGlc Specific glucose rate (pg cell-1 day-1 or mmol gDCW-1 h-1) 

qGlcLC 
Specific glucose rate during the lactate consuming phase (pg cell-1 day-1 or 
mmol gDCW-1 h-1) 

qGlcLP 
Specific glucose rate during the lactate producing phase (pg cell-1 day-1 or 
mmol gDCW-1 h-1) 

qGln Specific glutamine rate (pg cell-1 day-1 or mmol gDCW-1 h-1) 

qGlu Specific glutamate rate (pg cell-1 day-1 or mmol gDCW-1 h-1) 

qGly Specific glycine rate (pg cell-1 day-1 or mmol gDCW-1 h-1) 

qHis Specific histidine rate (pg cell-1 day-1 or mmol gDCW-1 h-1) 
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qi Specific metabolic rate of the ith metabolite (pg cell-1 day-1 or mmol gDCW-1 h-1) 

qIle Specific isoleucine rate (pg cell-1 day-1 or mmol gDCW-1 h-1) 

qIsoval Specific isovalerate rate (pg cell-1 day-1 or mmol gDCW-1 h-1) 

qLac Specific lactate rate (pg cell-1 day-1 or mmol gDCW-1 h-1) 

qLacLC 
Specific lactate rate during the lactate consuming phase (pg cell-1 day-1 or 
mmol gDCW-1 h-1) 

qLacLP 
Specific lactate rate during the lactate producing phase (pg cell-1 day-1 or mmol gDCW-

1 h-1) 

qLeu Specific leucine rate (pg cell-1 day-1 or mmol gDCW-1 h-1) 

qLys Specific lysine rate (pg cell-1 day-1 or mmol gDCW-1 h-1) 

qMet Specific methionine rate (pg cell-1 day-1 or mmol gDCW-1 h-1) 

qp Specific production rate of product P (pg cell-1 day-1 or mmol gDCW-1 h-1) 

qPhe Specific phenylalanine rate (pg cell-1 day-1 or mmol gDCW-1 h-1) 

qPro Specific proline rate (pg cell-1 day-1 or mmol gDCW-1 h-1) 

qProd Specific IgG productivity (pg cell-1 day-1 or mmol gDCW-1 h-1) 

qPyr Specific pyruvate rate (pg cell-1 day-1 or mmol gDCW-1 h-1) 

qs Specific consumption rate of substrate S (pg cell-1 day-1 or mmol gDCW-1 h-1) 

qSer Specific serine rate (pg cell-1 day-1 or mmol gDCW-1 h-1) 

qSuc Specific succinate rate (pg cell-1 day-1 or mmol gDCW-1 h-1) 

qThr Specific threonine rate (pg cell-1 day-1 or mmol gDCW-1 h-1) 

qTrp Specific tryptophan rate (pg cell-1 day-1 or mmol gDCW-1 h-1) 

qTyr Specific tyrosine rate (pg cell-1 day-1 or mmol gDCW-1 h-1) 

qVal Specific valine rate (pg cell-1 day-1 or mmol gDCW-1 h-1) 

R Redox variable 

R1000
C˄Σ¢h¢ 

Total flux variability of constraint model with initial arbitrary bounds of 1000 mmol 
gDCW-1 h-1 

R100
C˄Σ¢h¢ 

Total flux variability of constraint model with initial arbitrary bounds of 100 mmol 
gDCW-1 h-1 

R10
C˄Σ¢h¢ 

Total flux variability of constraint model with initial arbitrary bounds of 10 mmol 
gDCW-1 h-1 

RSFVA Flux variability result matrix 

RSFVA
cc Carbon constrained flux variability result matrix 

S Stoichiometric matrix 

si,j 
stoichiometric coefficient in the stoichiometric matrix S of the ith metabolit in the jth 
reaction 

Xt Viable cell density at time point t (106 cells mL-1) 

Xt+1 Viable cell density at time subsequent point t + 1 (106 cells mL-1) 

Yt Y-vaue of parameter/variable under investigation at time point t 

Yt+1 Y-vaue of parameter/variable under investigation at time point t + 1 

 h Critical significance level 

ɲci Concentration change of the measured metabolite (g L-1) 

ɲD0 Gibbs free energy (J) 

ɲǘ Difference in time between two consecutive samples (days or h) 

ɲǘy Difference in time between two consecutive samples of Y (days or h) 

ɲʌ Potential difference (V) 
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 ˄ Flux vector 

b˄iomass Biomass metabolic flux (mmol gDCW-1 h-1) 

C˄max
LB 

Lower bound of the exchange/demand reaction carrying the highest amount of 
carbon (mmol gDCW-1 h-1) 

Ŏ˄ȅǘƻǎƻƭ Ҧb!5I Cytosolic NADH production rate (mmol gDCW-1 h-1) 

E˄X 
Uptake and secretion fluxes for extracellular metaboites and the biomass growth rate 
(mmol gDCW-1 h-1) 

i˄
EX Flux through the exchange/demand reaction j (mmol gDCW-1 h-1) 

j˄ Flux rate of the jth reaction in the flux vector (mmol gDCW-1 h-1) 

j˄
cc 

Maximum allowable flux through the jth reaction based on carbon constraining 
(mmol gDCW-1 h-1) 

j˄
EX,abs 

Exchange/demand reaction flux involving a metabolite absent in the culture media 
(mmol gDCW-1 h-1) 

j˄
EX,prs 

Exchange/demand reaction flux involving a metabolite present in the culture media 
(mmol gDCW-1 h-1) 

j˄
LB,abs 

Lower bound of exchange/demand reaction involving a metabolite absent in the 
culture media (mmol gDCW-1 h-1) 

j˄
LB,prs 

Lower bound of exchange/demand reaction involving a metabolite present in the 
culture media (mmol gDCW-1 h-1) 

j˄
max Maximum allowable flux through the jth reaction (mmol gDCW-1 h-1) 

j˄
min Minimum allowable flux through the jth reaction (mmol gDCW-1 h-1) 

j˄
UB,abs 

Upper bound of exchange/demand reaction involving a metabolite absent in the 
culture media (mmol gDCW-1 h-1) 

j˄
UB,prs 

Upper bound of exchange/demand reaction involving a metabolite present in the 
culture media (mmol gDCW-1 h-1) 

˄lb Lower bound for metabolic flux rate (mmol gDCW-1 h-1) 

m˄ax Maximum allowable flux rate (mmol gDCW-1 h-1) 

b˄!5I Ҧ 

mitochondria NADH transport rate into mitochondira (mmol gDCW-1 h-1) 

˄ub Upper bound for metabolic flux rate (mmol gDCW-1 h-1) 

u˄k
LB Unknown lower bound of exchange/demand reaction (mmol gDCW-1 h-1) 

 ˅ Efficiency 
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frame where specific rates were calculated for constraining the CHO genome-scale model 

(Days 1 - 3 = LP, days 5 - 7 = LC for the triplicate batch culture. Days 3 - 4 = LP, days 6 - 7 = LC for 

the industrial fed-batch processes). 110 

Figure 4.5: Mean #ÁÒÂÏÎÃÏÎÓÔÏÔÁÌ όŘƛŀƎƻƴŀƭ ǎǘǊƛǇŜǎ ǇŀǘǘŜǊƴύ ŀƴŘ ɲ/ŀǊōƻƴ όŘƻǘǘŜŘ ǇŀǘǘŜǊƴύ ƻŦ ŀƭƭ ŎŜƭƭ ƭƛƴŜǎ 

(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 total of 4 million points are plotted on each graph with 

2 million points per condition. LP scores are shown in red ()̧ and LC scores in blue ()̧. All 

scores are plotted on principal component 1 (PC1) and principal component 2 (PC2). A) Scores 

plot for CY01 (TBC). B) Scores plot for 3C12. C) Scores plot for R33A. D) Scores plot for EB7. 114 

Figure 4.7: Loadings analysis. All data shown was retrieved from the PCA of the CY01 flux samples. A) 

Cumulative variance captured for all principal components. B) Variable contribution to the 

variance of the data-set. 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 cut-off criteria for loadings to be considered highly 

influential on separating the clusters of LP and LC. D) Loadings plot where loadings 

corresponding to reactions of central carbon metabolism sub-systems are highlighted. [a] non-

ROS producing complex IV, [b] ROS producing complex IV, [c] complex I & III and ATP synthase 

loadings, [d] glycolytic reaction loadings, [e] TCA cycle reactions, [f] Lactate-Pyruvate Shuttle

 116 

Figure 4.8: Schematic overview of three reducing equivalent shuttles into the mitochondrion. LPS (Lactate-

Pyruvate Shuttle): Lactate (LAC) is transported via the monocarboxylate transporter (MCT) into 

the mitochondrial matrix and 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 NADH. GPS (Glycerol-3phosphate Shuttle): Glycerol-3-

phosphate is transported via the glycerol-3-phosphate transporter (GlpT) into the 

mitochondrion where it is oxidized to dihydroxyacetone phosphate (DHAP) generating FADH2. 

Subsequently DHAP exits the mitochondrion to be converted back to G3P in the cytosol 

consuming a NADH molecule. MAS (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 

transaminated by GLU producing Aspartate (ASP) and ₫-ƪŜǘƻ ƎƭǳǘŀǊŀǘŜ ό₫YDύ ǿƘƛŎƘ ŜȄƛǘ ǘƘŜ 

ƳƛǘƻŎƘƻƴŘǊƛŀƭ ƳŀǘǊƛȄ Ǿƛŀ {[/ǎΦ Lƴ ǘƘŜ Ŏȅǘƻǎƻƭ ₫YD ŀƴŘ !{t ŀǊŜ ŎƻƴǾŜǊǘŜŘ ōŀŎƪ ƛƴǘƻ h·! ŀƴŘ 

GLU where GLU can re-enter 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 category as indicated by the grouping labels. All data shown was retrieved from the 

PCA of the CY01 flux samples. 119 

Figure 4.10: Loadings analysis and comparison of these cell lines. A-C: Loadings 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 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 loadings are closer 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 
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indicated by the dashed green line (at rank 57.5) which is the average of all ranks 1 ς 114. The 

orange dashed line (at rank 207.5) indicates the best rank mean for all the mismatches which is 

the average of ranks 115 ς 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 done manually trying to capture similar number of fluxes in each group. A 

visual representation of the flux grouping can be found in Appendix II section 1.9 Figure A15. 

The arrow thickness and colour corresponds to the flux groups, i.e. flux magnitude, where thin 

purple arrows represent the lowest fluxes and thick red arrows represent the highest fluxes.

 126 

Figure 4.12: Flux map for lactate consuming (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 each group. A 

visual representation of the flux grouping can be found in Appendix II section 1.9 Figure A15. 

The arrow thickness and colour corresponds to the flux groups, i.e. flux magnitude, where thin 

purple arrows represent the lowest fluxes and thick red arrows represent the highest fluxes.

 127 

Figure 5.1: Schematic representation of the hypothesis derived from computational analysis presented in 

Chapter 4. (a) Glucose transport into the cell via GLUT1 is passive based on the concentration 

gradient. Instant conversion of glucose to glucose-6-phosphate through hexokinase upon 

entering allows continuous influx of glucose. (b) Fast glycolytic enzymes metabolize glucose to 

pyruvate producing NADH. (c) Shifting of NAD+/NADH ratio towards NADH and accumulation of 

pyruvate 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 is experimentally not tested) 134 

Figure 5.2: 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). 138 

Figure 5.3: Prediction variance surface for all 3 factors. A) Prediction of variance for lactate and pH. B) 

Prediction of variance for 2-DG and pH. 139 

Figure 5.4: 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. 141 

Figure 5.5: Cell culture data for 2-deoxy-D-glucose pre-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. 145 
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Figure 5.6: General culture data for ambr15® DoE experiment. A-C) Viable cell density of all reactors 

coloured by pH set-point (A), initial lactate concentration (B), and 2-DG concentration (C). D-F) 

Viability profiles coloured according to A-C respectively. G-I) lactate profiles coloured according 

to graphs A-C respectively. 147 

Figure 5.7: 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 points in total). 

C) Univariate statistics for six major responses to be evaluated. LP and LC phase correspond to 

rates between days 2 ς 4 and 6 ς 7 respectively. 148 

Figure 5.8: Response surface models (RSM) for selected responses. All models shown (A-F) have a R2 and 

adj. R2 > 0.5. All terms included in the models are statistically significant (₫ Ґ лΦлрύΦ bƻƴ-

significant main 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 

ōǳƛƭŘƛƴƎ ǇǊƻŎŜǎǎ ǊŜŘǳŎƛƴƎ ǘƘŜ .ŀȅŜǎƛŀƴ ƛƴŦƻǊƳŀǘƛƻƴ ŎǊƛǘŜǊƛƻƴ ό.L/ύ ǾŀƭǳŜΦ !ύ DǊƻǿǘƘ ǊŀǘŜ ˃ ƛƴ 

ǘƘŜ [t ǇƘŀǎŜ ό˃LP) B) Specific lactate rate in the LP phase (qLacLP). C) Growth rate in the LC 

ǇƘŀǎŜ ό˃LC). D) Specific glucose uptake rate in the LP phase (qGlcLP). E) iVCD until day 9. F) Final 

titre. Corresponding statistics are shown in Table 5.6 and Table 5.7. 151 

Figure 5.9: Response surface models (RSM) for selected responses. Models shown here had 2-DG as a 

significant factor in the least squares analysis. The models shown here for final titre and qLacLP 

correspond to the models shown in Figure 5.8 F and B respectively. 152 

Figure 6.1: Vector map of pcDNA3.1Hygro+ vector constructs A) empty pcDNA3.1Hygro+ vector B) 

pcDNA3.1Hygro+ with ALD C) pcDNA3.1Hygro+ with ALD-V5. 165 

Figure 6.2: Transfection overview. Two different cell lines (E22 and 3C10) were used and transfected three 

times for each construct/control. After transfection cells were cultured in T75 flasks in 20 mL 

proprietary media for 24 hrs before adding the 5 mL of additional media supplemented with 

the section pressure agent, hygromycin. 167 

Figure 6.3: Experimental conditions for testing and comparing ALD transfected cells. In total 36 vessels are 

to be run under normal process conditions including technical and biological replicates. 168 

Figure 6.4: Experimental conditions for the remaining 12 ambr15® vessels where several redox drains are 

indirectly inhibited through the addition of lactate and glycerol to the media from the 

beginning. 169 

Figure 6.5: Info graph showing the sampling plan for the ALD experiment. The abbreviations of the 

samples mean the following: Flex sample is for the BioProfile FLEX2 Analyzer (Nova Biomedical, 

Waltham, Massachusetts, USA) which was diluted in 0.2 mL of 100 mM lithium chloride (1:2 

dilution), AA sample is for amino acid analysis, WB sample is for the cell lysis sample used for 

potential western blot analysis, RNA sample is the sample used for RNA extraction and 

subsequent qPCR. Lactate profile below the sample plan is from previous cultures of 3C10 and 

E22 (cell lines used in this experiment) in order to give a visual guide as to when the switch is 

generally expected. 171 
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Figure 6.6: RT-qPCR results showing relative expression of ald gene compared to the housekeeping gene, 

gapdh. Transfectant pools ALD and CNTRL (null vector) were tested in biological triplicates. 

Only one biological sample was tested for all other conditions (ALD-LAC, ALD-LAC-GLYC, PAR, 

PAR-LAC). Each sample was run in technical triplicates. Error bars represent one standard 

deviation (ALD and CNTR n = 9, ALD-LAC, ALD-LAC-GLYC, PAR, PAR-LAC n = 3). 176 

Figure 6.7: Comparison of parent cultures to the corresponding control cultures transfected with the null 

vector. A) Integral viable cell density B) Maximum VCD C) Maximum growth rate D) Final titre. 

Parent cultures n = 3. Controls n = 6. Statistical significance * = p < 0.05. All error bars represent 

one standard deviation. 177 

Figure 6.8: Cell culture performance for the 3C10 cell line and clones: A) Viable cell density (106 cells mL-1) 

B) Cell viability (% of viable cells) C) Lactate concentration (g L-1) D) Ammonia concentration 

(g L-1) E) Specific lactate exchange rate (pg cell-1 day-1) F) Specific glucose uptake rate (pg cell-

1 day-1). Error bars represent standard deviation (PAR: n = 3; ALD and CNTRL: n = 6) except for 

ALD-LAC, ALD-LAC-GLYC and PAR-LAC where the error bars represent the min-max range 

(n = 2). 179 

Figure 6.9: Cell culture performance for the E22 cell line and clones: A) Viable cell density (106 cells¶mL-1) 

B) Cell viability (% of viable cells) C) Lactate concentration (g¶L-1) D) Ammonia concentration 

(g L-1) E) Specific lactate exchange rate (pg cell-1 day-1) F) Specific glucose uptake rate (pg cell-

1 day-1). Error bars represent standard deviation (PAR: n = 3; ALD and CNTRL: n = 6) except for 

ALD-LAC, ALD-LAC-GLYC and PAR-LAC where the error bars represent the min-max range 

(n = 2). 182 

Figure 6.10: A) Specific alanine rates for 3C10 cultures in the LP (days 3 -4) and LC (days 7 - 8) phase 

(n = 1). B) Specific alanine rates for E22 in the LP and LC phase (n = 1). C) Specific production 

rate for mAb (qTitre) for 3C10 and E22. Specific production rate was calculated by dividing the 

final titre by the integral viable cell density (iVCD). Error bars represent standard deviation 

except for ALD-LAC, ALD-LAC-GLYC and PAR-LAC where the error bar represents the range as 

for these conditions n = 2. 183 

Figure 6.11: Lactate to glucose ratio (L/G) for all experimental conditions and cell lines calculated with 

specific rates of glucose and lactate for day 3 and 4 (LP phase). A) L/G ratios for all conditions 

run with the 3C10 cell line B) L/G ratios for all conditions run with the E22 cell line. Error bars 

shown for data with n = 2 represent ranges. All other error bars represent one standard 

deviation. 185 

Figure 6.12: Specific carbon rates for 3C10 in the LP (days 3 - 4) and LC phase (days 7 - 8). Specific carbon 

rates are given in pg cell-1 day-1 where the grams are pure carbon and is neglecting any other 

elements part of the molecule. Carbon dioxide values are assumed based on carbon closure 

(Lularevic et al., 2019) A) Specific carbon secretion rates for the LP phase. B) Specific carbon 

uptake rates for the LP phase. C) Specific carbon secretion rates for the LC phase. C) Specific 

carbon uptake rates for the LC phase. 186 
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Figure 6.13: Specific carbon rates for E22 in the LP (days 3 - 4) and LC phase (days 7 - 8). Specific carbon 

rates are given in pg cell-1 day-1 where the grams are pure carbon and is neglecting any other 

elements part of the molecule. Carbon dioxide values are assumed based on carbon closure 

(Lularevic et al., 2019) A) Specific carbon secretion rates for the LP phase. B) Specific carbon 

uptake rates for the LP phase. C) Specific carbon secretion rates for the LC phase. C) Specific 

carbon uptake rates for the LC phase. 187 

Figure 6.14: Specific carbon ratio heat maps for the LP phase of 3C10 and E22 cultures. Specific carbon 

ratios were normalized based on the respective specific carbon rates of the PAR cultures. 

Ratios > 1 suggest increased specific carbon flux of the respective carbon source compared to 

PAR and ratios < 1 suggest smaller specific carbon flux of the respective carbon source. A) 

Specific carbon uptake ratios for 3C10 cultures. B) Specific carbon secretion ratios for 3C10 

cultures. C) Specific carbon uptake ratios for E22 cultures. D) Specific carbon secretion ratios 

for E22 cultures. 190 

Figure 6.15: Specific carbon ratio heat maps for the LC phase of 3C10 and E22 cultures. Specific carbon 

ratios were normalized based on the respective specific carbon rates of the PAR cultures. 

Ratios > 1 suggest increased specific carbon flux of the respective carbon source compared to 

PAR and ratios < 1 suggest smaller specific carbon flux of the respective carbon source. A) 

Specific carbon uptake ratios for 3C10 cultures. B) Specific carbon secretion ratios for 3C10 

cultures. C) Specific carbon uptake ratios for E22 cultures. Ratios shown in black indicate values 

>> 3 D) Specific carbon secretion ratios for E22 cultures. 191 

Figure 6.16: PLS-DA analysis of process data for 3C10 cell lines in the LP phase (days 3 - 4) discriminating 

between ALD expressing and non-ALD expressing cells. A) PLS scores plot with every condition 

colour coded. The grey dashed line indicates the separation between ALD-transfected and the 

rest B) Loadings scatter plot C) VIP scores. Red dotted line represents VIP score selection cut-

off. 194 

Figure 6.17: PLS-DA analysis of process data for E22 cell lines in the LP phase (days 3 - 4) discriminating 

between ALD expressing and non-ALD expressing cells. A) PLS scores plot with every condition 

colour coded. The grey dashed line indicates the separation between ALD-transfected and the 

rest B) Loadings scatter plot C) VIP scores. Red dotted line represents VIP score selection cut-

off. 197 

Figure 6.18: PCA scores plot for A) 3C10 and B) E22. Blue scores are the parent of the respective cell lines 

and the red scores are the ALD expressing counterparts. The conditions shown are the pools 

grown in lactate from the beginning of the culture, PAR-LAC (̧ ) and ALD-LAC (̧ ). A total of 

two million samples was analysed per PCA where each conditions contributed one million 

samples. 201 

Figure 6.19: Normalized absolute loadings of principal component 1 (PC1) for 3C10 (A) and E22 (B) PCA 

analysis of flux samples. Absolute loadings half the size of the largest absolute loadings was 
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chosen as the cut-off criteria and therefore considered to be highly influential on separating 

the clusters of PAR-LAC and ALD-LAC. 202 

Figure 6.20: Individual bar diagram of selected loadings (raw loadings data) from the top loadings in PC1 

for 3C10 cell cultures. Loadings were grouped by category as indicated by the grouping labels.

 202 

Figure 6.21: Individual bar diagram of selected loadings (raw loadings data) from the top loadings in PC1 

for E22 cell cultures. Loadings were grouped by category as indicated by the grouping labels.

 203 

Figure 6.22: Probability distributions from one million flux samples for ALD reaction of the ALD-LAC 

conditions. A) Probability distribution of 3C10 ALD-LAC conditions. B) Probability distribution of 

E22 ALD-LAC conditions. Box-plot above the histogram can be read in the following way: The 

line in the box represents the median (middle quartile). The box itself the upper and lower 

quartile. The whiskers represent the 95th percentile. The vertical red dashed line indicates the 

0 mmol gDCW-1 h-1 mark. 204 

Figure 6.23: Flux map of central carbon metabolism including the urea cycle. Flux arrows are the ratio of 

the median flux samples from 3C10 ALD-LAC cultures over PAR-LAC cultures. Grey arrows 

indicate a flux ratio < 1, i.e. fluxes of the PAR-LAC cultures were higher than for ALD-LAC 

cultures. Flux ratios > 1 are shown in colour with the corresponding legend provided in the 

graph. 205 

Figure 6.24: Flux map of central carbon metabolism including the urea cycle. Flux arrows are the ratio of 

the median flux samples from E22 ALD-LAC cultures over PAR-LAC cultures. Grey arrows 

indicate a flux ratio < 1, i.e. fluxes of the PAR-LAC cultures were higher than for ALD-LAC 

cultures. Flux ratios > 1 are shown in colour with the corresponding legend provided in the 

graph. 207 
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correspond to data from Templeton et al., 2017; Ahn & Antoniewicz, 2011; McAtee Pereira et 

al., 2018 respectively) and ccFVA (red bars) for central carbon metabolism reactions (glycolysis, 

TCA, PPP) in iCHO1766 across seven distinct experimental datasets. The initial arbitrary bounds 

vLB and vUB were set to 0 and 1000 mmol gDCW-1 h-1 for unidirectional and -1000 ς 

1000 mmol gDCW-1 h-1 for bidirectional reactions. The discontinued x-axis was chosen in order 
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al., 2018 respectively) and ccFVA (red bars) for central carbon metabolism reactions (glycolysis, 

TCA, PPP) in iCHO1766 across seven distinct experimental datasets. The initial arbitrary bounds 
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Introduction 

Monoclonal antibodies (mAbs) within the biopharmaceutical market 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% projecting sales to reach 

$125 billion by 2020 (Ecker et al., 2015). Latest reports show that in 2018 the market was 

valued at $115.2 billion and is further projected to reach a size of about $250 billion by 

2025 (Grilo & Mantalaris, 2019; Research and Markets, 2019). The mAb market is the 

fastest growing sector within the bio-pharmaceutical industry with CAGRs ranging yearly 

from 7.2 ς 18.3%. This rapid growth is due to several reasons including the high specificity, 

efficacy, and tolerability of mAbs which translates to lower risk and higher safety of these 

drugs (Doig et al., 2015). Additionally, well-defined platform processes allow for fast 

ŘŜǾŜƭƻǇƳŜƴǘΣ ŀƴŘ ǳǇƻƴ ŀǇǇǊƻǾŀƭΣ ǊŀǇƛŘ ŎƻƳƳŜǊŎƛŀƭƛȊŀǘƛƻƴ ǿƘƛŎƘ ƭŜŀŘǎ ǘƻ ŀ άŦƛǊǎǘ-to-

ƳŀǊƪŜǘέ ŀŘǾŀƴǘŀƎŜ (Ecker et al., 2015). With this seemingly endless rising demand for 

mAbs it is important to increase process understanding and robustness in order to be able 

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 productivity. Enhancing 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 batch-to-batch consistency, volumetric 

product, and product quality. This is done by optimizing the production process on many 

levels including but not limited to media development (Hecklau et al., 2016), cell line 

development (Coats et al., 2020), downstream operations optimization (Pinto et al., 2015) 

and others (Ozturk & Hu, 2005). Optimization of the production processes is not only 
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necessary in order to meet the ever-growing demand for mAbs 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 post-translational modifications to the recombinant 

proteins, for example glycosylation (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 intricacies of cellular 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 metabolism (Hartley 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 dioxide (Warburg, 1956). This effect 

is observed in most fast proliferating cells and is not fully understood 

(Diaz - Ruiz et al., 2011). Accumulation of lactate, and other by-products such as 

ammonia, have been shown to negatively impact the overall process performance and is 

therefore highly undesirable (Torres et al., 2018). In mAb bioprocessing with mammalian 

cells the accumulation of lactate throughout the early stages of the manufacturing 

process is often followed by a re-consumption of the lactate. This phenomenon is 

ŎƻƳƳƻƴƭȅ ǊŜŦŜǊǊŜŘ ǘƻ ǘƘŜ άƭŀŎǘŀǘŜ ǎǿƛǘŎƘέ (Hartley et al., 2018). While the switch has 

been under investigation for some time and scientists are able to manipulate it in several 

ways including pH control (Gagnon et al., 2011), media formulation (Xu et al., 2016) and 

clonal selection (Kwang et al., 2018), the underlying mechanisms are yet to be 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 of reactions 

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 (Berestovsky et al., 2013). Understanding and researching such intricate 

networks requires a systematic approach using the 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 metabolism (Bailey, 1998; Stelling, 2004). Model based optimization has 

been used in other industries for a long time but due to the inherent complexity in 

biological systems such systematic approaches have developed 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 manufacturing processes and encourages the 

use of data driven tools including metabolic modelling (Mercier et al., 2014). 

In the past metabolic models, both kinetic and stoichiometric, have been used to 

achieve different goals of optimization including improving titre (Ho et al., 2012), media 

development (Song et al., 2008), process control (Kornecki & Strube, 2018), and process 

predication (Kontoravdi et al., 2010). Current development efforts are directed towards 

building larger and more complicated models that aim to capture the complex reality they 

are trying to mimic more and more accurately. Genome scale metabolic models (GEMs) 

for example are models that incorporate all known metabolic reactions and underlying 

genes into a stoichiometric matrix which can be used for linear optimization 

(Rejc et al., 2017). Many efforts have been undertaken in order to understand the lactate 

metabolism and related switch using such models (Martínez-Monge et al., 2018; 

Martínez et al., 2013; Shlomi et al., 2011). However, 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 lines used to manufacture therapeutic proteins (e.g. monoclonal antibodies). The 

combined experimental and modelling approach suggested herein, will enable the 

generation of specific high-quality experimental data that can be fed into the model and 

analysed. Subsequently, novel hypothese as 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 lactate metabolism and potentially opens up the process design space 
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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 this 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. Literature review (Chapter 2) 

Relevant scientific literature is thoroughly reviewed in 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 understand 

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 relevance to the project. 

2. Development of carbon constraining tool (Chapter 3) 

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) significantly at a cheap computational cost is described. 

The tool is tested with the latest available CHO GEM (iCHO1766) and validated 

using experimental data publically available from the literature. The 

developed algorithm is able to constrain the solution space of GEMs 

substantially within the physiological constraints at a fraction of the time 

compared to other FBA variants. 

3. Model based analysis of experimental data (Chapter 4) 

The carbon constraining tool is used in this chapter together with 

experimental data from different 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 constrained flux variability 

analysis (ccFVA) and sampled using Monte Carlo based techniques. 

Subsequently the sampled data is analysed by principal components analysis 
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(PCA). Based on this analysis hypotheses are formed that aim at explaining the 

switch in lactate metabolism. 

4. Experimental validation of model-based analysis through process 

parameters (Chapter 5) 

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 to proof 

some of the hypotheses. Glucose transport (GLUT) inhibitors, lactate feeding, 

and pH manipulation are included using a design of experiments approach. 

5. Experimental validation of model-based analysis through metabolic 

engineering (Chapter 6) 

Another, more complex route of proving the developed hypotheses is to alter 

the genetic program of the cells and enable them to re-direct metabolism. In 

this chapter an enzyme not native to CHO cells (L-alanine dehydrogenase) 

originally found in Mycobacterium tuberculosis is 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 (Chapter 7) 

In the final Chapter 7 the main scientific discoveries are discussed 

complimented by recommendations for future work. Emphasize is given to 

future experimental designs regarding the L-alanine-dehydrogenase 

experiments. This is largely due to the fact that the herein presented results 

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 metabolism and the cost associated with wet-lab 

experimentation in this line of work requires a systematic approach and informed 

experimental design decisions. Combining experimental work with model-based analysis 

to further guide experiments is necessary in order to obtain 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 manufacturing cost which ultimately translates to 

reduced product costs. 
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Literature Review 

This chapter elaborates on the biological principles and mathematical modelling 

concepts relevant to the present work. First the general structure of mammalian cells is 

explained in detail including the main metabolic pathways and chemical reaction 

principles within the cells. State-of-the-art in vitro culturing protocols are also discussed. 

Secondly mathematical modelling of cellular 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 cellular biology 

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 all chemical 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 eukaryotic cell biology, 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 be elaborated on 

in this section. An overview of the major cell components can be seen in Figure 2.1. 

¢ƘŜ ΨōǊŀƛƴΩ ƻǊ ΨŎƻƳƳŀƴŘ ŎŜƴǘǊŜΩ ƻŦ ǘƘŜ ŎŜƭƭ ƛǎ ŎŀƭƭŜŘ ǘƘŜ ƴǳŎƭŜǳǎ ǿƘƛŎƘ Ƙƻƭds the 

ƳŀƧƻǊƛǘȅ ƻŦ ǘƘŜ ŎŜƭƭΩǎ 5b! όŘeoxyribonucleic acid ς organic macro molecule 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 envelope consists of 

two membranes, the inner- and outer membrane. The inner membrane prevents any 
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macromolecules from unhindered entry into the nucleus serving as a protective barrier. 

The outer membrane is continuous with the endoplasmatic reticulum (ER). In order 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 chromosome replication takes 

place. 

 

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/301notes1.htm] 

Attached to the outer membrane of the nucleus is the endoplasmatic reticulum (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 pictures. Ribosomes 

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 by transportation into 

the ER. Within the ER protein folding and other modifications such as attachment of 

carbohydrates to the proteins are performed. Additionally, the rough ER produces lipids 

which it incorporates into its own membrane and then further distributes within the cell, 

http://people.eku.edu/ritchisong/301notes1.htm
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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 limited to carbohydrate 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 synthesised and 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 patters. 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 membrane ƛƴǘƻ ŀ ǾŜǎƛŎƭŜΦ ¢Ƙƛǎ ǿŀȅ ŀ ΨǇŀŎƪŀƎŜΩ ƻŦ ŀ ŘŜŦƛƴŜŘ ǇǊƻǘŜƛƴ ƎǊƻǳǇ Ŏŀƴ 

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

When thinking of a cell as an ultra-small manufacturing plant it is more than 

ǳƴŘŜǊǎǘŀƴŘŀōƭŜ ǘƘŀǘ ŎŜǊǘŀƛƴ ƻǊƎŀƴƛŎ ΨƳŀŎƘƛƴŜǎΩ ƴŜŜŘ ǘƻ ōŜ ǊŜǇƭŀŎŜŘ ŀƴŘ ƻǘƘŜǊ ƻǊƎŀƴƛŎ 

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. Lysosomes have 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 modification 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 specialized mini compartment of the cell which plays an 

important role in certain metabolic functions. For example, 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 oxygen (O2) producing hydrogen peroxide (H2O2) 

as a by-product. This toxic by-product is then, by another enzyme contained within the 

peroxisome, converted to Water (H2O). This is a perfect example of how important and 
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helpful compartmentalisation can be, where in this example the toxic by-product H2O2 is 

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

aƛǘƻŎƘƻƴŘǊƛŀ ŀǊŜ ƻŦǘŜƴ ǊŜŦŜǊǊŜŘ ǘƻ ŀǎ ǘƘŜ ΨǇƻǿŜǊ ǇƭŀƴǘΩ ƻŦ ǘƘŜ ŎŜƭƭ ŘǳŜ ǘƻ ƛǘǎ ƭŀǊƎŜ 

contribution of generating energy rich molecules, 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 fraction of DNA 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 taken up a bacterium which then continued to live 

along its host and eventually in the course of evolution became one organism. The inner 

part of the mitochondria is called mitochondrial matrix and is the place where part of the 

metabolism takes place, most notably the 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. The highly folded inner membrane, also called cristae, is an 

example of efficient cell structuring. The folding increases the membrane surface allowing 

ƳƻǊŜ ΨǿƻǊƪǎǘŀǘƛƻƴǎΩ ǿƛǘƘƛƴ ǘƘŜ ǎŀƳŜ ǾƻƭǳƳŜ ƻŦ ŎƻƳǇŀǊǘƳŜƴǘΦ aƛǘƻŎƘƻƴŘǊƛŀ ŀǊŜ ǳƴƛǉǳŜ 

cell compartments and show 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 dynamically in place. 

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 

ǊŜǎǇƻƴǎƛōƭŜ ŦƻǊ ǘƘŜ ŎŜƭƭǎ ǎǘǊǳŎǘǳǊŜΣ ǎŜǊǾŜǎ ŀǎ ΨǘǊŀƴǎǇƻǊǘŀǘƛƻƴ ǊƻǳǘŜǎΩ Ŧƻr vesicles and other 

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 metabolites (Stephanopoulos et al., 1998). It serves as a series of 

processes vital to energy production, cell proliferation, and elimination of waste products. 

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 energetic molecules 

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

of reactions. 

2.1.2.1 Central carbon metabolism 

Central carbon metabolism consists of three major metabolic sub pathways, namely 

glycolysis, pentose phosphate pathway (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 seen in Figure 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, (iii) and finally active protein-mediated transport requiring energy in the form of 

ATP (Carruthers, 1990). Since glucose is a polar molecule it can only slowly diffuse through 

the cell membrane without the help of specific transporter 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 mammalian cells (Fukumoto et al., 1988; 

Heilig et 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 is being 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 uptake (Ozturk & Palsson, 1990). 

Phosphorylation is one of the few steps that actually require energy input with a cost of 

one ATP molecule per molecule of glucose. 
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Upon conversion of glucose to glucose-6-phosphate (G6P), it can either enter 

glycolysis or the pentose phosphate pathway (PPP). Glycolysis is comprised of nine 

enzymatic reactions (excluding Glc to G6P) converting one molecule of G6P (siz carbon 

atoms) into two molecules of pyruvate (three carbon atoms). As can be seen in Figure 2.2 

another phosphorylation from Fructose-6-phosphate to Fructose-1,6-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 glyceraldehyde-3-

phosphate to 1,3-biphospateglycerate. Hence, glycolysis yields a net of two ATP, two 

NADH, and two pyruvate molecules which can then either enter the TCA cycle or be 

converted to lactate.  
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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 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 oxidized to carbon 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 pyruvate 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 expense of ATP. However, this process has been shown to be inactive in most 

mammalian cells (Ozturk & Hu, 2005). The more common route for pyruvate is via the 

pyruvate dehydrogenase complex (PDC) forming one molecule of each: Acetyl-CoA, CO2 

and NADH. The PDC forms the link between glycolysis and the TCA cycle where Acetyl-
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CoA can be completely oxidized to CO2 producing reduction equivalents NADH and FADH2 

as well as one molecule of GTP through substrate-level phosphorylation. Acetyl-CoA (C2) 

enters the cycle by forming citrate (C6) together with oxaloacetate (C4) splitting off its 

Coenzyme A sub-unit (Figure 2.2). Next to producing reduction equivalents and one 

molecule of GTP the TCA yields several biosynthesis precursors which include but are not 

limited to succinyl-/ƻ!Σ ʰ-ketogularate, and oxaloacetate for amino acid synthesis, citrate 

used for lipid synthesis, and acetyl-CoA for fatty acid and amino acid synthesis. These are 

needed due to the fact that some intermediates 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 transforƳŜŘ ŦƛǊǎǘ ǘƻ ƎƭǳǘŀƳŀǘŜ ŀƴŘ ǘƘŜƴ ǘƻ ʰ-

ketogularate. Coleman & Lavietes (1981) ǿŜǊŜ ǘƘŜ ŦƛǊǎǘ ǘƻ ƛŘŜƴǘƛŦȅ ʰ-ketogularate as a 

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 succinyl-CoA, mainly via valine, leucine and isoleucine, fumarate, 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 CO2 are transferred from NADH and FADH2 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 PPP, as well as 

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 fructose-6-phosphate and glyceraldehyde-3-phosphate, plus several biosynthesis 

precursors such as Ribose-5-phosphate, Xylulose-5-phosphate, and Erythrose-4-

phosphate used for nucleotide, coenzyme, and amino acid synthesis. The pathway has 

two distinctive phases where the first is the oxidative phase and the second the non-

oxidative phase. In the oxidative phase G6P is oxidized to Ribulose-5-phosphate 

generating two NADPH and one CO2 molecule. In the non-oxidative phase multiple five 

carbon sugars are rearranged to either biosynthesis precursors or glycolytic intermediates 

through transaldolases and transketolases. This rearrangement process was described in 
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an interesting way by Melendez-Hevia and Isidoro where they solved the pentose 

phosphate rearrangement of six C5 sugars to five C6 sugars using a mathematical 

optimization approach (Meléndez-Hevia & Isidoro, 1985). 

2.1.2.2 Oxidative phosphorylation 

All the energy gained from oxidizing glucose to carbon dioxide through Glycolysis 

and TCA is stored in the reduction equivalents NADH and FADH2. These reduction 

equivalents link the aforementioned pathways to oxidative phosphorylation. Oxidative 

phosphorylation takes place within the mitochondrial matrix and functions through 

chemiosmosis which is the process of using a proton gradient (i.e. pH gradient) to couple 

an exergonic (electron transfer 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: 

 ρ

ς
ὕ ὔὃὈὌὌ

             
ựự ὔὃὈ Ὄὕ     ɝὋ υςȢτ ὯὧὥὰȾάέὰ (Eq 2.1) 

The electron transfer chain (ETC) is a series of redox reactions where electrons are 

gradually transferred from a higher energy state to a lower energy state releasing the 

energy in a more manageable way than releasing it all at once by transferring the 

electrons directly to oxygen. The ETC consists of four complexes which contain a number 

of prosthetic groups such as Flavin mononucleotide (FMN), iron-sulfur (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 gradient resulting in low proton 

concentration (high pH) in the matrix and high proton concentration (low pH) in the 

intermembrane space (Figure 2.3). The energy stored in form 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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Figure 2.3: Oxidative phosphorylation in Mitochondria. [Source: adapted from www.wikepedia.org] 

The theoretical maximum of ATP gained per molecule of glucose consumed is 

calculated to be 32, where 4 ATP molecules come from glycolysis 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 FADH2 only 6 protons are pumped across the membrane. This is due to the 

lower energy state of FADH2 compared to NADH. In order to generate 1 molecule of ATP 

a total of about 4 protons are needed to flow through the ATP synthase back into the 

matrix (Figure 2.3). Hence, 2.5 molecules of ATP can be synthesized by oxidizing one 

molecule of NADH and only 1.5 ATP through oxidizing FADH2. Per molecule of glucose 10 

NADH molecules and 2 FADH2 molecules are synthesized (ςȢυ ρπρȢυ ς ςψ). 

http://www.wikepedia.org/
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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 to NAD+ it 

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 before (2.1.2.2

 Oxidative phosphorylation), pyruvate needs to be transported actively across the 

membrane by pyruvate translocase and monocarboxylate transporters (MCTs) which is 

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

The overall efficiency (‚) of the oxidative phosphorylation can be calculated as a 

function of energy yield from NADH (ɝὋ υςȢτ ὯὧὥὰȾάέὰ), the mitochondrial P/O 

ratio of 2.5, and the energy stored in one molecule of ATP (ɝὋ χȢσ ὯὧὥὰȾάέὰ): 

 
‚ ςȢυ

χȢσ

υςȢτ
ρππσυϷ (Eq 2.2) 

An efficiency of 35% is very good compared to a conventional automobile powered 

by gasoline which only gets to an efficiency of about 25% (Bagline, 2007). The rest of the 

energy is given up as heat. 

2.1.2.3 Redox balance 

Redox reactions are a specific type of reactions consisting of two half-reactions, 

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 NAD+/NADH 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 several redox couples was performed by Bücher & Klingenberg (1958) who were 

the first to estimate the actual reduction potential for the redox couples NAD+/NADH and 

NADP+/NADPH. 
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The majority of the redox reactions within the cell are two electron processes which 

ŜƴǎǳǊŜ ŀ άŎƭƻǎŜŘ ǎƘŜƭƭέ ƳƻƭŜŎǳƭŜ ŀǾƻƛŘƛƴƎ ǘƘŜ ōǳƛƭŘ-up of radicals. The redox state of the 

cell was later defined in a review paper by Schafer & Buettner (2001) as the half-cell 

potential and the reducing capacity of a particular redox couple. The reduction potential 

of NAD+/NADH has been widely studied (Bücher & Klingenberg, 1958; Jensen & Elving, 

1984; Schafer & Buettner, 2001) A change in the redox state of a cell is essentially 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 since pH is directly proportional 

to the proton concentration within the broth (Schafer & Buettner, 2001). Hence 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. NAD+/NADH) 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 organism Escherichia coli which showed to be sensitive to the 

redox state of the cell, thereby acting on a genome wide basis in order to regulate and 

adapt to the redox changing environment (Federowicz et al., 2014). This study provides 

great insights into their methodologies and 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 to lower-yielding 

pathways like lactate metabolism (Altamirano et al., 2013; Pereira et al., 2018; Young, 

2013). Other organisms, for example E. coli, instead of down-regulating the efficient 

metabolic pathway and up-regulating less efficient ones, it up-regulates the less efficient 

pathways to an extend that the energy deficiency is covered in addition to the already 

active efficient pathway. 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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(van Hoek & Merks, 2012). They state that up-regulating lower-yielding metabolic 

pathways while keeping the high-yielding pathway at maximum fluxes can be explained 

by the fact that the fluxes through the maximum yielding pathway are maxed out 

όΨƻǾŜǊŦƭƻǿ ƳŜǘŀōƻƭƛǎƳΩύ ǊŜǎǳƭǘƛƴƎ ƛƴ ǇǳǎƘƛƴƎ ǘƘŜ ŀŎŎǳƳǳƭŀǘƛƴƎ ƛƴǘŜǊƳŜŘƛŀǘŜǎ ƛƴǘƻ ƻǘƘŜǊ 

directions (i.e. lower energy yielding pathways). (Al-Rubeai, 2015; Niklas et al., 2011; van 

Hoek & Merks, 2012; Zielinski et al., 2017). 

Due to exhausting the kinetic rates through high-yielding pathways (e.g. TCA), low-

yielding pathways (e.g. LDH) (with faster kinetics) are up-regulated to cope with the fast 

influx of glucose. The answer to why mammalian cells down-regulate their higher-yielding 

pathways is linked to maintaining the redox state of the cell. Both pathways, the TCA and 

LDH, consume NADH and produce NAD+, hence both pathways are competing for the 

same resource. In order to keep the NAD+/NADH ratio constant, the slower pathway 

needs to down-regulate. This is also true for other organisms such as L. lactis and S. 

cerevisiae. E. coli on the other hand uses its acetate pathway which does not require any 

NADH molecules to re-direct excess intermediates, therefore not having to down-regulate 

the oxidative phosphorylation due to competing resources (van Hoek & Merks, 2012). 

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 (Gao et al., 2007; Sánchez et al., 2014; Zamorano et al., 2010). One of the first 

attempts to account for the redox state in a metabolic model was performed by 

Nolan & Lee (2011). First, they have identified the major sinks and sources of NADH, 

where the sources are 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 revealing that the production of NADH within the mitochondria is not 

sufficient to keep up with the consumption of NADH from oxidative phosphorylation. 

Consequently, NADH must be imported from the cytosol to make up for the deficit. As 

long as glycolytic fluxes 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 order to 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 described as follows: 

 Ὑ
’  O

’  O 
 (Eq 2.3) 

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 into the 

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 (R < 1), the LDH will reverse at a rate dependent on R 

and consume lactate to produce additional NADH. Nolan & Lee (2011) have shown with 

their work that redox state has 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 

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

2.1.2.4 Lactate metabolism 

An often-used parameter to evaluate culture performance is lactate metabolism. 

Lactate is a seemingly unwanted by-product 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 presence of 

oxygen, was first described by Otto Warburg in 1956 (Warburg, 1956). Since then, 

scientists 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 productivity as 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 process parameters that influence lactate 

metabolism have been of great interest to the bioprocessing industry (Hartley et al., 2018; 

Le et al., 2012; Martínez et al., 2013; Torres et al., 2018; Zagari et al., 2013a). Parameters 

that have been shown to influence the lactate metabolism include pH (Ivarsson et al., 
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2015), osmolality (Xu et al., 2018), glucose concentration (Gagnon et al., 2011), alternate 

carbon sources (Leong et al., 2017; Torres et al., 2019; Xu et al., 2016), copper 

concentration in the media (Luo et al., 2012; S. Xu et al., 2016; Yuk et al., 2014) and partial 

pressure of carbon dioxide (pCO2) (Brunner et al., 2018; Charaniya et al., 2010; Xu et al., 

2018). 

Glucose concentration, in particular, was found to have a strong impact on lactate 

metabolism. While on the one hand studies show that lactate consumption is driven by 

glucose limitation (Altamirano et al., 2004; Cruz et al., 2000; Ozturk et al., 1992) others 

show that even under high/residual glucose concentrations lactate consumption occurs 

in mammalian cells (Ivarsson et al., 2015; Le et al., 2012; Liste-Calleja et al., 2015; Luo et 

al., 2012; Ma et al., 2009; Martínez-Monge et al., 2018; Mulukutla et al., 2012; 

Ozturk et al., 1997). These seemingly controversial findings can have several reasons 

including different cell lines, genetic modifications, 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 study (Wilkens et al., 2011) suggests that the production of lactate and its 

accumulation in extracellular broth is due to the accumulation of pyruvate which then is 

being converted to lactate by the lactate dehydrogenase complex. Increasing production 

of lactate leads to a decrease of the internal pH (pHi) of the cells forcing lactate flow 

outside the cell. In this particular study consumption 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 the cells. A 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 performance (Altamirano et al., 2006). More recently Torres et 

al. (2019) have successfully grown CHO cell culture in a chemostat replacing glucose in the 

media and feeds with a mix of galactose and lactate. Their findings conclude a more 

energy efficient metabolism resulting in an increased ATP production per C-mol consumed 

(Torres et al., 2019)Φ ¢ƘŜǎŜ ŦƛƴŘƛƴƎǎ ŀǊŜ ƛƴ ŀƎǊŜŜƳŜƴǘ ǿƛǘƘ ǘƘŜ ŜŀǊƭƛŜǊ ŘƛǎŎǳǎǎŜŘ ΨƻǾŜǊŦƭƻǿ 

ƳŜǘŀōƻƭƛǎƳΩ ŘŜǎŎǊƛōŜŘ ōȅ van Hoek & Merks (2012). 
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Ivarsson et al. (2015) studied the effect of pH on lactate metabolism and concluded 

that an increased pH results in greater lactate 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 reduction potential of the more important ones (NAD+/NADH) 

(Schafer & Buettner, 2001). 

Another interesting study reported by Takuma et al. (2007) states that with a CHO 

cell line in a 1 L perfusion reactor under elevated pCO2 of approx. 220 mmHg and glucose 

limiting conditions (6 mM) showed increased specific lactate production rates compared 

to the control at ~50 mmHg pCO2. They report an increase of lactate yield on glucose from 

1.1 to 1.7. This effect was not observed when changing pCO2 levels at high glucose 

conditions (33 mM). This suggests that pCO2 only affects lactate metabolism in a glucose 

limited environment. Elevated pCO2 results in increased osmolality due to pH control 

(Schmelzer et 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 316 mOsm/kg to 445 mOsm/kg 

resulted in an increase of specific lactate production of 43% (Zhu et al., 2005). A recent 

study explored the combined effects of pH, pCO2, osmolality and base addition on large-

scale CHO fermentations upt o 2,000 L (Xu et al., 2018). They concluded that pCO2 on its 

own does not have a significant impact on the lactate metabolism but only when 

combined with pH and osmolality. A mechanism for the production of lactate was 

postulated where high pCO2, due to poor CO2 stripping for example, triggers the addition 

of base for pH control. The addition of 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 culture. (Xu et 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 formation (Le et al., 

2012; Toussaint et al., 2016). This 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 culture. 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 circumstances (Li et al., 2012). Feeding lactate and galactose instead of glucose has 

recently been shown to be a viable strategy to reduce unnecessarily 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 culture (Torres et 

al., 2019). 

The overflow mechanism present in metabolic networks due to different reaction 

kinetics involved in a chain of reactions has been widely discussed in literature (van Hoek 

& Merks 2012; Molenaar et al. 2009; Smolke 2009; Martínez et al. 2013) as 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 down-regulation of lactate 

dehydrogenase-A (LDH-A) with siRNA (small interfering RNA) in CHO cells resulted in 

decreased specific glucose consumption (qGlc) of 13 - 46% accompanied by decreased 

specific lactate production (qLac) (Kim & Lee, 2007a). A slightly different approach with 

similar affects showed that the additional expression of human pyruvate carboxylase 

(hPC) in CHO cells decreased qLac by 21 ς 39% (Kim & Lee, 2007b). Toussaint et 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 able to 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 due to the lower lactate production. The latest advances in this direction 

was performed by Gupta et al. (2017) where they super-transfected 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 longevity. Additionally, a titre 

improvement of 5% was measured. An additional piece of information this particular 

study offered was the analysis of the product quality in regard to the glycosylation pattern 
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of the mAb which revealed a slightly improved basic and main peak for PYC2 transfected 

cells compared to the control. 

A study 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 co-factor to many catabolic relevant enzymes such as the 

cytochrome-c oxidase complex present in the electron transport chain in the 

mitochondria (Zeng et al., 2007). Cultures supplemented with additional copper showed 

increased lactate consumption alongside increased culture longevity and product titre. An 

explanation given was that cells under normal conditions (control culture w/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 to the lack of enzymatic 

co-factors, namely copper (Yuk et al., 2014). This work suggests that the bottleneck in 

energy metabolism is not the PDC as proposed by other researchers (Altamirano et al., 

2006; Wilkens et al., 2011) but rather the limitation of copper as a co-factor for enzymatic 

reactions in the oxidative phosphorylation. However, it is necessary to determine the 

correct concentration of copper for a given cell line and process as copper concentrations 

above a certain level may have adverse effects on mammalian cell culture (Carvalho Do 

Lago et al., 2011). 

Metabolic flux balance (MFA) analysis is a powerful tool to better understand and 

quantify intracellular carbon flow. A study performed in 2011, using 13-C labelled 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 by Martínez et al. (2013) and has also been shown to be characteristic of 

cancer cell metabolism where Hu et al. (2017) have shown that about 85% of the incoming 

glucose is converted to lactate. Conversely, a study conducted by Dean & Reddy (2013) 

states the opposite. Also using 13-C labelled glucose coupled with MFA, they found that 

most of the lactate was produced 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 DHFR-CHO cell 

line whereas Ahn and Antoniewicz used a commercially available CHO-K1 cell 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 computational tool to characterize them in a streamlined manner could 

significantly increase understanding of the underlying metabolic effects. 

A recent review by Hartley et al. (2018) has compiled all the research to date on the 

switch in lactate metabolism and elaborated on each of the theories as to why the switch 

is happening. While discussing each one of them including but not limited to glucose 

depletion (Altamirano et al., 2006; Martínez et al., 2013), pH shift (Ivarsson et al., 2015; 

Liste Calleja et al., 2015), switch between growth and stationary phase (Ma  et al., 2009), 

or glutamine depletion (Wahrheit, 2014), they list the limitations and potential 

contradictions with each one of them. As they discuss the potential causes and current 

work on the switch in lactate metabolism they formulate and a present hypothesis by 

themselves where they state that the global 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, a lot 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. Li et al., 2012; Ma et al., 2009; Yuk et al., 2014) but only few studies 

combine the experimental work with extensive modelling approaches using genome scale 

metabolic modelling (Zagari et al., 2013a). Despite the work that has been done a lot of 

understanding needs to 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 operating 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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2.1.2.5 Glutamine Synthase (GS) expression system 

Two commonly used expression systems in the industry are the DHFR system based 

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 & Racher, 2006). 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 GS (Al - Rubeai, 2015; Flickinger, 2013; Kim et al., 2012). The 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 (Figure 2.4). 

 

Figure 2.4: Key enzymatic reactions used for gene amplification (a) dihydrofolate reductase pronates 
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 GS system 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 add 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 than 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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2.1.2.6 Monoclonal antibodies 

The huge demand for therapeutic proteins has created one of the fastest growing 

markets in the health sector (Jenkins, 2007). Especially mAbs are widely researched 

because of their high specificity towards abnormal cells in the body. Due to their high 

specificity they have proven to be a great contributor to the fight against some types of 

ŎŀƴŎŜǊΣ ǊƘŜǳƳŀǘƻƛŘ ŀǊǘƘǊƛǘƛǎ ŀƴŘ /ǊƻƘƴΩǎ ŘƛǎŜŀǎŜ ƳŀƪƛƴƎ ǘƘŜƳ ŀ ƭǳŎǊŀǘƛǾŜ ǊŜǎŜŀǊŎƘ ŦƛŜƭŘ 

(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 lines (Butler, 2005). Variations in these PTMs are highly undesirable to 

the industry because they may result in unwanted side effects such as an immune 

response to the drug or product activity (Jenkins, 2007). Therefore, it is vital to have 

analytical systems in place that monitor product quality throughout the process. Product 

quality can be affected by several parameters including physical ones such as pH, oxygen 

and temperature (Trummer et al., 2006) but also physiological/metabolic parameters 

such as lactate and ammonia concentrations in the culture (Cruz et al., 2000; 

Toussaint et al., 2016). 

Post-translational 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 

(Blom et 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 (glyco-) proteins. 

The first addition can be done by an N-glycosidic bond to the residual group of an 

Asparagine (Asn). An N-glycosylation can only be done on an Asparagine residue that is 

part of an amino acid sequence characterized by Asn-X-Ser/Thr. The Asparagine at 

position 297 is the main point for glycosylation on mAbs (see Figure 2.5) produced for 

therapeutic uses. The second addition type is an O-linked glycosylation (O-glycosylation) 

which is characterized by a bond to the residual group of a Threonine (Jenkins 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 half-life, clearance time as well as antibody dependent cell 

toxicity (ADCC) of the mAb (Al - Rubeai, 2015). Therefore, glycosylation has been 

investigated intensively to increase and stabilize product quality (Smolke, 2009). 

The most recent advances in this field includes a study that investigated real time 

glycosylation monitoring (RT-GM) which, when fully developed, enables the possibility of 

a feedback control loop to actively manipulate the glycol pattern of the product which in 

return could immensely improve product quality and therefore product yield 

(Tharmalingam et al., 2015). 

 

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 which is highly specific. The Fc (crystallizable fragment) region contains the 
oligosaccharide representing the glycosylation. Glycosylation originates from the Asparagine at position 
297 (Asn297) (Jefferis, 2009) 
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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 larger-

scale as well as making use of already established culturing methodologies (Ozturk & Hu, 

2005). Suspension cultures can be performed in two ways, one being batch/fed-batch and 

the other being continuous. 

There are two major discontinuous processes used in the pharmaceutical industry, 

namely batch and fed-batch. 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 supply for good cell performance as well as pCO2 stripping. During a 

batch culture, cells start off with a lag-phase (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 left-over metabolites and 

then ends in a declining or dying phase (4). This growth behaviour is schematically 

presented in Figure 2.6. 
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Figure 2.6: Schematic growth curve of a suspended mammalian cell culture. The growth curve can 
be sub-divided into 4 distinctive phases: (1) Lag-phase where cells accumulate to the 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 accumulation of toxic waste products. 

In fed-batch cultures this growth profile is very similar but extended 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 dilution effect 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 effects on cell performance 

and final titre. It is therefore important to study the effects of 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.) resulting in a 

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 achieving an optimum 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 application in 

research and development where this system enables the study of enzyme kinetics for 

cell line characterization and metabolic modelling (Pörtner & Schäfer, 1996). 

 

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) Fed-batch STR characterized by additional feeding 
port for carbon feed. (C) Perfusion bioreactor system with ATF set-up and level sensor. 

The second continuous culture 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 filtration system. Varies perfusion set-ups exist including 

Spin-filter, TFF (Tangential Flow Filtration) and ATF (Alternating Tangential Flow) systems 

(Al-Rubeai, 2015; Clincke et al., 2011; Flickinger, 2013). Figure 2.7 (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. The filtered 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 

fibre much higher cell densities can be achieved than with the chemostat making this 

system much more applicable to industrial 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 lower retention time within the bioreactor 

(Birch & Racher, 2006). 

2.2. Modelling cellular processes 

Experimental approaches have become more and more expensive as more and 

more information is gained about biological processes (Kitano, 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, 1969), aerospace industry (Sobieszczanski-Sobieski & Haftka, 1997) and 

the chemical and biochemical industries (Bailey, 1998) have made 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 non-science sectors such as marketing and supply chain 

management (Hillier & Editor, 1999; Reijers, 2003) where business workflows 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 for a system, 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 the use of the model 

will be and what questions the model will have to answer (Bailey, 1998). 

2.2.1 Modelling types 

Already in 1970 Fredrickson et al. (1970) described four different types of 

mathematical models for biological systems which still hold up to date (Figure 2.8). These 

four types of models can be divided into two 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 opposed 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 complete one cycle a mammalian cell needs somewhere between 10 ς 30 hours 

(Tziampazis & Sambanis, 1994). Cells 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 mathematical representations 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, where sub-populations of a 

culture are accounted for based on their cell cycle. 

 

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 demand. 

Microscopic 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 either chemically or physically (Sidoli 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, 1994). One of the pioneering works on structured mammalian 

models was done by Wu et al. (1992) who created a structured single-cell model for CHO 

cells that predict growth under different substrate conditions (glucose, 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 

ŀƭǿŀȅǎ ǊŜǘǳǊƴ ǘƘŜ ŜȄŀŎǘ ǎŀƳŜ ǎƻƭǳǘƛƻƴΦ 5ȅƴŀƳƛŎ ƳƻŘŜƭǎ ŎŀǇǘǳǊŜ ŀ ǎȅǎǘŜƳǎΩ ōŜƘŀǾƛƻǳǊ 

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 that only 

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 problem (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 metabolites 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 include the graph theoretical representation, the reaction 

interaction graph, the metabolite interaction graph, as well as the flux coupling graph. A 

ŘŜǘŀƛƭŜŘ ŜȄǇƭŀƴŀǘƛƻƴ ƻŦ ŜŀŎƘ ƻŦ ǘƘŜǎŜ ǊŜǇǊŜǎŜƴǘŀǘƛƻƴ ŦƻǊƳǎ Ŏŀƴ ōŜ ŦƻǳƴŘ ƛƴ ǘƘŜ ΨaŜǘŀōƻƭƛŎ 

Pathway Engineering HaƴŘōƻƻƪΥ CǳƴŘŀƳŜƴǘŀƭǎΩ ōȅ /ƘǊƛǎǘƛƴŀ 5Φ {ƳƻƭƪŜ (Smolke, 2009). 
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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 stoichiometric coefficients 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 network (Orth et 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 for 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) interaction-based modelling which includes graph-based 

representation of the network (static models), (ii) constraint-based 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). Constraint-based and mechanistic modelling will be discussed in more 

detail in the following section as these are relevant to this project. For more information 

about interaction-based modelling refer to Goldin et al. (2006). 

2.2.2.1 Kinetic 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 captured 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 

(DAEs) (Gombert & Nielsen, 2000). 

aŀƳƳŀƭƛŀƴ ŎŜƭƭǎ ŀǊŜ ƘƛƎƘƭȅ ŎƻƳǇƭŜȄ ΨƳŀŎƘƛƴŜǎΩ ǿƘƛŎƘ ǊŜǉǳƛǊŜ ŎƻƳǇƭŜȄ ƳŜŘƛŀ ŀƴŘ 

feeds. This makes it particularly difficult to model single cell dynamics. Incorporating all 

known reactions in a dynamic model would result in numerous parameters that need to 

be estimated. A dynamic model of that size is not feasible to compute in a timely manner. 

(Hu & Zeng, 2012). In order 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 objective functions, reduction of time scale (i.e. looking only at a smaller portion 

of the process) and others (Nolan & Lee, 2011). 

Nolan & Lee (2011) developed a kinetic model simulating CHO fed-batch processes 

with an increased regulatory approach. The kinetic rate expressions for the intracellular 

metabolic reactions were based on the extra cellular metabolite concentrations as well as 

on temperature and redox dependant variables allowing for more realistic in silico 

behaviour of the culture. They were able to predict the impact of process variables such 

as temperature shift, nutrient concentrations, and specific productivity 

(Nolan & Lee, 2011). They continued to explore the possibilities with the kinetic model 

they have developed to investigate how cell modifications, i.e. gene knock-downs (eight 

reactions were considered), and process modifications, i.e. parameters (temperature 

shift, seeding density, etc.), affect the cultures behaviour, especially in regard to antibody 

production (Nolan & Lee, 2012). Gene knock-Řƻǿƴǎ ǿŜǊŜ ŘŜŦƛƴŜŘ ǘƻ ōŜ нл҈ ƻŦ ǘƘŜ ˄max 

simulating reduced enzyme expression. The results showed, that enzymes knocked-down 

connected to the lactate metabolism resulted in the greatest increase in titre when 

choosing the right settings of process parameters. 

Recently Villaverde et al. (2016) build upon the findings of Nolan & Lee (2012) using 

a compartmentalised large-scale kinetic CHO model with a reduced number of 

parameters utilising a meta parameter approach presented previously 

(Villaverde et al., 2015). Instead of defining gene knock-downs to have only 20% of the 

maximum flux 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 by Villaverde et al. (2016) is the multi-objective 

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 for cell cultures, as shown in literature, can give great 

process insights. However, kinetic models always require parameter estimation for 

individual scenarios (Almquist et al., 2014) increasing 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 the model that allowed correct prediction of 

cellular metabolism under multiple media conditions. (Robitaille et al., 2015). 

Additionally, the same set of parameters predicted culture performance in batch as well 

as fed-batch mode. Such a system could be a key milestone towards using kinetic models 

to identify different media compositions, metabolite concentrations and fed-batch 

strategies (Robitaille et al., 2015). 

2.2.2.2 Constraint-based modelling 

Stoichiometric modelling or steady state modelling, as mentioned in the 

transportation network example, is based on the principle of mass balance. This is 

achieved by using a stoichiometric matrix (Figure 2.9) 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 reaction further. The combination of 

mass balance and bound constraints define the rate at which a metabolite is consumed 

or produced (Orth et al., 2010)Φ !ƴ ΨƻōƧŜŎǘƛǾŜ ŦǳƴŎǘƛƻƴΩ Ŏŀƴ ǘƘŜƴ ōŜ ǳǎŜŘ ǘƻ ƛŘŜƴǘƛŦȅ 

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 hand rely 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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Figure 2.9: Stoichiometric matrix, S. The matrix consists of m metabolites and n reactions resulting 
in a matrix size of m x nΦ {ǘƻƛŎƘƛƻƳŜǘǊƛŎ ŎƻŜŦŦƛŎƛŜƴǘΩǎ ŦƻǊ ŜŀŎƘ ƳŜǘŀōƻƭƛǘŜ ŀǊŜ ǇƭŀŎŜŘ ƛƴ ǘƘŜ Ǌƻǿ ƻŦ ǘƘŜ ǊŜŀŎǘƛƻƴ 
they take place in. Negative values for reactants, positive values for products, and zero if the metabolite 
does not participate 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 (e.g. genome 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. check mass balance and blocked 

reactions), (5) Data assembly and dissemination (e.g. adding gap information) (Thiele & 

Palsson, 2010). Several protocols for MNR exist and one of the most recent ones was 

published in 2010 by Thiele & Palsson (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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 Ὠὢ

Ὠὸ
Ὓȟ‡ ȟὪέὶ Ὥ ρȟȣȟά (Eq 2.4) 

where dXi/dt  is the m × i column vector of time derivatives of all intracellular 

metabolites, Si,j is the stoichiometric coefficient for the ith metabolite and jth reaction and 

j˄ is the reaction rate of the jth reaction. This mass balance equation can be written in a 

simplified version resulting in: 

 Ὠὢ

Ὠὸ
Ὓ’ (Eq 2.5) 

where dX/dt represents the change of all internal metabolites over time, S the 

ŎƻƳǇƭŜǘŜ ǎǘƻƛŎƘƛƻƳŜǘǊƛŎ ƳŀǘǊƛȄ ŀƴŘ ˄ ǘƘŜ ǊŜŀŎǘƛƻƴ ǊŀǘŜ ǾŜŎǘƻǊΦ ¦ƴŘŜǊ ǘƘŜ ŀǎǎǳƳǇǘƛƻƴ ǘƘŀǘ 

the intracellular metabolites follow pseudo steady state (PSS), the above equation (Eq 2.5) 

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., 2006) and results in a 

mathematically independent set of steady state equations: 

 Ὓ’ π (Eq 2.6) 

With the PSS assumption, the flux distribution solution falls within the null space of 

S. Since biological systems generally have more reactions than metabolites (m > n), the 

system is under-determined and yields more than one solution, ergo no unique 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 genome-scale model including (i) physio-chemical constraints, 

(ii) spatial or topological constraints, (iii) condition dependant environmental constraint, 

and (iv) regulatory constraints (Price et al., 2004a).  

Several ways of solving the system of linear equations exist where two categories 

include Metabolic Flux Analysis (MFA) and Flux Balance Analysis (FBA). MFA 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 is based on the measured 



66 

reaction rate vector. In order to do this isotopic tracing (Quek et al., 2010) is used such as 

13C labelling of metabolites (Zamboni et al., 2009). 

FBA has been widely employed as a modelling tool (Park et al., 2009) and 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: 

 ὤ ὧ’ (Eq 2.7) 

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 metabolism 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 product yield (Blazeck & Alper, 2010). Maximizing biomass 

with the help of FBA has been successfully performed by several groups in the past 

(Schuetz et al., 2007; Varma & Palsson, 1994). The general expression for a FBA problem 

goes as follows: 

 άὭὲȾÍÁØ ὤ 

ίȢὸȢ       Ὓ’ π 

’ ’ ’  

(Eq 2.8) 

where the flux rates are limited/constraint by the upper (˄U) and lower (˄L) bounds 

for each flux. In the case of biomass the objective function is simply Z = ˄ biomass. 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 objective function, maximizing would 

make the most sense. An overview of all the steps involved of FBA as discussed above can 

be viewed in (Figure 2.10). The biomass reaction is a stoichiometrically balanced reaction 

that includes all precursors involved in biomass formation as well as several co-factors 

such as NADPH and ATP (Feist et al., 2009) and needs to be determined for different cell 

types individually. This is crucial for correct in silico analysis and can vary significantly 

between different mammalian cell lines (Selvarasu et al., 2012). With an objective 
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function set as well as several constraints to the model the system of algebraic equations 

can be solved. 

 

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 
ŀƴŘ ŜŀŎƘ ŎƻƭǳƳƴ ǊŜǇǊŜǎŜƴǘǎ ŀ ǊŜŀŎǘƛƻƴΦ όŎύ tǎŜǳŘƻ {ǘŜŀŘȅ {ǘŀǘŜ ŀǎǎǳƳǇǘƛƻƴ ƎƛǾŜǎ {˄ = 0. (d) definition of 
objective function with c representing a vecǘƻǊ ƻŦ ǿŜƛƎƘǘŜŘ ŎƻƴǘǊƛōǳǘƛƻƴǎ ƻŦ ŜŀŎƘ ŦƭǳȄ ό˄ύΦ όŜύ /ŀƭŎǳŀǘƛƻƴ ƻŦ 
fluxes that maximize the objective function within the given constraints (Orth et al., 2010). 

2.2.2.3 Application of constraint-based modelling 

Constraint-based modelling is a powerful tool that can be used to optimize industrial 

bioprocesses, identify drug targets or improve annotations of genomes (Kauffman et al., 
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2003; Raman & Chandra, 2009; Woolston et al., 2013). In order to optimize a bioprocess 

ǎŜǾŜǊŀƭ ǇŀǊŀƳŜǘŜǊǎ Ŏŀƴ ōŜ ǾŀǊƛŜŘ ǘƘŀǘ ŀŦŦŜŎǘ ǘƘŜ ŎǳƭǘǳǊŜΩǎ ǇŜǊŦƻǊƳŀƴŎŜΣ ŜΦƎΦ ǇǊƻŎŜǎǎ 

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 

compositions in silico before performing any in vivo work is a great way to minimize lab 

work and raw material costs. In order to develop a chemically defined media for 

Mannheimia succiniciproducens Song et al. (2008) introduced a new methodology making 

use of genome-model reconstruction and FBA where they identified essential media 

components and could validate their findings experimentally. Another example of such a 

study was conducted by Covert & Palsson (2002) where different carbon sources were 

tested in silico using FBA to identify their effect on the metabolic flux distribution in E. coli.  

Working on mammalian cells Yang et al. (2009) have discussed how rational media 

design with the help of computational modelling can be superior to empirically or even 

statistically designed experimentation. Using constraint-based modelling they tried to 

optimize amino acid and hormone supplementation of their culture media which revealed 

that their model may be missing alternate metabolic routes due to in silico data not 

matching their experimental outcomes. In a follow-up study they found out that the AA 

transport plays a vital role in the cellular metabolism of their hepatocyte culture. The 

same model with additional constraints was able to capture the transport limitations of 

their system, where increased glutamine concentrations inhibited the uptake of Alanine 

and Serine (Yang et al., 2010). Xing et al. (2011) showed 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% with a 27% increase of product formation. These 

studies and many others (Omasa et al., 2010; Xie & Wang, 1994; Xie & Wang, 1996; 

Xie & Wang, 1994) show that constraint-based 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 models (Ivarsson et al., 2015; McAtee 
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Pereira et al., 2018; Zamorano et al., 2010) or genome-scale models derived from the 

mouse genome (Selvarasu et al., 2012). With the more or less recent sequencing of the 

CHO genome (Lewis et al., 2013; Xu et al., 2011) the reconstruction of a CHO genome-

scale metabolic model from scratch was made possible. Following the sequencing the 

latest genome-scale metabolic model available for CHO cells was published in 2016 (Hefzi 

et al., 2016). This metabolic network reconstruction for CHO cells was shown to accurately 

predict distinct phenotypes including growth, productivity and particular metabolic 

features (Hefzi et al., 2016). 

Well annotated genome-scale models enable powerful and cost-effective in silico 

analysis such as the effect of gene-deletion on a studied metabolic network. A knock-out 

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 

reaction to a 0 flux. Gene essentiality has been studied in yeast by Papp et al. (2004) 

revealing that only about 20% of the genes within the organism are essential for it to grow 

under laboratory conditions. However, in silico gene deletion can also be used to find 

those that are essential which allows identifying targets for novel antibiotics. This is an 

important and valuable feature as multi resistant bacterial strains have become a more 

and more emerging problem, especially in hospitals (Dennesen et al., 1998). This issue 

was addressed by a group which reconstructed a metabolic network of multi-drug 

resistant S. aureus. They identified 10 enzyme pairs which are essential for its growth, 

some of which have not been known to be crucial to its growth before (Lee et al., 2009). 

Metabolic engineering was defined by Stephanopoulos et al. (1998) ŀǎΥ έthe direct 

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 technologyέΦ {ǘŜǇƘŀƴƻǇƻǳƭƻǎ ŀƴŘ ŎƻƭƭŜŀƎǳŜǎ ƘŀǾŜ ǳǎŜŘ ƎŜƴƻƳŜ-scale 

modelling and FBA to pursue a systematic approach to improve the performance and yield 

of lysine-producing C. glutamicum. They identified two key enzymes that when 

overexpressed resulted in improved product yield and productivity (Koffas et al., 2003; 

Koffas & Stephanopoulos, 2005). Revealing metabolic potential of cellular organisms 

through the application of flux balance analysis was performed by tǳŎƘŀƱƪŀ et al. (2008). 

Metabolic reconstruction, subsequent computational analysis and experimental 
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validation of Pseudomonas putida revealed the metabolic potential of this organism 

specifically in regard to the polyhydroxualkanoate production. This work 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 pseudo-steady state 

conditions (dx/dt = 0). Therefore several FBA analyses at different time points of a culture 

can reveal metabolic changes due to environmental change which was studied by 

Martínez et 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 by Ivarsson et al. (2015) and revealed different lactate 

production/consumption behaviour before and after the pH shift. 

2.2.2.4 Variants of FBA 

Over the years a lot of modifications have been made to the conventional FBA 

approach including but not limited to regulatory FBA(rFBA) (Covert & Palsson, 2002), 

steady state regulatory FBA (SR-FBA) (Shlomi et al., 2007), dynamic FBA (dFBA) 

(Mahadevan et al., 2002), loop-less FBA (ll-FBA) (Schellenberger et al., 2011), 

comprehensive polyhedra enumeration FBA (CoPE-FBA) (Kelk et al., 2012), FBA with 

molecular crowding (FBAwMC) (Beg et al., 2007), integrated FBA (iFBA) (Covert et al., 

2008), integrated dynamic FBA (idFBA) (Lee et al., 2008), parsimonious enzyme usage FBA 

(pFBA) (Lewis et al., 2010), and thermodynamics-based FBA (tFBA) (Henry et al., 2007). As 

discussed above, flux balance analysis is purely based on mass conservation; therefore, it 

does not take chemical potentials or metabolite concentrations associated with steady 

state fluxes into account. The directionality of biochemical reactions in vivo is 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 more realistic in silico metabolic network analysis and therefore 

leads to a decreased FBA solution space (Henry et al. 2007; Soh et al. 2012; Soh & 

Hatzimanikatis 2010). The incorporation of thermodynamic constraints does not require 

a system to have ad hoc assigned reaction directionality which is one less source of error 

during metabolic network reconstruction and opens up a way towards new undiscovered 
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network solutions that would have not been found with fixed reaction directionality 

(Soh et al., 2012). 

An example for incorporating thermodynamic constraints as well as metabolite 

concentrations was performed by Soh et al. (2012). Initially they performed FVA on a 

reduced yeast-genome scale model without any thermodynamic constraints and no prior 

assumptions of reaction directionalities. The results revealed that the model was under-

constraint leading to infeasible solutions where CO2 and ATP were recycled to generate 

additional biomass. After imposing thermodynamic constraints on the reaction network, 

flux distribution ranges could be reduced significantly leading to results that reflect reality 

better. 

¢ƘŜ ŎƘŀƴƎŜ ƛƴ DƛōōΩǎ ŦǊŜŜ ŜƴŜǊƎȅ Ŏŀƴ ōŜ ƛƴŦƭǳŜƴŎŜŘ ōȅ ǎŜǾŜǊŀƭ ŦŀŎǘƻǊǎ ƛƴŎƭǳŘƛƴƎ 

temperature (T), ionic strength (I), and intracellular (pHi) as well as extracellular (pHe) pH. 

Angeles-Martinez & Theodoropoulos (2016) have tested the influence of these 

parameters on the flux distribution of Actinobacillus succinogenes and 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 constraints provides a much more realistic in silico 

behaviour of metabolic networks, and therefore produces higher quality output data. As 

discussed by Soh et al. (2012) further inclusion of other constraints, such 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 solution can be 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 

(Lularevic et al., 2019). 
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Improving the accuracy of flux balance analysis 

through the implementation of carbon availability 

constraints for intracellular reactions 

 

In order to investigate the switch in lactate metabolism of industrial Chinese 

hamster ovary cells (CHO) it is proposed to use metabolic network modelling. Metabolic 

modelling, especially genome-scale metabolic modelling, requires sophisticated analysis 

tools that maximize information gained from the model but at the same time need to be 

computationally cost-effective. A new algorithm was developed that reduces the feasible 

solution space of constraint-based metabolic networks, which is in turn based on carbon 

availability. The carbon constraining algorithm was compared against intracellular flux 

measurements using the latest Chinese hamster ovary (CHO) genome-scale model. 

Additionally, results were compared against traditional flux variability analysis (FVA) 

evaluating reduction in the feasible solution space, accuracy in reaction directionality 

prediction and computational cost. 

3.1.  Introduction 

Genome-scale 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 interact on a molecular basis to affect the 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 other ςomics data such as transcriptomics, proteomics 

and/or metabolomics (Opdam et al., 2017; Ramon et al., 2018). By assuming that the cell 

operates in a pseudo-steady 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 programming (LP) problem can be formulated ( Bonarius et al., 

1997; Amit Varma & Palsson, 1994). This 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., 2010). A variety of methods to augment and refine the resulting flux 

distributions through the incorporation of several types of biological activity data have 

been proposed (Beg et al., 2007; Covert & Palsson, 2002; Henry et al., 2006; Sánchez et 

al., 2017).  

Since the stoichiometry of biochemical reactions is well-established and widely 

available in curated public databases, GEMs can be used as an accurate representation of 

the metabolic capabilities of a particular organism (Kelk et al., 2012). Constraint-based 

modelling has been successfully used to guide metabolic engineering strategies 

(Mishra et al., 2018), identify novel genes as antimicrobial drug targets 

(Mienda et al., 2018), predict cellular phenotypes (Ramirez et al., 2017), analyse biological 

networks (Selvarasu et al., 2012) and study evolutionary processes 

(McCloskey et al., 2013; Pál et al., 2006) across more than 30 different organisms (Cook & 

Nielsen, 2017; Duarte et al., 2007; Duarte & Herrg, 2004; Feist et al., 2007; Förster et al., 

2003; Hefzi et al., 2016; Reed et al., 2003; Selvarasu et al., 2012). 

Flux Balance Analysis (FBA), arguably the most prevalent constraint-based method, 

assumes the existence of an overarching metabolic objective, such as the maximization of 

biomass or of some metabolic product of interest (Schuetz et al., 2007), resulting 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 (also referred to 

as fluxes) (vEX) for extracellular metabolites and the biomass growth rate. These are 

introduced through the upper (vub) and lower (vlb) bound constraints for the respective 

exchange fluxes, where (vlb ґ vub) to account for experimental uncertainty. 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, unknoǿƴ ǊŜŀŎǘƛƻƴ ŦƭǳȄŜǎ ό˄i) are 

typically constrained to arbitrarily large numerical values (-мллл Җ ˄i Җ мллл 

mmol gDCW- 1 h-1) (Kelk et al., 2012). Originally, these arbitrarily large bounds were 
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ƛƴǘǊƻŘǳŎŜŘ ŘǳǊƛƴƎ D9a ŘŜǾŜƭƻǇƳŜƴǘ ŀǎ ŀ ǇǳǊŜƭȅ ŎƻƳǇǳǘŀǘƛƻƴŀƭ ƘŜǳǊƛǎǘƛŎ άǘǊƛŎƪέ ǘƻ ǘŜǎǘ 

network connectivity and identify reactions carrying no flux. Since then it has extensively 

propagated in the scientific literature as a means to ensure that thŜ άǘǊǳŜέ ŦƭǳȄ ǎǘŀǘŜ ƻŦ 

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 unnecessarily dilute the solution space with 

physiologically meaningless flux distributions. 

Each reaction in the network for which (vlb ґ vub) 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 reaction (Fv,j), under a given set of physiological conditions, can be 

studied either through Flux Variability Analysis (FVA) (Mahadevan & Schilling, 2003) 

and/or through Monte-Carlo sampling of the solution space (Price, 

Schellenberger, et 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 bound constraints, 

futile cycles and internal loops emerge in the majority of the reported flux distributions. 

Futile cycles, also referred to as Type II extreme pathways (Price et al., 2002), consist of a 

series of reactions that operate in a cycle, with potentially unrealistically large flux values 

that allow them to generate metabolic resources at no cost (i.e. contain exchange fluxes). 

These Type II extreme pathways can cause problems under two 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 metabolites (Maranas & Zomorrodi, 2016). 

Internal loops on the other hand, also referred to as Type III extreme 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 metabolites (Price et al., 2002). These extreme 

pathways lead to a large amounts of physiologically meaningless flux distributions, which 

ŎƻƴŦƻǳƴŘǎ ǘƘŜ ŘŜǘŜǊƳƛƴŀǘƛƻƴ ƻŦ ǘƘŜ άǘǊǳŜέ ƳŜǘŀōƻƭƛŎ ǎǘŀǘŜΦ {ŜǾŜǊŀƭ ŀǇǇǊƻŀŎƘŜǎ ƘŀǾŜ ōŜŜƴ 

proposed to tackle this problem, including: (i) identification and removal of internal loops 

(Chan et al., 2018; Saa & Nielsen, 2016; Schellenberger, Lewis, et al., 2011), (ii) 

identification and removal of energy generating loops (Fritzemeier et al., 2017) (iii) 

reduction of the permissible flux ranges through the introduction of additional constraints 

based on thermodynamic properties (Henry et al., 2006), molecular crowding (Beg et al., 

2007) or enzyme availability (Sánchez et al., 2017). 

While some of the proposed methods significantly increase the accuracy of FBA 

predictions (Henry et al., 2007), they either require the problem to be reformulated as a 

mixed integer linear programming problem (MILP) (Henry et al., 2007; Saa & Nielsen, 2016 

Schellenberger et al., 2011) or introduce a series of constraints that require information 

from aspects of cellular physiology that are difficult to quantify experimentally (Beg et al., 

2007; Sánchez et al., 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 context of large-scale GEMs 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 flux variability (FV) 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., 2014). While 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 substantially reduces their overall impact. Carbon Constrained FBA 

(ccFBA) can be used as a stand-alone method or to compliment any of the above-

mentioned methods. 
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3.2. Aim and Objectives 

The overall aim of this chapter is to develop a computationally fast and efficient 

algorithm that allows to constrain the underdetermined solution space of genome-scale 

metabolic models based on the total carbon made available to the model. The developed 

algorithm is validated using experimental CHO cell culture data for extra and intracellular 

rates available in literature. The following objectives were set: 

¶ Determining feasibility to constrain genome-scale metabolic models based on 

experimentally measurements uptake and secretion rates. 

¶ Evaluation of the reduction in the solution space from the carbon constrained 

flux variability analysis (ccFVA) compared to commonly used FVA analysis. 

¶ Validation of algorithm using independently generated experimental data 

found in literature. Data sets need to include main uptake and secretion rates 

and intracellular flux measurements for validation of algorithm. 

¶ Evaluation of quality difference between FVA and ccFVA sampled solution 

space regarding reaction directionality predictability. 

¶ Comparison of developed algorithm to other currently available methods 

reducing the flux space to a more physiologically meaningful size. Comparison 

is made regarding reduction of the solution space and computational cost. 

3.3. Material and Methods 

All simulations were performed using Matlab (R2016a) (Mathworks, Natick 

Massachusetts, USA) and the algorithms included in the COBRA Toolbox v2.0 

(Schellenberger et al., 2011). LP optimization problems were solved using the Gurobi 

solver (Gurobi Optimization, 2016). 

3.3.1 Genome-scale model and experimental data 

The latest metabolic network reconstruction for CHO cells (Hefzi et al., 2016) was 

used in the present work in order to ensure (a) a well-curated large scale GEM and (b) the 

existence of multiple, diverse experimental datasets to use for validation. The iCHO1766 

was pre-processed to eliminate dead-end metabolites from the network ensuring 

complete functionality remained in terms of maximum biomass production, maximum 
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product formation and oxygen dependence. Reactions containing dead-end 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 & Palsson, 2010). In addition, an exchange reaction and the 

corresponding intracellular transport reaction for ethanolamine were introduced 

όΨŜǘƘŀψŜ ғҐҔ ΩΤ ΨŜǘƘŀψŜ ғҐҔ ŜǘƘŀψŎΩΤύ (Voelker & Frazier, 1986) in the network. The final 

metabolic network, after curation, contained 4642 reactions (excluding 595 exchange 

reactions) involving 2816 metabolites (1571 unique metabolites). Important 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, not all genes are expressed leading to different specialised 

metabolic capabilities. This differentiation has not been taken into account for the 

network analysis due to a lack of gene expression data. While publicly available datasets 

may be used to derive tissue specific metabolic models (Rupp et al., 2014), expression 

profiles, even within the same tissue group (in this case ovary tissue), may vary 

significantly depending on process conditions (Schaub 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 retrieved from literature (Ahn & Antoniewicz, 2011; McAtee Pereira et al., 

2018; Templeton et al., 2017) and used to validate the predictions of the proposed 

algorithm (Table 3.2). In cases where experimentally measured fluxes corresponded to 

more than one reaction in iCHO1766, average FVA or sample means were used for 

comparison (Table 3.1 and Appendix I section 1.2). 

Table 3.1: Example for reported experimental flux corresponding to multiple reactions within the 
iCHO1766 model. 

Enzyme Reaction iCHO1766 ID iCHO1766 Reactions 

PFK Cсt Ҧ 5I!t Ҍ D!t 2462;1716 
1) 'atp_c + f6p_c  -> h_c + adp_c + fdp_c ' 
2) 'fdp_c  <=> dhap_c + g3p_c ' 

 

The validation process involved integrating experimental data of secretion/uptake 

rates through the appropriate constraints and comparing the resulting intracellular fluxes 

with the corresponding experimental values from each dataset. A comprehensive list of 
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the upper and lower bound values used to constrain exchange reactions for each 

experimental dataset can be found in the Appendix I (section 1.6). In the absence of 

explicit experimental information, generalized upper and lower bounds allowing only 

secretion (л Җ ˄ex,j Җ мллύ were used for all remaining exchange reactions. Intracellular 

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

values (-мллл Җ ɢj Җ мллл ƻǊ л Җ ɢj Җ млллύ ŀŎŎƻǊŘƛƴƎ ǘƻ ǘƘŜƛǊ ǊŜǾŜǊǎƛōƛƭƛǘȅ ǇǊƻǇŜǊǘƛŜǎΦ 
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Table 3.2: Process information on experimental data used in this study. Further information can be 
found in the respective original publications. 

Code Media Cell 
type 

Culture type Culture 
phase 

Source 

CM  Sanofi in-hose chemically 
defined CHO cell growth 
media 

mAb 
producing 
CHO cells 

Batch culture in  

250 mL Shakeflasks 

Exponential 
growth phase 

McAtee 
Pereira et al., 
2018 

LA  Adjusted CM media with 
changes in 5 AA 
concentrations 

LAp  Same composition as LA 
except suplimented with 
4mM Ammonia as control 

EXP 

DMEM + 10% FBS + 1% 
penicillinςstreptomycin 

CHO-K1 
cells 

Fed-batch in  

T-25 flasks 

Exponential 
growth phase Ahn & 

Antoniewicz, 
2011 STAT  Stationary 

phase 

FB 
Proprietary chemically 
defined CHO cell media 
and feeds 

IgG1 
producing 
GS-CHO 

Fed-batch in 3L glass 
bioreactor Stationary 

phase 
Templeton et 
al., 2017 PF  Perfusion in 3L glass 

bioreactor with ATF 

 

3.3.2 Flux Balance Analysis 

Constraint-based 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 matrix S of size (m x n). Every row (m) of S represents a unique compound, 

while every column (n) represents a single reaction. Consequently, each element (sij) of S 

contains the stoichiometric coefficient of the ith metabolite in the jth reaction. The flux 

through all (n) reactions is represented by the (n x 1) vector v. Assuming the existence of 

a steady-state, 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 

(Orth et al., 2010): 

 ὛϽὺ π (Eq 3.1) 

The system of algebraic equations defined by equation 3.1 is 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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maximization of biomass or ATP (Blazeck & Alper, 2010). Therefore, the problem can be 

formulated as a linear programming (LP) optimization problem: 

 άὭὲȾÍÁØ ᾀ (Eq 3.2) 

 ίȢὸȢ       ὛϽ’ π (Eq 3.3) 

 ’ ’ ’  (Eq 3.4) 

where z corresponds to the flux or sum of fluxes being optimized subject to mass balance 

constraints (equation Eq 3.3) and set of inequality constraints (equation Eq 3.4). In the 

present study, maximization of biomass was used as the objective function (z = ˄ biomass). 

The set of inequality constraints described by equation Eq 3.4 is used to constrain flux 

values between an ǳǇǇŜǊ ό˄ubύ ŀƴŘ ƭƻǿŜǊ ό˄lb) bound. 

3.3.3 Calculating reaction flexibility 

Despite the reformulation into an LP problem, the system is still underdetermined 

and the calculated flux distribution ɢ is never a unique solution to the problem. 

Therefore, unique solutions rarely hold much value in FBA problems. Instead, Flux 

Variability Analysis (FVA) (Mahadevan & Schilling, 2003) or Monte-Carlo sampling of the 

null space (Schellenberger & Palsson, 2009) ŀǊŜ ǳǎŜŘ ǘƻ ŜǾŀƭǳŀǘŜ ǘƘŜ ƴŜǘǿƻǊƪΩǎ 

performance under a given set of physiological conditions. The concept of reaction 

flexibility introduced in previous work (Kiparissides & Hatzimanikatis, 2016) can be 

adapted as a means to quantify uncertainty in determining an exact metabolic state 

through the permissible flux range (Fv) for each reaction in the network as shown in 

equation 3.5. 

 Ὂȟ ὺ ὺ   (Eq 3.5) 

For a metabolic network containing (n) reactions, the total flux variability across the 

entire network can be defined as: 

 Ὂ ὺ ὺ  (Eq 3.6) 
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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 metabolism (Güell et al., 2014; Mahadevan & Lovley, 2008; 

Min et al., 2011), (b) the use of arbitrarily large bounds for intracellular fluxes allowing 

orders of magnitude 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 in Figure 3.1 a below. In reality, fluxes ʉ5-ʉ8 would involve multiple 

substrates and potentially co-factor pairs such as ATP/ADP or NAD+/NADH which could 

lead to excessive generation of energy and redox potential, as fluxes (ʉ5-ʉ8) would form 

a type III extreme pathway. This problematic behaviour is further exacerbated by the fact 

that large GEMs contain a number of extracellular reactions that are allowed to import, 

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 under the 

studied physiological conditions (Figure 3.1 b). In the carbon-constrained example 

network, fluxes ʉ5-ʉ8 are constrained based on the maximum carbon taken up supplied 

through ʉ1 (Figure 3.1 b). While at its core, ccFBA imposes constraints based on the 

elemental balance of carbon on a constraint-based model, several aspects of cellular 

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

 



82 

 

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 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. Therefore, 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 values from 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 an overview 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 co-factor pair (R3.1):  

ρ Ὃσὖ ρ ὖ ρ ὔὃὈ ᵾρ ὄὖὋ ρ Ὄ ρ ὔὃὈὌ (R3.1) 

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

ὅὌὕὖ ὖ ὅ Ὄ ὔὕ ὖᵾὅὌὕ ὖ Ὄ ὅ Ὄ ὔὕ ὖ (R3.2) 

Let us further assume that the total amount of carbon taken up by the cell (CTOT) is 

equal to 9 mmolC gDCW-1 h-1. In this particular reaction, NAD+ and NADH act as co-factor 

pair and consequently their carbon atoms do not immediately participate (i.e. are 

exchanged or cleaved) in the reaction. Hence, co-factor pairs such as NAD+/NADH, should 
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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 co-factor pairs in metabolic networks. Consequently, excluding the co-

factor pair, only 3 carbon atoms (NC = 3) are being exchanged in reaction R3.1. Therefore, 

taking into consideration the total amount of carbon being taken up by the cell (CTOT = 

9 mmolC gDCW-1 h-1) and the inherent assumption of FBA for the existence of a metabolic 

pseudo-steady state, the maximum carbon flux through the reaction (R3.12) can be 

estimated as: 

 ὺ
ὅ

ὔ
σ άάέὰ ὫὈὅὡ Ὤ  (Eq 3.7) 

Equation Eq 3.7, provides a hard upper bound on the permissible flux through R3.1, 

based on the amount of carbon cycling through the metabolic network. As R3.1 is 

bidirectional, the resulting bound constraints can be written as 

( σ ÍÍÏÌ ὫὈὅὡὬ ὺ σ ÍÍÏÌ ὫὈὅὡὬ ). This approach can be extended 

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

1. Identificaǘƛƻƴ ƻŦ ŀƭƭ ŜȄŎƘŀƴƎŜ όƻǊ ΨŘǊŀƛƴΩ) reactions contained in the FBA model. 

These are reactions in the general form: 

 ά  ᴂ ᴂ  (Eq 3.8) 

Where ά  is the extracellular concentration of metabolite (i) and ὺ  is the 

flux through exchange reaction (j). 

2. Exchange reactions containing carbon need to be split based on directionality 

(uptake or secretion). The upper (vub) and lower (vlb) bounds of exchange 

reactions involving carbon containing metabolites that are present in the 

culture media (ὺ
ȟ

) should be adjusted to allow uptake and secretion: 

 ὺ
ȟ

ὺ
ȟ

ὺ
ȟ

, where ὺ
ȟ

π ὥὲὨ ὺ
ȟ
 π  (Eq 3.9) 

Similarly, the bounds for exchange reactions involving carbon containing 

metabolites absent from the culture media (ὺ ȟ ) should be adjusted to 

allow only secretion:  
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 ὺ ȟ ὺ ȟ ὺ ȟ , where ὺ ȟ π (Eq 3.10) 

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 lower bounds 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 conditions 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: 

 ὺ ὺ
ὔ

ὔ
 (Eq 3.11) 

where ὺ  is the unknown lower bound of the exchange reaction we wish to 

calculate, ὺ  is the lower bound of the exchange reaction carrying the 

highest amount of carbon, ὔ  is the number of carbon atoms participating 

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

participating in the unknown uptake we wish to calculate. 

4. The total carbon consumed (CTOT) is calculated through the sum of products of 

each uptake rate (ὺ
ȟ

) multiplied with the number of carbon atoms present 

in the taken up metabolite (ὔ ). 

 ὅ ὺ
ȟ
Ͻὔ

Π 

 (Eq 3.12) 

Only the lower bound is considered in the calculation of CTOT to ensure that 

the maximum feasible amount of taken up carbon is estimated.  

5. The maximum allowable flux (ὺ ) through each intracellular reaction (j) can 

be calculated based on the total amount of carbon available (CTOT) and the 

number of carbon atoms participating in each reaction (ὔ ). 
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 ὺ
ὅ

ὔ
 (Eq 3.13) 

Consequently, unidirectional intracellular reactions can be constrained 

between [0, ὺ ], while bidirectional intracellular reactions can be constrained 

between [ ὺ , ὺ ]. It is important to note, that when calculating (ὺ ) 

substrates that do not participate in the reaction through their carbon atoms, 

such as co-factors, should be excluded from the calculation. This includes 

currency metabolites such as NAD+/NADH, NADP+/NADPH, FAD/FADH2, 

ATP/ADP-AMP but also coenzyme A, cytochromes and quinones. The 

algorithm (available on github: https://github.com/usMiggs/ccFBA) accounts 

for the most common non-carbon contributing metabolites but a user defined 

list can be additionally provided (Appendix I section 1.4). Furthermore, some 

metabolic reconstructions include generalized R-groups, 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 used for a more 

conservative constraining approach (Appendix I section 1.5). When the 

number of carbon atoms (NC) cannot be defined either due to missing 

chemical formulae or in the case of inorganic reactions, the bounds should be 

left at their default value. 

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 relaxed by introducing 

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

(ὅ ) until a feasible solution is achieved (Appendix I section 1.1). Optionally, a ccFVA 

can be performed which may lead to a further reduction of Ὂ  (Appendix I section 1.3). 

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 accurate approximation of unmeasured 

secretion rates (e.g. CO2 in mammalian cell culture) but also may identify unknown carbon 

sources or inconsistencies in the experimental data. 

https://github.com/usMiggs/ccFBA
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3.4. Results and Discussion 

A series of studies that report experimentally measured values for both extracellular 

(uptake/secretion) and intracellular fluxes were used to evaluate the performance of 

ccFBA (Templeton et al. 2017, McAtee Pereira et al. 2018, and Ahn & Antoniewicz 2011). 

The curated iCHO1766 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 carbon 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 ς 0.0238 h- 1], FBA value = 0.0284) to or 

even within the experimentally measured values (e.g. experimentally determined growth 

rate = [0.0150 ς 0.0213 h-1], FBA value = 0.0198). However, the wide flux ranges (FV) 

reported for intracellular reactions, limit our ability to draw any conclusions regarding the 

underlying metabolic phenotype. 

3.4.1 Flux variability with (ccFVA) and without (FVA) carbon-based constraints 

A total of seven experimental datasets, corresponding to seven distinct sets of 

culture conditions (Table 3.2) were considered. Compared to traditional FVA, ccFVA 

reported a lower flux variability (FV) for 58% ± 7% of the reactions in iCHO1766 across all 

7 experimental datasets. This result compares well with the value reported by Sanchez et 

al. using the GECKO method (60% of the reactions showed reduced flux variability) 

(Sánchez et al., 2017). Furthermore, ccFVA led to a significant reduction in total flux 

variability ( Ὂ , Equation 3.6) 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 cell (CTOT). According to common FBA practice, 

arbitrarily large bounds are applied to unknown intracellular fluxes constraining 
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bidirectional reactions between [-1000, 1000] mmol gDCW-1 h-1 and unidirectional 

reactions between [0 , 1000] mmol gDCW-1 h-1 (Bordel et al., 2010; Chaudhary et al., 2016; 

Kelk et al., 2012; Maranas & Zomorrodi, 2016; Opdam et al., 2017; Yang et al., 2016). In 

the present study, three different arbitrary values for the bounds of unknown intracellular 

fluxes (10, 100, and 1000 mmol gDCW-1 h-1) were considered (Appendix I section 1.7 

Figure A1 and A2). 

Our results (Appendix section 1.7 Figure A3) indicate a negative linear dependence 

between the reduction in Ὂ and CTOT. The lower the arbitrary value used to constrain 

unknown intracellular fluxes the higher the percentage reduction in Ὂ  with increasing 

carbon uptake (CTOT), as indicated by the increasing negative gradient of the linear fit from 

Ὑ ȟ  (slope = -0.018) to Ὑ ȟ
 (slope = -1.511). ccFVA was able to reduce total flux 

variability (Ὂ ) 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 when constraining unknown intracellular fluxes 

using the values most commonly met in literature, between 100 ς 1000 mmol gDCW-1 h-

1, ccFVA resulted in a reduction of total flux variability of at least 95%. The substantial 

difference in the size of the resulting solution space on a reaction basis can be seen for 

the stationary growth condition data as reported by Ahn & Antoniewicz (2011) in Figure 

3.2 (results for all other conditions can be found in Appendix I section 1.7 Figures A4 - A9). 

Over 50% of the reactions of the FVA treated model use their maximum flux range (in this 

example 1000 mmol gDCW-1 h-1). A reduction of this magnitude has significant 

implications when considered in the context of sampling the space of feasible solutions of 

a GEM using Monte-Carlo 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 sampled 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 to faster 

convergence of sample statistics. 
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Figure 3.2: Comparison of reaction flux ranges between ccFVA and FVA treated iCHO1766 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 I 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 gDCW-1 h-1. The y-axis shows the 
normalized number of non-zero flux reactions as the number differs between the two different methods. 
The x- axis shows the flux range on a log-scale with a maximum flux range of 1000 mmol gDCW-1 h-1. 

One of the main benefits of ccFBA/ccFVA is the ability to mitigate the impact of 

internal loops which are prevalent in large-scale, highly interconnected networks 

(Price et al., 2004). A closer observation of the FVA results presented in Figure 3.3 (A-G: 

grey, blue, and green bars) highlights six central carbon reactions that are allowed to carry 

physiologically unrealistic amounts of flux and are likely to be involved in internal loops. 

These include isocitrate dehydrogenase (IDH), malate dehydrogenase (MDH), fumarase 

(FUS), ribose-5-phosphate isomerase (PPI), lactate dehydrogenase (LDH), and triose 

phosphate isomerase (TPI) indicated by their minimum 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 range (Figure 3.3 A-G: red bars) and consequently limits their 

impact in terms of potential electron or ATP drains (Maranas & Zomorrodi, 2016).  
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In addition, the implementation of ccFVA does not modify the underlying LP 

problem formulation or increase its 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 as ll-FVA (Schellenberger et al., 2011), fast-SNP (Saa 

& Nielsen, 2016), tFBA (Henry et al., 2007), GECKO (Sánchez et al., 2017), FCF (Burgard et 

al., 2004) or lll-FVA (Chan et al., 2018) and can be used in tandem to further refine the 

predicted flux distributions and (ii) it makes ccFBA/ccFVA computationally efficient 

compared to approaches that recast or modify the original LP formulation (for example 

through the implementation of additional constraints). This results in execution times 

significantly (p>0.001) faster than other approaches (Table 3.3). 
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Figure 3.3: Flux Variability Analysis. (A-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 carbon metabolism 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 gDCW-1 h-1 for unidirectional and -100 ς 100 mmol gDCW-1 h-1 for bidirectional reactions. 
The discontinued x-axis was chosen in order to increase visibility on the very small flux ranges compared to 
the ones reaching the large initially set bounds. 
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Table 3.3: Comparison of computational efficiency for FVA, ll-FVA and ccFVA using Gurobi solver. 
Efficiency is reported as execution time in seconds. In addition to the iCHO1766 model the performance 
comparison was expanded to a wider range of publically available constraint-based models including the 
E.coli core model (Orth et al., 2010) and the iMM904 yeast model (Mo et al., 2009). Run times were 
measured on a standard laptop with an Intel Core i7-5600U CPU processor @ 2.60 GHz and 16GB of RAM 
on Windows 7 64-bit operating system. 

 

 Execution time (s)  

# of Reactions FVA ll-FVA ccFVA 

E.coli core 95 0.97a 4.20a 2.01a 

iMM904 1577 45.25a 10263b 59.32a 

iCHO1766 5237 871.02a >86400c 475.34a 

 

a average across six consecutive simulations. b average across three consecutive simulations. c simulation was aborted at 
the reported time. 

In order to investigate how ccFVA scales with model size, a series of simulations 

involving models of increasing complexity were performed. The predictions (Appendix I 

Figure A10) and computational efficiency (Table 3.3) of ccFVA were compared against 

traditional FVA and loopless-FVA (Schellenberger et al., 2011). As expected, the 

computational time increases with model size for all three methods. Interestingly, ccFVA 

outperforms normal FVA for the largest model examined (iCHO1766) which implies that 

the reduction in flux variability achieved by the carbon-based constraints 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 (CTOT) being taken up by the cell. An inherent assumption being made is that any 

biochemical reaction 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 the network. Therefore, despite the significant reduction in total flux variability 

compared to normal FVA, the permissible flux ranges calculated using ccFVA are still 

ŜȄǇŜŎǘŜŘ ǘƻ Ŏƻƴǘŀƛƴ ǘƘŜ άǘǊǳŜέ ǇƘŜƴƻǘȅǇƛŎ ŦƭǳȄ ŘƛǎǘǊƛōǳǘƛƻƴΦ Lƴ ƻǊŘŜǊ ǘƻ ǾŀƭƛŘŀǘŜ ǘƘƛǎ 

statement, the results of ccFVA were compared against intracellular flux measurements 

conducted using 13C labelled glucose for each of the seven experimental datasets 

considered (Figure 3.4). Not only were nearly all experimental flux ranges contained 



92 

within the permissible flux range calculated by ccFVA, they 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 (isocitrate dehydrogenase and citrate synthase) and this was the case 

in only one of the seven datasets considered (Figure 3.4 G). However, in both cases the 

experimentally measured 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 error. 13C measurements are prone to a number of measurement 

errors such as suboptimal metabolism quenching, unaccounted carbon sources in the 

media (Mairinger et al., 2018), or errors in conversion calculations. An example of the 

latter is the conversion of experimental flux values from the conventionally reported 

g cells-1 h-1 into mmol gDCW-1 h-1 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 estimating dry cell weight accurately (Pan et al., 2017) and is a known potential source 

of error (Ahn & Antoniewicz, 2011). A comprehensive list of potential errors in 13C 

measurements has been reported by Mairinger and co-workers (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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Figure 3.4: Comparison of ccFVA to intracellular flux measurements for central carbon metabolism 
(Glycolysis, TCA, PPP). (A-G): Comparison between ccFVA (blue, green, grey bars correspond to data from 
Templeton et al., 2017; Ahn & Antoniewicz, 2011; McAtee Pereira et al., 2018 respectively) and 13C 
measurements (orange bars). 
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3.4.3 Random sampling of feasible flux distributions with (ccFVA) and without (FVA) 

carbon-based constraints 

Once the region of feasible flux distributions has been defined either via FVA or 

ccFVA, random sampling of flux distributions from the resulting solution space can be used 

to enhance behavioral understanding of the network state (Mo et al., 2009; 

Schellenberger & Palsson, 2009; Shlomi et al., 2011). Each of the 7 experimental 

conditions considered were uniformly sampled using the ACHR sampler included in the 

COBRA toolbox (Schellenberger et al., 2011). Prior to ACHR sampling, the GEM was 

constrained using the experimentally reported extracellular fluxes in combination with 

either normal FVA (RSFVA) or ccFVA (ὙὛ ) 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 determine if carbon-based constraints 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 13C experimental data. Overall, random sampling of feasible flux distributions led 

to narrower predicted flux ranges compared to the FVA ranges irrespective of the method 

used to constrain the model. The sampled flux distributions calculated from models using 

ccFVA constraints (ὙὛ ) were substantially narrower and in better agreement with 

experimentally measured values when compared with samples constrained with normal 

FVA (RSFVA). Moreover, the sampled distributions for all reactions where the permissible 

flux range predicted by FVA (Figure 3.5) coincided with the initially set bounds (-мллл Җ ˄i 

Җ мллл ƳƳƻƭ gDCW-1 h-1) remained very wide (Table 3.4) for all RSFVA samples. Crucially, 

for the CM dataset (Figure 3.5 A) the sampled means derived from RSFVA could not predict 

the correct reaction directionality for four reactions (indicated with a § in Table 3.4). This 

inability to predict reaction directionalities with RSFVA could be observed in all datasets 

considered (Figure 3.5) leading to a mismatch for 33 out of 149 (22%) experimentally 

determined directionalities. In comparison sample means derived from ὙὛ  failed to 

predict only 14 out of 149 (9%) experimentally measured reaction directionalities, all for 

reactions that RSFVA had also failed to predict (except LDH reaction Figure 3.5 F). This is an 
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improvement of > 50% and highlights the 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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Figure 3.5: Random Sampling of Feasible Solution Space: Comparison of sample means derived from 
FVA (̧ ) and ccFVA (É) constrained iCHO1766 in compariosn to intracelullarly measured fluxes (Ʈ). 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 (§) indicate erroneous 
identification of reaction directionality by samples derived from models constrained with normal FVA 

(ὙὛ ) but correct prediction by models constrained with ccFVA (ὙὛ ). Reactions marked with a double 
ŘŀƎƎŜǊ ǎƛƎƴ όϟύ ƛƴŘƛŎŀǘŜ ŜǊǊƻƴŜƻǳǎ ƛŘŜƴǘƛŦƛŎŀǘƛƻƴ ƻŦ ǊŜŀŎǘƛƻƴ ŘƛǊŜŎǘƛƻƴŀƭƛǘȅ ōȅ ǎŀƳǇƭŜǎ ŘŜǊƛǾŜŘ ŦǊƻƳ ƳƻŘŜƭǎ 
constrained with both, RSFVA and ὙὛ Φ wŜŀŎǘƛƻƴǎ ƳŀǊƪŜŘ ǿƛǘƘ ŀ ŘŀƎƎŜǊ ǎȅƳōƻƭ όϞύƛƴŘƛŎŀǘŜ ŜǊǊƻƴŜƻǳǎ 
identification of reaction directionality by samples derived from ὙὛ  but correct prediction by models 
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constrained with ὙὛ . A-B: Results for ¢ŜƳǇƭŜǘƻƴΩǎ Řŀǘŀ όC. ŀƴŘ PF). C-9Υ wŜǎǳƭǘǎ ŦƻǊ aŎ!ǘŜŜΩǎ Řŀǘŀ ό/aΣ 
LA, and LAp respectivly). F-G: Results for !ƘƴΩǎ data (EXP and STAT). 

Table 3.4: Sample mean data for selected reactions of the CM data set shown in Figure 3.5 A 
(McAtee Pereira et al., 2018). All values shown are in mmol gDCW-1 h-1. Reactions indicated with a section 
sign (§) show differences in predicted directionalities between RSFVA and ὙὛ . 

 
TPI GAPDH§ LDH PPI  FUS MDH§ IDH§ 

13C mean 0.29 -0.60 -0.29 -0.02 0.35 0.21 0.29 

ccFVA SM 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/ccFVA, a fast and simple method to accurately constrain 

stoichiometric metabolic networks using physiologically relevant assumptions. We 

ŘŜƳƻƴǎǘǊŀǘŜŘ ŎŎC±!Ωǎ ŀōƛƭƛǘȅ ǘƻ ǊŜŘǳŎŜ ǘƻǘŀƭ ŦƭǳȄ ǾŀǊƛŀōƛƭƛǘȅ ōȅ Ҕур҈ όƛƴƛǘƛŀƭ ōƻǳƴŘǎ 

1000 mmol gDCW-1 h-1) and >95% (initial bounds 100 mmol gDCW-1 h-1) compared to 

standard FVA techniques. A set of seven distinct experimental datasets containing 13C 

measurements for central carbon fluxes were retrieved from literature and used to 

validate the predictive capabilities of ccFVA. We 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 attributed ǘƻ ŎŎC±!Ωǎ ŀōƛƭƛǘȅ ǘƻ ƳƛǘƛƎŀǘŜ ǘƘŜ ƛƳǇŀŎǘ ƻŦ 

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 sampling, 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 constrained-based metabolic networks. It can be used as a stand-alone 

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 such as nitrogen 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 github repository. 
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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 using experimental data from literature. The 

algorithm proved to be effective in reducing the solution space of constraint-based 

metabolic networks leading to increased accuracy in predicting intracellular fluxes and 

reaction directionalities. In the present chapter ccFBA is used to analyse experimental 

data from batch and fed-batch 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 techniques to reduce 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 in lactate 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 ammonia (Cruz et al., 2000; 

Ozturk et al., 1992). The secretion of lactate by fast proliferating cells, despite abundance 

of oxygen, was first described by Otto Warburg in 1956 (Warburg, 1956) and has hence 

been known as the Warburg effect. Since then, academia and industry have tried to 

understand and control this effect. Lactate has been proven to reduce culture longevity, 

specific productivity as well as product quality (Cruz et al., 2000; Hartley et al., 2018). Due 

to the adverse effects of lactate on mammalian cell bioprocesses, many studies to 

understand the underlying mechanism and identify the process parameters that influence 

lactate metabolism have been undertaken (Hartley et al., 2018; Le et al., 2012; Martínez 

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

pressure (pCO2) (Charaniya et al., 2010). 

Lactate is produced as an end product of glycolysis by hydrogenation of pyruvate 

through lactate dehydrogenase (LDH) and subsequently secreted via the 

monocarboxylate transporters (MCTs) along with one proton (Figure 4.1). Typically, in 

batch and fed-batch mammalian cell cultures, lactate accumulates during the exponential 

growth phase (usually the first 3-5 days of culture). This is commonly followed by a 

metabolic switch where cells start consuming lactate (Luo et al., 2012; 

Martínez et al., 2013). However, some processes show no switch in lactate metabolism 

and accumulate lactate until the end of the process resulting in lower yields and product 

quality (Ivarsson et al., 2015). The underlying effects for this shift in metabolism have not 

yet been explained to a satisfactory level despite much 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 the extracellular pH 

plays a key role in lactate metabolism where higher pH set points (between 7 - 8) result in 

higher maximum lactate concentrations compared to lower set points (6.6 - 7) 

(Tsao et al., 2005). This phenomenon has been successfully exploited to force a switch in 

lactate metabolism in a hybridoma cell line (Ivarsson et al., 2015). A similar study was 

performed with CHO cells where optimal timing of a temperature and pH shift was 

determined utilizing design of experiments (DoE) in order to manipulate the metabolic 

shift (Zalai et al., 2015). Other 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., 2013a). Around this concept, a feeding strategy 

called HIPDOG (HIgh-end-pH-controlled Delivery Of Glucose) that successfully eliminated 

lactate accumulation for a specific CHO bioprocess was developed by Gagnon et al. (2011). 

This method uses online pH measurements to regulate glucose supplementation. Lactate 

consumption leads to an increase of extracellular pH, as protons are co-transported with 

lactate through the MCTs. According to the HIPDOG regime, when a rise 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 of excess glucose (Le et al., 2012; Ma et al., 2009; Martínez-

Monge et al., 2018; Mulukutla et al., 2012; Wilkens et al., 2011). 

As mentioned above, the transport of lactate across the cell membrane relies 

heavily on the MCTs which co-transport a hydrogen ion alongside lactate. This means that 

the secretion or uptake of lactate is dependent on (i) the concentration gradient of lactate 

and (ii) the concentration gradient of protons across the cell membrane (i.e. difference 

between extracellular (pHe) and cytoplasmic (pHc) pH. When the proton concentration is 

increased within the cell due to high glycolytic flux and ATP hydrolysis, lactate is driven 

out of the cell (Kemp et al., 2005). The same is true when lactate concentration is high 

within the cell. This mechanism partly explains why lactate metabolism is seemingly 

dependent on the pHe and nutrient depletion. As nutrients deplete (e.g. glucose and 

glutamine) the intracellular pools of lactate deplete and create a concentration gradient 

of lactate between the intra- and extracellular environment that favours lactate uptake. 

Experiments around this mechanism have been performed recently where HEK293 cells 

were grown in pH controlled and uncontrolled conditions (Martínez-Monge et al., 2018). 

Cells grown under 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 consumption in the 

presence of glucose resulting in a co-consumption behaviour whereas cells under 

controlled pH conditions switched only once glucose was depleted. 

One of the more prominent hypotheses under discussion as to why the switch in 

lactate metabolism occurs is that cells uptake lactate in an attempt to maintain their redox 

balance (Nolan & Lee, 2011; Wilkens et al., 2011; Zalai et al., 2015). It is further 

hypothesized that LDH acts as a redox sensor of the cell because when glycolytic fluxes 

are high more NADH than the cell can efficiently use to generate energy is produced, 

shifting the NAD+/NADH ratio (Brooks, 2009; Hartley et al., 2018). In order to keep 

glycolysis active NADH needs to be drained and NAD+ replenished. Lactate among others 

(glycerol, sorbitol and threitol) acts as a NADH drain where NADH + H+ are oxidized to 

NAD+ by LDH while pyruvate is reduced to lactate (Figure 4.1). 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; Griffiths et al., 2017; Pereira et al., 2018; 

Schafer & Buettner, 2001). 

 

Figure 4.1: Schematic overview of lactate metabolism. Glucose (GLC) is taken up by GLUT transporter 
and instantly converted to glycerol-6-phosphate (G6P). Yellow circle on G6P 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 cycle in the 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). 

Martínez et al. (2013) used a model-aided approach to understand the switch in 

lactate metabolism with a small constraint-based model derived from a mouse genome-

scale model. They concluded that fluxes through the lower part of the TCA were similar in 

both phases, however, energy metabolism was six times more efficient in the lactate 

consuming (LC) 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 NS0 triplicate fed-batch cultures. Their results suggested 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 analysis. Martínez-Monge et al. (2018) 
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used a reduced version of the Recon 2.2 model (Swainston et al., 2016) and metabolic 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 non-controlled pH conditions. They concluded that the 

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 uptakes. They 

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 metabolism 

observed in different mammalian cell lines. However, all the approaches either used an 

empirically derived model (Mulukutla et al., 2012) or reduced versions of existing genome 

scale models (Martínez-Monge et al., 2018; Martínez et al., 2013). Furthermore, the 

metabolic flux analysis approaches focused on flux variability results which only calculate 

feasible flux ranges which still contain a large amount of uncertainty about the true 

metabolic flux state of the modelled system (Schellenberger & Palsson, 2009). 

In this work the latest available CHO genome-scale model (Hefzi et al., 2016) is used 

to compare cell metabolism during the lactate producing (LP) and the LC phase of several 

industrial CHO cell lines in an attempt to identify key differences between the two states. 

Experiments in different culture modes (batch and fed-batch) were performed from which 

uptake, secretion and growth rates were calculated. The experimental rates were used to 

constrain the iCHO1766 model using carbon constrained flux balance analysis (ccFBA) 

(Lularevic et al., 2019). Subsequently, extensive sampling of the solution space was 

performed with followed by multivariate data analysis in order to rank metabolic nodes 

based on their difference in flux behaviour before and after the switch in lactate 

metabolism. Based on the results a hypothesis was formulated as to why the switch is 

happening and offering potential solutions to manipulate lactate metabolism in 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 fed-batch 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: 

¶ Conduct experiments in batch and fed-batch mode with various cell lines 

¶ Analyse cell culture samples using various analytical techniques and calculate 

uptake, secretion and growth rates for LP and LC phases 

¶ Calibrate iCHO1766 genome-scale model with experimental data using ccFBA 

and subsequently sample the feasible solution space 

¶ Perform multivariate data analysis on flux samples from LP and LC phases in 

order to identify key differences 

¶ Formulate hypotheses explaining the switch lactate metabolism based on 

experimental and modelling results 

4.3. Materials and Methods 

4.3.1 Media and reagents 

Batch experiments were performed with CD-CHO media (CD-CHO Medium, Thermo 

Fisher Scientific, Waltham Massachusetts, USA). Fed-batch experiments were performed 

in proprietary chemically defined media and feeds (Lonza Biologics PLC, Slough UK). All 

other reagents were obtained from Sigma-Aldrich (Switzerland) unless otherwise stated. 

4.3.2 Culture conditions and analytical methods 

The cell lines used for all experiments were industrial GS-CHO (Chinese Hamster 

Ovary) cell lines (Lonza Biologics plc, Slough UK). The cell lines CY01, EB7, R33A and 3C12 

were generated by transfection of CHOK1SV cells with a construct containing glutamine 

synthetase (GS) and a chimeric IgG4 antibody (cB72.3). Cells were stored in liquid nitrogen 

dewers until revived in approx. 20 mL CD-CHO medium (Thermo Fisher Scientific, 

Waltham Massachusetts, USA), supplemented with 25 ˃ a ƳŜǘƘƛƻƴƛƴŜ ǎǳƭŦƻȄƛƳƛƴŜ όa{·ύ 

ƻǊ ƛƴ [ƻƴȊŀΩǎ ǇǊƻǇǊƛŜǘŀǊȅ ƳŜŘƛŀ. Cells were cultured in vented shake flasks (37°C, 
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Humidified, 5% CO2, 25 mm Orbital, 130 ς 140 rpm) or gassed with 5% CO2 in case of non-

vented shake flasks. Expansion cultures were maintained in various flask sizes (250 mL ς 

2 L shake flasks) between 14 and 30 days and subcultured every 3 ς 4 days (seeded at 

0.3 x 106 cells/mL or 0.2 x 106 cells/mL respectively). 

Batch culture experiments were run in 1 L vented Erlenmeyer flasks (37°C, 

Humidified, 5% CO2, 25 mm Orbital, 130 rpm) with 200 mL working volume. The fed-batch 

experiments were run ŀǘ [ƻƴȊŀΩǎ ŦŀŎƛƭƛǘƛŜǎ in 10 L bioreactors of a proprietary design with 

controlled pH, DO and temperature. pH control was achieved using CO2 and a proprietary 

basic solution. 

Viable and total cell concentration, cell diameter and aggregation were measured 

with the Vi-Cell XR Cell Viability Analyzer from Beckman Coulter Inc. (Brea, California, 

USA). Metabolite and gas measurements (pH, pCO2, pO2, glutamine, glutamate, glucose, 

lactate, ammonia) for the batch culture experiment were collected with the BioProfile 

FLEX Analyzer (Nova Biomedical, Waltham, Massachusetts, USA). Fed-batch metabolite 

and gas measurements were obtained with the Bioprofile 400 (Nova Biomedical, 

Waltham, Massachusetts, USA). Product concentration for batch experiments was 

determined on the Agilent Biosystems 1200 using a commercially available analytical 

Protein G column (HiTrap Protein G HP Analytical HPLC column, 1 mL, GE Healthcare Life 

Sciences, Little Chalfont, UK) which specifically binds human IgG antibody. Product 

concentration for the fed-batch experiments was determined using a proprietary protein 

A method. Analysis of amino acid concentrations for batch experiments was performed 

ƻƴ ǘƘŜ ¢ƘŜǊƳƻ {ŎƛŜƴǘƛŦƛŎϰ 5ƛƻƴŜȄϰ L/{-5000+ Reagent-CǊŜŜϰ ItL/ϰ ǎȅǎǘŜƳ ό¢ƘŜǊƳƻ 

Fischer Scientific, Waltham MA, USA) using the high-performance anion-exchange column 

AminoPac® PA10. The AAA-Direct method was used as developed by Dionex Corporation 

(Dinoex Corporation, 2003). Amino acid concentrations for fed-batch experiments were 

performed by a third party (Eurofins Spinnovation Analytical BV, Pivot Park RK, 

Netherlands). 

4.3.3 Flux balance analysis 

For the metabolic modelling analysis the latest CHO genome-scale model was used 

(Hefzi et al., 2016) after manual curation. This included addition of an ethanolamine 



105 

exchange and transport reaction across the membrane as well as removal of dead-end 

metabolites (Thiele & Palsson, 2010). A detailed description to the changes made is 

available in Chapter 3. For all conditions tested with the model, carbon constraining of the 

fluxes following the algorithm described in Chapter 3 was performed. Flux balance 

analysis was performed using Matlab (R2016b) (Mathworks, Natick Massachusetts, USA) 

and the COBRA Toolbox v2.0 (Schellenberger et al., 2011). The glpk solver 

(Makhorin, 2012) was used for the solution of the resulting linear programming (LP) 

problems. 

A total of 1 x 106 unique flux distributions were sampled from the feasible solution 

space with a step size of 300 using the artificial hit-and-run (ACHR) algorithm 

(Schellenberger & Palsson, 2009). Prior to sampling, 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 the ƳƻŘŜƭΩǎ reaction count. 

4.3.4 Principal components analysis (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 standard deviation, covariance and singular value decomposition. PCA 

defines K new dimensions based on the maximum variance of the original K-dimensional 

space. The variables of the new space are called principal components (PCs), which are a 

linear combination of the original variables. The coefficients of these linear combinations 

are called loadings and the transformed data points in the new space are called scores 

ό{ŀǊƤȅŀǊ Ŝǘ ŀƭΦΣ нллсΤ ²ƻǊƭŜȅ ϧ tƻǿŜǊǎΣ нлмнύ. Here PCA was used on the Monte-Carlo 

(MC) samples where each row of the data matrix represents a sampled flux 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 represents a single sampled flux 

distribution) were shuffled at random in order to prevent any systematic errors.  
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Figure 4.2: Schematic overview of principal components analysis and the preceding processing of the 
data. A) Data matrices each of the size p-by-n (p samples and n reactions) of different conditions, here LP 
and LC, are combined to one data matrix (x-by-n 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 vector 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) Singular-value decomposition is performed on the covariance matrix. F) Loadings are used 
to project original mean centred and scaled data onto new hyperplane. 

The identification of each sample with its origin (e.g. LC and LP) was preserved in a 

sample ID vector. Subsequently the data was mean centred by subtracting the mean of 

each column (i.e. reaction) from the corresponding flux values and scaled to unit variance 

by dividing them by their respective standard deviation. This type of pre-processing is 

commonly needed as different variables tend to have different numerical ranges and 

therefore may impact the analysis as PCA is a maximum variance projection method 

(Bro & Smilde, 2003). After pre-processing the data the covariance matrix was calculated 

followed by singular-value decomposition (SVD): ὢ ὟὛὠ , with X being the covariance 

matrix, the diagonal of S being the eigenvalues, U containing the left singular vectors (in 

columns) and VT containing the right singular vectors (in rows). The right singular vectors 

or loadings were used to calculate the scores by multiplying them with the original mean 

centred data matrix. A schematic overview of the processing of the data can be seen in 
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Figure 4.2. CƻǊ ƳƻǊŜ ƛƴŦƻǊƳŀǘƛƻƴ ǇƭŜŀǎŜ ǊŜŦŜǊ ǘƻ άMultivariate Analysis in Metabolomicsέ 

by Worley & Powers (2013). 

4.3.5 Partial least squares discriminant analysis (PLS-DA) 

PLS-DA is a supervised algorithm which actively separates data based on a classifier 

variable (Barker & Rayens, 2003). The method aims to find a straight line that divides the 

space into two regions. Like PCA, PLS-DA 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 vector (Figure 4.3) (Gromski et al., 2015). 

 

Figure 4.3: Schematic representation of PLS-DA separating 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 has n reactions and k samples and the response vector Y has k elements with those elements 
being either 1 or -1 depending on the classification of X. 

The data matrix X is pre-processed the same way as for PCA by mean centring scaling 

of the flux samples. Decomposition of the matrix based on the discriminant vector Y was 

done by employing the Nonlinear Iterative Partial Least Squares (NIPALS) algorithm 

(Härdle, 2011; Wold et al., 2001). 

Two major diagnostics are available for PLS-DA 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 the response variable and is calculated as follows: 
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 ὠὍὖ
В Ὑ ώȟὸ ύ ȟȾᴁύ ᴁ

ρȾὴВ Ὑ ώȟὸ
 (Eq 4.1) 

Where p is the number of variables, M is the number of retained latent variables, wm,j 

is the PLS weights of the j-th variable for the m-th latent variable and finally R2(y,tm) is the 

fraction of variance explained by the m-th latent variable (Farrés et al., 2015; Pérez-Enciso 

& Tenenhaus, 2003).  

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

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

 ὛὙ
ὺ ȟ

ὺ ȟ
           Ὦ ρȟςȟȣȟὓ (Eq 4.2) 

Where the explained (ὺ ȟ) and residual (ὺ ȟ) variance of the jth variable can be 

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

 ὢ ὸ ὴ Ὁ ὢὝὖ Ὁ  (Eq 4.3) 

 

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

regression coefficients b: 

 ύ
ὦ

ᴁὦᴁ

ὢὣ

ᴁὢὣᴁ
 (Eq 4.4) 

 

For the Selectivity Ratio only reactions with a value larger than 1 were considered to 

have a meaningful contribution 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 and were discarded for further analysis (Farrés et al., 2015; 

Kvalheim, 2010).  
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4.4. Results and Discussion 

4.4.1 Experimental data for constraining the FBA model 

Investigation of the metabolic causes for the shift in lactate metabolism with the 

CHO genome-scale model requires experimental data on uptake and secretion rates 

based on which the model can be constrained appropriately. Triplicate batch cultures 

(TBC) were run over 8 days in 1 L shake flasks (200 mL working volume) using the CY01 

clone in CD-CHO media (Figure 4.4 A and B). Additionally, three 15-day fed-batch cultures 

in 10 L glass bioreactors were run independently with three different clones (n = 1) (Figure 

4.4 C and D). The three fed-batch cultures were run using the same proprietary platform 

process which includes media, feeds, process parameter set-points and control strategies 

(Lonza Biologics plc, Slough UK). Any metabolic differences are derived from clonal 

differences. 

All four experiments showed a shift in lactate metabolism. Lactate concentration for 

CY01 clone peaked on day 4 at around 20 mM. Lactate concentration in the fed-batch 

cultures (FBC) peaked on day 5 between 20 ς 42 mM depending on the clone (Figure 4.4 

D). The different lactate metabolism observed in EB7 was linked to a lower integral viable 

cell density (iVCD), However, this was not proportional compared to the other cell lines 

run in fed-batch (i.e. the ratio of the integrated lactate curves and iVCD between cell lines 

did not match). The ratio of lactate produced to glucose consumed (L/G ratio) in the 

lactate production phase for EB7 was 0.58 compared to 0.954 ς 1.084 for the other three 

cell lines (Figure 4.4 E). The low L/G ratio for EB7 is indicative of a more carbon efficient 

metabolism where glucose is utilized almost twice as efficiently compared to the other 

cell lines. EB7 only produced roughly one molecule of lactate per two molecules of glucose 

consumed compared to two molecules of lactate per two molecules of glucose for the 

others. The highest L/G ratio during the LP phase was observed for CY01 grown in batch 

culture (1.64). This value is comparable to those seen in other fast proliferating cells 

(Sun et al., 2012; Wlaschin & Hu, 2007; Xie et al., 2014). This markedly different behaviour 

may have several reasons including cell line differences, culture mode2 but also the 

 
2 Especially 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 (CY01 was grown in glutamine free CD-CHO media 

compared to the other cell lines which were grown in proprietary Lonza media). 
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Figure 4.4 A) Viable Cell Density (VCD) and viability for CY01 run as the triplicate batch culture (TBC) 
(n = 3). B) Glucose and lactate on the left y-axis in mM and Glutamate on the right y-axis for the TBC. Error 
bars in A and B represent standard deviation. C) VCD and viability of the three different cell lines run in fed-
batch mode (n = 1). D) Lactate profile of the fed-batch cultures. E) L/G ratio for all cell lines. L/G Ratio was 
calculated for their respective lactate producing phases (LP). F) Specific growth rate profiles ό˃ύ for all cell 
lines. Red and blue areas depict the time frame where specific rates were calculated for constraining the 
CHO genome-scale model (Days 1 - 3 = LP, days 5 - 7 = LC for the triplicate batch culture. Days 3 - 4 = LP, 
days 6 - 7 = LC for the industrial fed-batch processes). 

 
lactate secretion on the extracellular pH in uncontrolled 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 metabolic co-consumption of glucose and lactate shows that the 

shift in lactate is independent of the glucose availability for these cell lines under these 

conditions. This has also been reported previously in literature (Carinhas et al., 2013; 

Martínez - Monge et al., 2018). Comparing the TBC with the FBCs, the lactate consuming 

phases were slightly different regarding the growth state of the culture. The TBC started 

consuming lactate when transitioning into stationary phase which has been hypothesized 

before to be the cause of the shift in lactate metabolism (Ma et al., 2009). However, this 

is not the case for the FBCs as the shift occurred following the exponential growth phase 

(day 0 - 4) during the transitional growth phase (day 4 - 8) (Figure 4.4 F). 

The uptake and secretion rates for FBA were calculated in the defined time intervals 

of the cultures shown in Figure 4.4 (A, B, C and D) as red (LP) and blue (LC) bands. The 

time windows were chosen directly around the respective peak 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 LC). Uptake rates that could not be determined 

experimentally due to resource limitations, excluding carbon dioxide, but are commonly 

known to be consumed by CHO cells when present in the media, were set to literature 

values (Appendix II section 1.8). The carbon dioxide secretion rates were based on the 

elemental balance of carbon. The majority of carbon entering the cell was measured. 

Therefore an assumption was made that the discrepancy between the measured carbon 

going into the cell and measured carbon going out of the cellΣ ɲ/Σ ƛǎ by and large accounted 

for by the carbon dioxide secretion rate. Calculated carbon dioxide secretion rates based 

ƻƴ ɲ/ ǿŜǊŜ ƛƴ ŀƎǊŜŜƳŜƴǘ ǿƛǘƘ commonly reported literature values (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 NADH and NAD+ across the 

mitochondrial membrane and reactions of the EPO production pathway were set to 

0 mmol gDCW-1 h-1 (upper and lower bounds) to prevent flux through these reactions. For 
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each condition the constraints imposed on the model and their origin can be found in 

Appendix II (section 1.8). 

Initially the model was carbon constrained based on the total amount of carbon 

consumed by the cells (Lularevic et al., 2019). A paired sample t-test was conducted to 

compare the total carbon consumed in the LP and LC phases of combining the data of all 

four cell lines. There was a significant difference (t(4) = 3.47, p = 0.026) in the carbon 

consumption of the LP (M = 9.84 mmol gDCW-1 h-1, SD = 3.75 mmol gDCW-1 h-1) and the 

LC phases (M = 3.51 mmol gDCW-1 h-1, SD = 0.77 mmol gDCW-1 h-1). Furthermore there 

was a statistically significant difference (t(4) = -11.16, p < 0.001) in ǘƘŜ ƳŜŀǎǳǊŜŘ ɲ/ 

ōŜǘǿŜŜƴ ǘƘŜ [t ŀƴŘ [/ ǇƘŀǎŜǎ ǿƘŜǊŜ ǘƘŜ ɲ/ ŦƻǊ ǘƘŜ [t ǇƘŀǎŜ όa Ґ мпΦуф҈Σ {5 Ґ рΦус҈ύ 

was smaller than for the LC phase (M = 68.77%, SD = 9.71%) (Figure 4.5). Assuming that 

ɲ/ mostly accounts for carbon from CO2, the underlying data strongly suggests that 

respiratory activity was increased in the LC phase. This has also been observed by several 

other research groups (Mulukutla et al., 2012; Templeton et al., 2013; Zagari et al., 2013a). 
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Figure 4.5: Mean #ÁÒÂÏÎ όŘƛŀƎƻƴŀƭ ǎǘǊƛǇŜǎ ǇŀǘǘŜǊƴύ ŀƴŘ ɲ/ŀǊōƻƴ όŘƻǘǘŜŘ ǇŀǘǘŜǊƴύ ƻŦ ŀƭƭ ŎŜƭƭ ƭƛƴŜǎ 
(n = 4) for LP (red) and LC (blue) phases. Statistical significance * = p < 0.05 and ** = of p < 0.001. 
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Higher respiratory activity is generally associated with more energy efficient 

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 (ATPmax) under the 

experimental constraints imposed on the model. In order to determine the 

ATPmax/#ÁÒÂÏÎ ratio for all cell lines and phases the iCHO1766 was optimized for 

maximum ATP flux through the ATP maintenance reaction. The resulting ratios are shown 

in Table 4.1. The amount of ATP per carbon produced is significantly higher in the LC phase 

(t(4) = -6.68, p < 0.01). The biggest difference in energy efficiency in terms of the 

ATPmax/#ÁÒÂÏÎ ratio is observed for the TBC where metabolism is more than four 

times as efficient in the LC phase compared to the LP phase (Table 4.1 LC/LP ratio). At the 

other end of the spectrum was the EB7 cell line with an increase in efficiency of only 2.8 

times as a result of a more efficient LP metabolism. This was in agreement with the L/G 

ratio (Figure 4.1 E). The increase in efficiency was correlated with the difference in carbon 

taken up between the LP and LC phases of each cell line. The difference was largest for 

the cell line CY01 and lowest for the cell line EB7 (Appendix II section 1.9 Figure A11). 

Table 4.1: ATPmax/#ÁÒÂÏÎ ratios for LP and LC phase and the ratio comparing energy metabolism 
efficiency between LP and LC phases per cell line. ATPmax was calculated by maximizing flux through the ATP 

maintenance reaction under the respective constraints. The total carbon consumed (#ÁÒÂÏÎ) was 
calculated by the carbon constraining algorithm (Lularevic et al., 2019) and represents a single carbon 
molecule flux. Based on these values an ATP/carbon ratio can be calculated giving an estimate of the energy 
efficiency of metabolism. 

Cell line ATPmax/ἍἩἺἪἷἶἫἷἶἻ
ἼἷἼἩἴ - LP ATPmax/ἍἩἺἪἷἶἫἷἶἻ

ἼἷἼἩἴ - LC LC/LP 

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 flux samples 

4.4.3.1 Separating the solution space 

After constraining the model with the carbon constrained flux variability results 

(ccFVA) and initial metabolic analysis, MC sampling of the null space was performed 

generating one million solution vectors per condition. The resulting large number of 

solution vectors per condition is impractical to inspect manually. Moreover, visualization 



114 

of more than 5000 reactions in conventional ways such as flux maps is infeasible. 

Therefore we performed principal component analysis (PCA) and partial least squares 

discriminant analysis (PLS-DA) on the sampled data. PCA is an unbiased way of analysing 

the data which identifies the largest variability in the dataset (Jackson, 1991). PLS-DA is a 

supervised algorithm which actively separates data based on a classifier variable 

(Barker & Rayens, 2003). The unsupervised nature of PCA enables verification as to 

whether the largest variability within the data is based on model uncertainty or on 

metabolic differences between the two states. Figure 4.6 shows the score plots for all cell 

lines. Two distinct clusters can be observed in all four graphs where each 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 samples) is the 

differences between the flux patterns predicted for each phase rather than on noise from 

model uncertainty. 

 

Figure 4.6: PCA score plots of all cell lines. A total of 4 million points are plotted on each graph with 
2 million points per condition. LP scores are shown in red ()̧ and LC scores in blue ()̧. All scores are plotted 
on principal component 1 (PC1) and principal component 2 (PC2). A) Scores plot for CY01 (TBC). B) Scores 
plot for 3C12. C) Scores plot for R33A. D) Scores plot for EB7. 
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The variance captured by PC1 ranged from 14.4% (3C12) to 17.7% (CY01) (Figure 4.7 

B) depending on the cell line. 95% of the variance was captured within the first 449 PCs 

(Figure 4.7 A). Other principal components were checked for potential separability of the 

data but PC1 was the only one with discriminating power. An interesting observation is 

that the variability captured by PC2 is approximately proportional to the total carbon 

consumed by the cells in their respective phases. In other words, the ratio of the absolute 

range of all scores per phase (LP or LC) across PC2 is proportional to the #ÁÒÂÏÎ ratio 

between phases (data not shown). This indicates that the range of the second principal 

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

In addition to the unsupervised approach using PCA, PLS-DA was conducted on the 

same samples resulting in a very similar separation of the data (data not shown). As PCA 

clearly separated the two conditions on PC1, separation using a classifier variable with 

PLS-DA was not pursued further as no added information would have been obtained. The 

principal components generated are vectors 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 the contribution of the original variable to the 

new variable (i.e. the 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 are likely to be involved in either the regulation of 

the switch in lactate metabolism or are an effect of the switch. Loadings with an absolute 

value җ 75% of the largest absolute loading value in the PC were considered for further 

analysis (Figure 4.7 C). 
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Figure 4.7: Loadings analysis. All data shown was retrieved from the PCA of the CY01 flux samples. 
A) Cumulative variance captured for all principal components. B) Variable contribution to the variance of 
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 
cut-off criteria for loadings to be considered highly influential on separating the clusters of LP and LC. D) 
Loadings plot where loadings corresponding to reactions of central carbon metabolism sub-systems are 
highlighted. [a] non-ROS producing complex IV, [b] ROS producing complex IV, [c] complex I & III and ATP 
synthase loadings, [d] glycolytic reaction loadings, [e] TCA cycle reactions, [f] Lactate-Pyruvate Shuttle  

4.4.3.1 Loadings analysis 

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 PC2 (Figure 4.7 D). 

All reactions within glycolysis (Figure 4.7 D [d]) show large negative loading values. A 

difference in glycolytic flux was expected and has been observed before 

(Hartley et al., 2018; Zalai et al., 2015). Some of the oxidative phosphorylation (oxPhos) 

related loadings (Figure 4.7 yellow diamond É) seem to also be influential in separating 

LP and LC phases. Specifically increased fluxes in LC phase for complex III, complex I and 

ATP synthase (Figure 4.7 D [c]) were observed indicating higher respiratory activity in the 

LC phase (Zalai et al., 2015). An interesting observation related to oxPhos was made for 

complex IV (Figure 4.7 D [a,b]). Two alternate reactions for complex IV are present in the 

iCHO1766 model (i) a non-reactive oxygen species (ROS) ƎŜƴŜǊŀǘƛƴƎ ŎƻƳǇƭŜȄ L±Υ Ψу ƘψƳ Ҍ 
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o2_m + 4 focytC_m -Ҕ н ƘнƻψƳ Ҍ п ŦƛŎȅǘ/ψƳ Ҍ п ƘƛψƳΩ and (ii) a ROS generating complex 

L±Υ ΨтΦфн ƘψƳ Ҍ ƻнψƳ Ҍ п ŦƻŎȅǘ/ψƳ -Ҕ мΦфс ƘнƻψƳ Ҍ п ŦƛŎȅǘ/ψƳ Ҍ лΦлн ƻнǎψƳ Ҍ п ƘƛψƳΩΦ 

The loadings show a difference in the usage for these reactions. Looking into the flux 

distributions shows that ROS generating complex IV (ii) has higher fluxes in the LC phase 

compared to the LP phase. This indicates increased ROS generation during the lactate 

consuming metabolic stage and has been observed by others experimentally before 

(Brand & Hermfisse, 1997; Waris & Ahsan, 2006). Several TCA related reactions are 

located on the positive end of the loadings which when comparing flux distributions show 

increased flux in the LC phase (Figure 4.7 D [e]). These results are in agreement with the 

observed upregulation of oxPhos activity. Higher fluxes through the TCA during the LC 

phase is a known metabolic characteristic and linked to slower fluxes through glycolysis 

(Martínez et al., 2013; Pan et al., 2017; Zalai et al., 2015). 

Furthermore, the loadings show significant differences in the pyruvate transport 

and lactate transport across the mitochondrial membrane (Figure 4.7 D [f]). Shuttling 

lactate into the mitochondria for oxidation into pyruvate by mitochondrial LDH has long 

been proposed as a mechanism to shuttle reducing equivalents to the mitochondria 

(Brooks, 2002; Brooks, 2009; Chen et al., 2014; Draoui & Feron, 2011; Lemire et al., 2008; 

Luo et al., 2012; Martínez-Monge et al., 2018). According to this proposed mechanism 

lactate is the link between glycolytic and oxidative metabolism. This study supports the 

proposed scheme. The flux of lactate into the mitochondria via MCTs is increased during 

the LP phase along with the efflux of pyruvate. This lactate-pyruvate shuttle (LPS) allows 

the system to use the fast acting cytoplasmic LDH to regenerate NAD+ from pyruvate and 

transport reduced lactate across the mitochondrial membrane where it can 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 during the LP phase 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) (Figure 4.7 D cyan right triangle ¤). This shuttle plays an important role in the 

cellular energy metabolism where it regenerates NAD+ in the cytosol, similar to LDH, while 

generating FADH2 in the mitochondria όaǊłőŜƪ Ŝǘ ŀƭΦΣ нлмоύ. A similar system, the malate-
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aspartate shuttle (MAS) (Figure 4.7 D olive down triangle¢), does not seem to be 

influential on the separation of the two metabolic phases. 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 equivalent shuttles is shown in Figure 4.8.  

 

Figure 4.8: Schematic overview of three reducing equivalent shuttles into the mitochondrion. LPS 
(Lactate-Pyruvate Shuttle): Lactate (LAC) is transported via the monocarboxylate transporter (MCT) into the 
mitochondrial matrix and 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 NADH. GPS (Glycerol-3phosphate Shuttle): Glycerol-3-phosphate is transported via the 
glycerol-3-phosphate transporter (GlpT) into the mitochondrion where it is oxidized to dihydroxyacetone 
phosphate (DHAP) generating FADH2. Subsequently DHAP exits the mitochondrion to be converted back to 
G3P in the cytosol consuming a NADH molecule. MAS (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 transaminated by GLU producing 
Aspartate (ASP) and ₫-ƪŜǘƻ ƎƭǳǘŀǊŀǘŜ ό₫YDύ ǿƘƛŎƘ ŜȄƛǘ ǘƘŜ ƳƛǘƻŎƘƻƴŘǊƛŀƭ ƳŀǘǊƛȄ Ǿƛŀ {[/ǎΦ Lƴ ǘƘŜ Ŏȅǘƻǎƻƭ ₫YD 
and ASP are converted back into OXA and GLU where GLU can re-enter the mitochondrion and OXA is 
reduced to MAL consuming a cytosolic NADH.
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Figure 4.9: Individual bar diagram of 50 selected loadings from the top loadings in PC1. Loadings were grouped by category as indicated by the grouping labels. 
All data shown was retrieved from the PCA of the CY01 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 

ŀōǎƻƭǳǘŜ ƭƻŀŘƛƴƎǎ ǿƛǘƘ ŀ ǾŀƭǳŜ җ 75% of the largest loading (Figure 4.7 C), were analysed 

in more detail and a selection of these is shown in Figure 4.9. The LP phase has often been 

associated with the growth phase of the cells (Altamirano 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 acetyl-CoA carboxylase (associated with growth) 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 increased fluxes in 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, thereby generating reducing 

equivalents (NADH and FADH2). The carbon skeletons are then fed into the lower part of 

the TCA as succinyl-CoA. Valine and isoleucine have been reported to feed into the TCA 

cycle via succinyl-CoA for cancer cell lines (Locasale et al., 2011). Furthermore the model 

analysis suggests that succinyl-CoA is converted to succinate through succinate-CoA ligase 

gaining one ATP molecule. Subsequently succinate is drained from the TCA cycle by 

conversion to 4-Aminobutyrate which is secreted by the cells. This super truncated TCA 

allows the cells to generate reducing equivalents within the mitochondria, generate ATP 

as well as symport protons out of the cell with 4-Aminobutyrate to aid the delay of 

cytosolic acidification which, especially in fast proliferating cells, is the result of high 

glycolytic activity (Hartley et al., 2018). In order to verify this super truncated TCA, 

extracellular 4-Aminobutyrate concentrations could be measured in future studies. 

Mitigation against cytosolic acidification in CY01 is evidenced by the fact that the proton 

drain reaction is among the highest loadings where more protons are drained 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 

transporters Figure 4.9 - AAt), 4-aminobutyrate and pyruvate as well as through antiports 

such as the sodium proton exchanger (Counillon et al., 2015; 

Kroemer & Pouyssegur, 2008). As glycolytic fluxes are very high it is no surprise to see 
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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 to pyruvate (Kyriakopoulos, 2014). This suggests that the main 

reason for lactate production is not delaying acidification of the cytosol per se, as has been 

suggested by Kemp (2005), but rather redox balancing, meaning regeneration of NAD+ to 

support continuous high fluxes through glycolysis (Hartley et al., 2018; Wilkens & 

Gerdtzen, 2015). 

It seems that other pathways are also used, though less effectively, to rebalance the 

redox potential of the cells. In this analysis serine metabolism was highlighted in the 

loadings of PC1. Serine is synthesized from 3-phosphoglycerate which is an intermediate 

metabolite of glycolysis and therefore available in abundance during the LP phase. Serine 

then has two potential 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 NAD+ and 

one NADP+. Glycerol is partly secreted and partly converted to glyceraldehyde-3-

phosphate, which can then either re-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 II section 1.9 Figure A12). 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 amino acid 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., 2017). PC1 loadings show that there is an increased production 

and secretion of ornithine, emphasizing the increased urea cycle activity in the LP phase 

which is in agreement with previously published works (Bonarius et al., 1996; 

Zamorano et al., 2013). As was mentioned in Chapter 3 (p.76), the iCHO1766 model 

contains all metabolic reactions encoded in the Chinese hamster genome. Several 

algorithms exist that take gene expression data into account generating a tissue or cell 

line specific metabolic network from a global genome scale model (Opdam 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 consideration. CHO cells do have 

known amino acid auxotrophies which may vary from clone to clone (Hefzi et al., 2016). 

Additionally, other suspected auxotrophies include enzymes that are part of the urea 

cycle such as carbamyl phosphate synthetase I (CPS I) and ornithine transcarbamoylase 

(OTC) (Park et al., 2000). 

Comparing the results of CY01 to the other three cell lines, a similar pattern in the 

loadings can be observed (Figure 4.10 A-C). All three cell lines run in fed-batch 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 cycle activities 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 keep FADH2 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 phenotypic comparison, a PCA containing 

sampled data from all cell lines resulting in a data matrix containing 8 million samples was 

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) cluster together. 

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. Furthermore, the corresponding loadings may give 

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 phase (Appendix II section 1.9 Figure A13). 

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 the matching 

loadings are towards the higher ranks (Figure 4.10 D). Based on the all-cell-line-PCA and 

the top 300 loadings comparison it can be inferred that the differences between lactate 

consuming and producing metabolic behaviour shows a common underlying mechanism 

across cell lines and processes. 
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Figure 4.10: Loadings analysis and comparison of these cell lines. A-C: Loadings 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 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 loadings are closer 
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 1 ς 114. The orange dashed line (at rank 207.5) indicates the best rank mean for all the mismatches 
which is the average of ranks 115 ς 300 (best meaning all mismatches comprising the lowest ranks). E) 
Individual comparison of top 300 loadings matches between cell lines. 

When comparing the top loadings between cell lines individually, matches are 

slightly higher especially when comparing the fed-batch experiments among one another 

(Figure 4.10 E). This is expected as EB7, R33A, and 3C12 were run with the same platform 

fed-batch process unlike CY01. The dissimilarities between the media and therefore 
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certain metabolite availabilities likely account for the majority of differences. Other 

discrepancies between the batch and the fed-batch metabolic fingerprints include 

increased IgG production in the LC phase of all fed-batch grown cell lines. Along with the 

assembly reactions of light and heavy chain and the antibody product, glycosylation 

reactions are also increased in the fed-batch cultures. Additionally, none of the fed-batch 

cultures show differences in their urea cycle activity between LP and LC phases which may 

be due to the fact that nutrient depletion is not a factor in fed-batch 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 the 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 II section 8.9 Figure A11). A summary of the top loadings and corresponding sub-

systems is shown in Table 4.2. 

Table 4.2: Loadings overview for all four cell lines. Green checks indicate presence of these metabolic 
sub-systems within the top PC1 loadings, red crosses absence. Arrows in LP flux column indicate whether 
the flux through these sub-systems is increased or decreased during the LP phase compared to the LC phase. 
Fields with a green check and a red cross indicate partial presence of the loadings in comparison to the CY01 
batch culture. 

Sub-systems CY01 3C12 EB7 R33A LP flux 

Biomass precursors P P P P ā 

Glycerol phosphate shuttle P P P P ā 

Glycolysis P P P P ā 

Proton secretion P P P P ā 

Pyruvate secretion P O P O ā 

Serine metabolism P P P P ā 

Truncated TCA cycle P P P P ā 

Urea cycle P O O O ā 

IgG synthesis O P P P Ă 

Respiration P P P P Ă 

TCA cycle P P/O P/O P/O Ă 

 

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 maps (Figure 4.11 and Figure 4.12). A comparison of the flux maps 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 glycerol via serine. 

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 carbon metabolism (1C) 

synthesising glycine, (ii) it is a source for biosynthesis of proteins, (iii) it is a source for 

alpha-ketoglutarate formed by phosphoserinephosphatase to feed into the TCA cycle, (iv) 

and finally it is a redox generator through 3-phosphoglycerate dehydrogenase. All 

mentioned processes are important for fast proliferating cells (Amelio et  al., 2014; 

Kalhan & Hanson, 2012; Locasale et al., 2011). In addition to that, serine can be further 

converted toward glycerol, regenerating NADP+ via glycerol dehydrogenase. Glycerol has 

been known to be a redox drain similar to sorbitol and threitol (Sellick et 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 3-Phosphoglycerate dehydrogenase generating NADH than 

through glycerol dehydrogenase regenerating NADP+. 
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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 done manually trying to capture similar number of fluxes in each group. A visual 
representation of the flux grouping can be found in Appendix II section 1.9 Figure A15. The arrow thickness 
and colour correspond to the flux groups, i.e. flux magnitude, where thin purple arrows represent the lowest 
fluxes and thick red arrows represent the highest fluxes. 

For the cell to maintain high glycolytic fluxes the NAD+ pool in the cytosol needs 

constant replenishing which is done by either by transferring reducing power into the 

mitochondria via systems such as the malate-aspartate shuttle (MAS), the glycerol-

phosphate shuttle or via the herein presented, and elsewhere suggested 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 efficiently (Hartley 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 lactate in order for it to act as a redox 

carrier transferring redox equivalents indirectly into the mitochondria (LPS Figure 4.8) 

thereby reducing the NAD+ pool in the cytosol further. 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 types (Brooks, 2009; Kane, 2014; Luo et al., 2012; 

Passarella et al., 2014). Even in the LC phase, LDH operates in the forward direction 

generating lactate (Figure 4.11). However, in the LC phase lactate is not secreted, on the 

contrary lactate is taken up where all of the cytosolic lactate is transported 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 isoforms, which prefer pyruvate as a 

substrate over lactate due to their conformation. Conversely mitochondrial LDH contains 

mainly LDHB isoforms preferring lactate as substrate (Fu et al., 

2016; Valvona et al., 2016). The secretion of lactate in the LP phase seems to be the result 

of over-flow metabolism as the additional carbon and or redox energy is not needed, i.e. 

cannot be used by the cell. 

 

Figure 4.12: Flux map for lactate consuming (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 each group. A visual 
representation of the flux grouping can be found in Appendix II section 1.9 Figure A15. The arrow thickness 
and colour correspond to the flux groups, i.e. flux magnitude, where thin purple arrows represent the lowest 
fluxes and thick red arrows represent the highest fluxes. 
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The TCA cycle does not seem to show any significant differences between the LP 

and LC phase at first based on the colour coding (mainly green arrows indicating fluxes 

ranging from 0.1 ς 0.33 mmol gDCW-1 h-1). However, a closer look reveals that, starting 

from alpha-ketoglutarate, fluxes are increased in the LC phase all the way to fumarate. An 

exception to this is succinyl-CoA 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 separation of the peaks can be observed resulting in 

a significant difference as picked up by the loadings analysis of the PCA (example for SDH 

in Appendix II section 1.9 Figure A14). A similar scenario is observed for oxidative 

phosphorylation, where slight numerical increases in flux through each of the complexes 

in the LC phase can be seen (Figure 4.12). The distributions are very narrow resulting in 

statistically significant differences between the sampled flux distributions. This is why 

these reactions contributed substantially to the separation of the two sampled datasets 

in the PCA. Despite allowing the model to take up the same maximum amounts of oxygen 

in all cases (based on literature values) the ROS generating complex IV is preferred over 

the non-ROS 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., 2018). However, it is interesting to see that the curated iCHO1766 

model is reflecting this phenomenon purely based on the extracellularly measured uptake 

and secretion rates. Based on these measured values combined with a well-constructed 

and curated genome-scale metabolic model and 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 CO2 and proton secretion 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 

as they are linked to ATP hydrolysis (Kemp 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 culture, towards 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 CO2 secretion which depending on the process and 

scale may result in increased pCO2 levels (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 the LC phase 

where cytosolic LDH continuously produces lactate. One reason for this seems to be the 

very high glycolytic fluxes which off-set the NAD+/NADH ratio in the cytosol. The high 

glycolytic fluxes are the result of several factors including high expression of glucose 

preferred transporters of the GLUT family (GLUT1-4) and the concentration difference 

between intra and extracellular glucose (Gagnon et al., 2011; Macheda et al., 2005). 

Therefore, the large influx of glucose trickles 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 lactate, symporting a proton. Instead pyruvate is converted to lactate 

which achieves two things: (i) it regenerates the NAD+ pool and (ii) it removes a proton via 

MCT transport out of the cell delaying cytosolic acidification. The ability to transport 

lactate out of the cells is dependent on two factors: (i) the pH differences between intra- 

and extracellular space and (ii) the concentration difference of lactate between intra- and 

extracellular space (Draoui & Feron, 2011; Kyriakopoulos & Kontoravdi, 2014). pH is 

known to affect lactate metabolism (Ivarsson et al., 2015; Liste-Calleja et al., 2015; 

Martínez-Monge et al., 2018; Zalai et al., 2015). Lactate can be secreted by the 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 not allow the 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 switch (Mulukutla et al., 2012). 

Therefore, it is proposed that: 
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1. the generation of lactate is due to redox balancing of the cytosol which occurs 

throughout the whole cell culture process. 

2. the rate at which lactate is secreted is based on two factors: (i) either the rate 

at which lactate can be transported into the mitochondria via MCTs (ii) or the 

required energy and carbon demand by the cell is already met, ergo lactate 

can therefore be secreted (waste-product of glycolysis). 

3. the switch in lactate metabolism is caused by 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 to regulate 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 and/or 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 metabolic routes. One important point to add to this is that the maximum 

tolerable lactate concentration within the cell, which affects the maximum concentration 

that can be secreted along the proton gradient, is likely to depend on, 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 the switch is happening based 

on the pH and lactate concentration difference between intra- and 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 in this form 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. While these 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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Process changes to manipulate lactate 

metabolism 

In Chapter 4 model-based analysis was performed on experimental data of different 

CHO cell lines in both controlled (10 L fed-batch bioreactors) and uncontrolled (1 L 

shakeflask) cultures. 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 culture. 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 

(Hartley et al., 2018; Torres et al., 2018). The production and consumption of lactate can 

indeed be manipulated using a wide variety of strategies including low glucose feeding 

(Gagnon et al., 2011), increased copper concentration in media (Yuk et al., 2014), 

alternate carbon sources (Kwang et al., 2018), pH control (Ivarsson et al., 2015), 

temperature shift (Yoon et al., 2006) and metabolic engineering (Gupta et al., 2017). 

However, while the above mentioned approaches successfully altered the lactate 

metabolism, none 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 driven by a series of metabolic events starting from the passive uptake of 
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glucose. Figure 5.1 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 glycolysis (Gagnon et al., 2011). As long as glucose is converted 

to glucose-6-phosphate by hexokinase, this passive uptake can continue based on the 

concentration gradient (Figure 5.1 (a)). The end product of glycolysis is ATP, NADH and 

pyruvate (Figure 5.1 (b)) which, when glycolysis is operated at high fluxes, shift the 

NAD+/NADH ratio towards NAD+ (van Hoek & Merks, 2012). The NAD+/NADH ratio and 

accumulation of pyruvate drive lactate dehydrogenase (LDH) towards lactate thereby 

consuming pyruvate and regenerating the NAD+ pool (Figure 5.1 (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) (Figure 5.1 (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 produced by 

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 (Ivarsson et al., 2015; Xu et al., 2016; Yoon et al., 2006; Zalai et al., 2015). The 

lower the pH set-point (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 often accompanied with lower growth (Xu et al., 2018). 

Considering a high glycolytic activity results in acidification of the cytosolic pH (pHi) a 

higher extracellular pH (pHe) will allow a longer, faster glycolytic activity resulting in better 

growth. However, higher pHe resulting in a higher glycolytic activity is often linked to 

increased lactate secretion as was observed by Ivarsson et al. (2015) and Xu et al. (2018). 

Contrary to those findings, Konakovsky et 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 pH set-point of 

7.4. This strategy is in good agreement with the earlier developed HiPDOG strategy by 
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Gagnon et al. (2011). As pH has such a great impact on the metabolic 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. 

 

Figure 5.1: Schematic representation of the hypothesis derived from computational analysis 
presented in Chapter 4. (a) Glucose transport into the cell via GLUT1 is passive based on the concentration 
gradient. Instant conversion of glucose to glucose-6-phosphate through hexokinase upon entering allows 
continuous influx of glucose. (b) Fast glycolytic enzymes metabolize glucose to pyruvate producing NADH. 
(c) Shifting of NAD+/NADH ratio towards NADH and accumulation of pyruvate 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 is experimentally not tested) 

As hypothesized in the previous chapter as well as by other researchers 

(Hu et al., 2017), the ability of the cells to secrete lactate is dependent on the proton 

concentration gradient between intra- and extracellular space (i.e. difference between 

pHi and pHe) as well as the lactate concentration gradient. Preliminary have shown that 

different set-points of pH resulted in distinctly different peak lactate concentrations 

(Appendix III section 1.10 Figure A16). Therefore, introducing lactate from the beginning 

of the culture at various concentrations will allow 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 lactate (Mulukutla et al., 2012) which should be more or 

less pronounced depending on the pHe. 

The ability of fast proliferating cells to consume glucose in vast quantities and 

seemingly wastefully, converting it into lactate has long been known and was named after 

its discoverer Otto Warburg in the 1950s (Lunt & Vander Heiden, 2011; 

Vazquez et al., 2010; Warburg, 1956). 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 in Chapter 4 (Hosios et al., 2016; Martínez et al., 2013; 

Zalai et al., 2015). In addition, it is known that the glycolytic fluxes are directly 

proportional to the glucose uptake rate (Zalai et al., 2015). The uptake rate of a cell is 

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 independent (Macheda et al., 2005). Controlling the 

uptake rate of glucose allows indirect control over the magnitude of the glycolytic flux as 

has been shown by knocking-down the GLUT transporters (Paredes et al., 1999) or 

feeding glucose at very low levels (Gagnon et al., 2011). Other strategies to reduce 

glycolytic fluxes involve the co-feeding of other carbon sources such as mannose, fructose, 

or galactose or substituting glucose as carbon source completely (Altamirano et al., 2006; 

Inoue et al., 2010; Kwang et al., 2018; Torres et al., 2019; Xu et al , 2016). 

There are two obvious strategies as to how to manipulate the glucose uptake rate 

experimentally: (i) through metabolic engineering efforts such as knocking down the 

expression of glucose affine transporters (GLUT1-3) (Paredes et al., 1999) or (ii) through 

targeted chemical inhibition of the GLUT transporters (Xintaropoulou et al., 2015). As the 

experimental validation of the hypothesis presented herein was designed as an initial 

proof of concept, the more readily implementable approach of chemical inhibition was 

preferred. Different concentrations of 2-deoxy-D-glucose (2-DG) 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 
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transport via the glucose transporter type 1 (GLUT1) and then further competes with 

glucose for hexokinase mediated phosphorylation to form 2-DG-6-phosphate, which is not 

further metabolized to any significant extent. 

5.2. Aim and Objectives 

The overall aim of this chapter is to investigate 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 key responses including the specific growth 

ǊŀǘŜ ˃Σ ǎǇŜŎƛŦƛŎ ƭŀŎǘŀǘŜ ǇǊƻŘǳŎǘƛƻƴ ǊŀǘŜΣ ŀƴŘ ǘƘŜ ǎǇŜŎƛŦƛŎ ƎƭǳŎƻǎŜ ŎƻƴǎǳƳǇǘƛƻƴ ǊŀǘŜΦ ¢ƘŜ 

following objectives were set: 

¶ Evaluate the combined effects of extracellular lactate and proton (pH) 

concentration on lactate metabolism. This will elucidate how transmembrane 

concentration gradients (lactate, protons) affect lactate secretion and how 

crucial lactate secretion is to cell proliferation.  

¶ 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. 

¶ Screen and evaluate the suitability of GLUT1 inhibitors as means to down-

regulate glucose consumption and therefore glycolytic fluxes. 

¶ Evaluating if growth is impacted 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 extra- and intracellular space 

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

5.3.1 Design of experiments (DoE) 

In order to evaluate the effects from different pH set-points, 2-DG concentrations 

for GLUT1 inhibition and initial lactate concentrations on the cells metabolism a design of 

experiments was performed. All statistical analysis was performed with the statistics 

software JMP® Pro (SAS Institute, USA), version 14.1.0. For all statistical tests a critical 

ǎƛƎƴƛŦƛŎŀƴŎŜ ƭŜǾŜƭ ƻŦ ʰ Ґ 0.05 was applied. Outlier analysis was performed using the 

jackknife distance measures which is calculated using the estimates of the mean, standard 

deviation, and correlation matrix not containing the observation itself (Quenouille, 1949). 

Table 5.1: Factors and corresponding levels for the DoE. Cell line is not considered a factor but listed 
for information only. 

Factor -1 0 +1 

pH 6.8 7.0 7.2 

Lactate 1.0 g L-1 3.5 g L-1 6.0 g L-1 

2-DG 0 mM 0.5 mM 1.0 mM 

Cell line 3C10 

Only three factors were tested in this design, hence rotatability was not considered 

an issue leading to a face-centred full factorial design choice. An additional reason for this 

choice is the fact that a central composite design would result in process conditions that 

are not viable or feasible for testing (e.g. very low pH 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 changes in the lactate metabolism 

(Flickinger, 2013; Ivarsson et al., 2015; Miller et al., 1988). Lactate concentrations were 

chosen based on previous experiments run with the same cell line (Appendix III section 

1.10 Figure A16). The peak lactate concentrations observed in that experiment for the 

different pH set-points (6.8 ς 7.2) were used here as initial lactate concentration (1, 3.5, 

6 g L-1). Concentrations for 2-deoxy-D-glucose retrieved from relevant scientific literature 

(Gu et al., 2017; Malm et al., 2015; Muley et al., 2012) were tested in a screening 

experiment in shake flasks. Based on the results of the screening experiment (see section 

5.4 Results 5.4.1 2-deoxy-D-glucose pre-screening) the final concentrations used in 

the DoE ranged from 0 ς 1 mM. An overview of the factors and levels are shown in Table 

5.1. 
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The 3 x 3 x 3 factorial design resulted in 27 experimental conditions. An additional 

three repeats were added at the centre point for reproducibility, resulting in a total of 30 

experimental runs. 48 ambr15®vessels were available for this experimental set-up so an 

additional 18 replicates were added to the design. Corner points (8 vessels), selected 

corner points (indicated by the filled red circle  ̧in Figure 5.2, four vessels) 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 suitability regarding 

information/ predictability by evaluating the prediction variance surface. The prediction 

variance surface shown in Figure 5.3 shows good predictions across all 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 surrounding points resulting in a lack 

of information from neighbouring points which leads to increased variance. 

 

Figure 5.2: 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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Figure 5.3: Prediction variance surface for all 3 factors. A) Prediction of variance for lactate and pH. 
B) Prediction of variance for 2-DG and pH. 

All conditions were randomized within the ambr15® system in order to avoid 

systematic errors. An overview of all conditions, their corresponding culture station and 

vessel is shown below in Table 5.2. 

Table 5.2: ambr 15® vessel set-up. 48 vessels as described in the DoE design were randomized and 
run as shown in this table.  

Culture 
station 

Vessel 
ID 

pH Initial lactate 
conc. (g L-1) 

2-DG conc. 
(mM) 

Volumes to 
ŀŘŘ ό˃[ύ 

pH-
Level 

Lac-
Level 

2-DG-
Level 

DoE Tag 

CS1 CS1-1 7 1 0 0.0 M L L M-L-L 

CS1 CS1-2 6.8 1 1 49.2 L L H L-L-H 

CS1 CS1-3 7 6 1 49.2 M H H M-H-H 

CS1 CS1-4 7 1 1 49.2 M L H M-L-H 

CS1 CS1-5 7.2 1 0.5 24.6 H L M H-L-M 

CS1 CS1-6 7.2 3.5 0 0.0 H M L H-M-L 

CS1 CS1-7 6.8 6 1 49.2 L H H L-H-H 

CS1 CS1-8 7 3.5 0.5 24.6 M M M M-M-M 

CS1 CS1-9 7.2 1 1 49.2 H L H H-L-H 

CS1 CS1-10 6.8 6 1 49.2 L H H L-H-H 

CS1 CS1-11 7 6 0.5 24.6 M H M M-H-M 

CS1 CS1-12 7.2 6 1 49.2 H H H H-H-H 

CS2 CS2-1 7.2 1 1 49.2 H L H H-L-H 

CS2 CS2-2 7 3.5 0.5 24.6 M M M M-M-M 

CS2 CS2-3 6.8 1 0.5 24.6 L L M L-L-M 

CS2 CS2-4 6.8 6 0 0.0 L H L L-H-L 

CS2 CS2-5 7 1 0.5 24.6 M L M M-L-M 

CS2 CS2-6 7.2 6 0 0.0 H H L H-H-L 

CS2 CS2-7 7.2 6 0 0.0 H H L H-H-L 

CS2 CS2-8 6.8 6 1 49.2 L H H L-H-H 

CS2 CS2-9 6.8 3.5 1 49.2 L M H L-M-H 

CS2 CS2-10 6.8 3.5 0.5 24.6 L M M L-M-M 
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Culture 
station 

Vessel 
ID 

pH Initial lactate 
conc. (g L-1) 

2-DG conc. 
(mM) 

Volumes to 
ŀŘŘ ό˃[ύ 

pH-
Level 

Lac-
Level 

2-DG-
Level 

DoE Tag 

CS2 CS2-11 7 3.5 1 49.2 M M H M-M-H 

CS2 CS2-12 6.8 3.5 0.5 24.6 L M M L-M-M 

CS3 CS3-1 6.8 3.5 0 0.0 L M L L-M-L 

CS3 CS3-2 6.8 6 0 0.0 L H L L-H-L 

CS3 CS3-3 7 1 0.5 24.6 M L M M-L-M 

CS3 CS3-4 7.2 6 0.5 24.6 H H M H-H-M 

CS3 CS3-5 7 6 0.5 24.6 M H M M-H-M 

CS3 CS3-6 6.8 1 0 0.0 L L L L-L-L 

CS3 CS3-7 7 3.5 0.5 24.6 M M M M-M-M 

CS3 CS3-8 7.2 3.5 0.5 24.6 H M M H-M-M 

CS3 CS3-9 7.2 6 1 49.2 H H H H-H-H 

CS3 CS3-10 7 3.5 0 0.0 M M L M-M-L 

CS3 CS3-11 7.2 1 0 0.0 H L L H-L-L 

CS3 CS3-12 7.2 3.5 0.5 24.6 H M M H-M-M 

CS4 CS4-1 7.2 1 0 0.0 H L L H-L-L 

CS4 CS4-2 6.8 1 1 49.2 L L H L-L-H 

CS4 CS4-3 7 3.5 0.5 24.6 M M M M-M-M 

CS4 CS4-4 7.2 6 1 49.2 H H H H-H-H 

CS4 CS4-5 6.8 1 0 0.0 L L L L-L-L 

CS4 CS4-6 7.2 1 1 49.2 H L H H-L-H 

CS4 CS4-7 7.2 6 0 0.0 H H L H-H-L 

CS4 CS4-8 7 3.5 1 49.2 M M H M-M-H 

CS4 CS4-9 7 6 0 0.0 M H L M-H-L 

CS4 CS4-10 7 3.5 0 0.0 M M L M-M-L 

CS4 CS4-11 7.2 3.5 1 49.2 H M H H-M-H 

CS4 CS4-12 6.8 6 0.5 24.6 L H M L-H-M 

 

5.3.2 Media and 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 

bicarbonate3, 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 

concentration would 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 pH set-point of the condition. 

Reactors run at pH 6.8 were run with media containing 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 to the set-
point avoiding excessive correction through base addition or CO2 sparging. 
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Generally, salt is added to culture media to ensure appropriate osmolality, however 

sodium and chloride (also 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 discussed in Flickinger (2013). Due to the lack 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 composition no exact values are given. 

The lowest sodium chloride condition (lactate = 6 g L-1) results in a final 

concentration of 40.1 mM of chloride (Cl-) which is slightly more than half of the standard 

platform process media and therefore considered to have no impact on culture 

performance. Expected osmolality values range from 320 to 360 mOsm kg-1 which is 

considered to be at the edge of physiological values (Flickinger, 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 360 mOsm kg-1 are non-process impacting. 

Actual measured osmolality values are displayed in Figure 5.4 and are in agreement with 

the calculated values. 

  

Figure 5.4: 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 of 305 mM 2-

DG was performed (Cat. No.: D8375 ς Sigma-Aldrich) which is the solubility limit. A 

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 shown in Table 5.3. Solution was 

diluted in H2O and sterile filtered (Millex-VV Syringe Filter Unit, 0.1 µm - Merck-Milliore) 

before addition to the bioreactors. 

Table 5.3: Final concentrations of 2-DG per condition and respective volumes added of the 305 mM 
stock solution to the ambr15® bioreactor vessels (total volume 15 mL). 

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

Level -1 0 0 0.0% 

Level 0 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 GS-CHO (Glutamine Synthase - Chinese Hamster Ovary) cell line (Lonza 

Biologics PLC, Slough UK). The cell line 3C10 was generated by transfecting CHOK1SV cells 

with a construct containing GS and the chimeric IgG4 antibody (cB72.3). Cells were stored 

in a liquid nitrogen dewer until revived for subculturing. Cell revival was performed 

ŀŎŎƻǊŘƛƴƎ ǘƻ [ƻƴȊŀΩǎ ƛƴǘŜǊƴŀƭ ǎǘŀƴŘŀǊŘ ƻǇŜǊŀǘƛƴƎ ǇǊƻŎŜŘǳǊŜ ŀƴŘ ǇǊƻŎŜǎǎ ǿŀs documented 

in the electronic laboratory notebook system. Cells were grown in non-vented shake flasks 

of varying sizes (250 mL ς 2 [ύ ǿƛǘƘ ŀ ƳŀȄƛƳǳƳ ǿƻǊƪƛƴƎ ǾƻƭǳƳŜ ƻŦ нл҈ ƻŦ ǘƘŜ ŦƭŀǎƪΩǎ ǘƻǘŀƭ 

volume. Flasks were gassed with 5% CO2 prior to incubation at 36.5°C and 140 rpm (orbit 

diameter = 2.5 cm). Cells were subcultured for at least 14 days but not more than 30 

before inoculating the experiment. Every three or four days, cells were subcultured into a 

new shake flask at 0.3 x 106 viable cells mL-1 for a four-day or 0.2 x 106 viable cells mL-1 for 

a three-day subculture. 

The experiment was run with the ambr15® system (Satorius AG, Goettingen, 

Germany) using mammalian cell bioreactors with a pitched blade impeller. One day prior 

to inoculation the system was set-ǳǇ ŀŎŎƻǊŘƛƴƎ ǘƻ [ƻƴȊŀΩǎ ǎǘŀƴŘŀǊŘ ƻǇŜǊŀǘƛƻƴ ǇǊƻŎŜŘǳǊŜ 

(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 design), entering 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 functionality regarding sterility and 

sensors (DO and pH). Process parameters were monitored and controlled including pH, 

DO and temperature. pH control was achieved using CO2 and a proprietary basic solution. 

Viable cell density was measured overnight automatically with a connected Vi-Cell 

XR analyser from Beckman Coulter Inc. (Brea, California, USA). Dilutions 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 ambr15® 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 Analyzer (Nova 

Biomedical, Waltham, Massachusetts, USA) in a 1:2 dilution. Final day product 

concentration was measured by the internal analytics department using a proprietary 

Protein A HPLC protocol. 

Specific consumption and production rates were calculated for measured 

metabolites and product tire according to the formula stated below: 

 ή
Ўὧ ς

Ўὸὢ ὢ
 (Eq 5.1) 

Where ή stands for the specific metabolite rate, Ўὧ stands for the concentration change 

of measured the metabolite, Ўὸ stands for the difference in time between two 

consecutive samples and X stands for the viable cell density. The area under a curve was 

calculated using the trapezoidal approximation approach. All areas were calculated 

according to the formula stated below: 

 ὃ
Ўὸὣ ὣ

ς
 (Eq 5.2) 

Where Y stands for the Y-value of the parameter under investigation, ὃ  is the area 

under the curve of parameter Y, and Ўὸ stands for the difference in time between two 

consecutive samples of Y. 
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5.4. Results and Discussion 

5.4.1 2-deoxy-D-glucose pre-screening 

2-deoxy-D-glucose (2-DG) is a competitive inhibitor that competes with glucose for 

intracellular transport via the glucose transporter type 1 (GLUT1) and was chosen in this 

experiment in order to reduce the capability of the cells to take up glucose. The three 

levels chosen were based on several publications which state different IC50
4 values ranging 

from 1 - 15 mM (50% viability/ survival) (Gu 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 

experiment was 10 mM as this is close to the IC50 value found for breast cancer cells. 

Three different concentrations were tested including 1 mM, 5 mM, and 10 mM of 

2-DG. Four 250 mL shakeflasks were run, including one control culture, each 

supplemented with one of the three stated concentrations. A 2-DG stock solution was 

added of 305 mM 2-DG was used and volumes according to Table 5.4 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 pre-experiment cultures (250 mL 
shakeflasks with 20% working volume). 

Target concentration 
(mM) 

Amount of stock 
solution added (µL) 

1 165 

5 821 

10 1642 

 

The results show that all three tested concentrations had an overall impact on cell 

growth and metabolism (Figure 5.5). As expected, the higher the 2-DG concentration the 

ƳƻǊŜ ǇǊƻƳƛƴŜƴǘ ǘƘŜ ŜŦŦŜŎǘǎ ƻƴ ǘƘŜ ŎǳƭǘǳǊŜΩǎ ǇŜǊŦƻǊƳŀƴŎŜΦ /ǳƭǘǳǊŜǎ ŜȄǇƻǎŜŘ ǘƻ р mM and 

10 mM showed comparable growth profiles and therefore comparable growth rates (0.2 

ς 0.35 days- 1). Additionally, the two higher concentration conditions showed a slight dip 

in viability on day 2 (down to 95% compared to 99% for the control and 1 mM condition) 

 
4 IC50 is the half maximal inhibitory concentration which represents the effectiveness of a substance 

in inhibiting a particular biological or biochemical function. According to the Food and Drug Administration 
(FDA), IC50 is the concentration of a substance that is required 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 profiles may be due to the interference of the 2-DG. The resulting specific 

uptake rates seem to be directly correlated to growth. 
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Figure 5.5: Cell culture data for 2-deoxy-D-glucose pre-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 of Figure 5.5 indicate no obvious difference in metabolic performance 

between cultures containing 5 mM and 10 mM of 2-DG. Looking at the lactate profiles 

(Figure 5.5 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 1 mM 2-DG culture which produce lactate up until day 4. The lower lactate 

concentration of the 1 mM 2-DG culture compared to the control seems to be 

proportional to the lower uptake in glucose (Figure 5.5 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; Martínez - Monge et al., 2018). 

The screening experiment revealed that 2-DG does not kill the cultures but prevents 

any significant growth at concentrations of 5mM or higher. It did have an interesting 

impact on the lactate metabolism, however. For the ambr15® DoE concentrations of 

1 mM, 0.5 mM and 0 mM were chosen. This ensures checking for effects of pH and lactate 

only (0 mM 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 

5.4.2.1 General culture data 

The culture data shows a wide range of performance based on the different 

conditions of pH, initial lactate concentration and 2-DG. All vessels but one were 

completed successfully. One contamination occurred (vessel CS3-7) which was detected 

the day after inoculation 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 the 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 and triplicate 

points ensuring enough statistical power for the estimation of the pure error. In Figure 5.6 

Viable cell density (A-C), viability (D-F), and the lactate profiles (G-I) of all remaining 47 

vessels are shown. Maximum viable cell densities spread over a range of more than 

40 x 106 cells mL-1. 

Taking a closer look at the colouring of plots A-C it can be noted that the low 

performers have a low pH set-point (Figure 5.6 A magenta circle ̧) and high initial lactate 

concentration (Figure 5.6 B raspberry circle ̧ ) in common. No match was observed 

regarding amount of 2-DG added to the cultures with low maximum viable cell density 

(VCD) (Figure 5.6 C). This suggests a strong correlation of lactate and pH but not 2-DG 

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 lactate (6 g L-1), and high 
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2-DG concentration (1 mM). This is not surprising, as a low pHe and high extracellular 

lactate concentration inhibits the efficient secretion of lactate from the cells as was 

suggested by previous analysis covered herein and by others (Hu et al., 2017). The lactate 

profiles of those cultures are flat or show a little consumption (Figure 5.6 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 comparable proliferation without glucose or fall back on any of the other carbon 

sources (e.g. amino acids, data not shown). 
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Figure 5.6: General culture data for ambr15® DoE experiment. A-C) Viable cell density of all reactors 
coloured by pH set-point (A), initial lactate concentration (B), and 2-DG concentration (C). D-F) Viability 
profiles coloured according to A-C respectively. G-I) lactate profiles coloured according to graphs A-C 
respectively. 

No clear trends can be observed when looking at the VCD, viability and lactate 

profiles of the cultures when coloured by the respective 2-DG concentrations they were 

exposed to. This suggest low to no obvious effect of that particular factor. In order to get 

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

Before performing any statistical analysis, the data (47 vessels) was tested for any 

significant outliers based on the main responses: 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 

(Figure 5.7 A) (Quenouille, 1949). Based on that analysis five outliers were detected out 

of which two were actual outliers, i.e. the cultures performed significantly differently from 

their repeats (Table 5.2 CS1-9 and CS3-11), and three required 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 points were left 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 seen in Figure 5.7 B). 

 

Figure 5.7: 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 points in total). C) 
Univariate statistics for six major responses to be evaluated. LP and LC phase correspond to rates between 
days 2 ς 4 and 6 ς 7 respectively. 

The data can be summarised by univariate analysis regarding variance, minimum, 

maximum and range of the responses (Figure 5.7 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 culture (LP phase) compared to the later stages (LC) as is evidenced by 

the ranges for qLac and qGlc becoming smaller throughout. Additionally, the specific 

uptake rate of lactate is higher in the LP phase for the LC phase. Similarly, the maximum 

qGlc during the 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 responses (Table 5.5) five pairings were 

found to have a significant correlation term, comprising two negative and three positive 

correlations. The specific glucose uptake rates (qGlc) were statistically significantly 

(p = 0.0003) negatively correlated with the specific lactate exchange rates (qLac). This is 

in agreement with previous studies (Mulukutla et al., 2012, 2016). Peak lactate 

concentration within the first nine working days positively correlates with qLac during the 

LP phase. This suggests that even cultures with a high initial lactate concentration (6 g L- 1) 

secrete lactate at high rates. The peak lactate concentration correlates even better with 

qLac in the LC phase. Under the tested conditions the data also suggests that a high qLac 

in the early stages, just like qGlc, correlates with integral viable cell density (iVCD). 

Table 5.5: Multivariate analysis of the main DoE responses. Pairwise correlation analysis was 
performed between all mentioned responses. A correlation of 1 meaning fully positively correlated and -1 
fully negatively correlated with one another. Correlation probability indicates statistical significance of a 
particular pairing (₫ Ґ лΦлрύΦ 
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In order to obtain a better understanding of the how the different responses 

interact with one-another, 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. 

5.4.2.3 Response 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 provides a leaner 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 re-evaluated until no more outliers were 

detected. Consequently, the draft model was checked for normality of the data using the 

Box-CƻȄ ǘǊŀƴǎŦƻǊƳŀǘƛƻƴ ŀƴŘ ǘǊŀƴǎŦƻǊƳŜŘ ƛŦ ˂ < 0.8 ||  ˂  >1.2. Once the final models were 

built, they were evaluated for variance explained by the model in comparison to total 

variance of the data. Models with a predicted R2, adj. R2 and predicted residual error sum 

ƻŦ ǎǉǳŀǊŜǎ όtw9{{ύ җ 0.5 were considered to explain enough of the variance to be taken 

forward. Two out of the size presented models have a statistically significant lack-of-fit 

(iVCD and Titre Table 5.7). The lack-of-fit statistics is a function of the experimental error 

variance and residual variance (Lazic, 2004). While a lack-of-fit may be resolved by 

increasing the polynomial degree of the model when possible. However, this was not 

possible for the presented models. Despite the lack-of fit for the iVCD and titre RSM, they 

showed have a high R2, adjusted R2 and PRESS. This gives confidence in the predictability 

of the observed variance in the data. All models considered are shown in Figure 5.8 and 

Figure 5.9. 

WitƘƛƴ ǘƘŜ ŜȄǇŜǊƛƳŜƴǘŀƭ ǊŀƴƎŜǎ ǘŜǎǘŜŘ ǘƘŜ ƎǊƻǿǘƘ ǊŀǘŜ ˃ ŘǳǊƛƴƎ ǘƘŜ [t ǇƘŀǎŜ ό˃LP) 

is directly impacted by the pH and initial lactate concentration (Figure 5.8 A). With 

decǊŜŀǎƛƴƎ ƛƴƛǘƛŀƭ ƭŀŎǘŀǘŜ ŎƻƴŎŜƴǘǊŀǘƛƻƴ ŀƴŘ ƛƴŎǊŜŀǎƛƴƎ ǇIΣ ˃LP increases. Faster 

proliferation rates at higher pH set-points were observed before by other researchers 

independently (Liste - Calleja et al., 2015; Osman et al., 2001; Ozturk & Palsson, 1991; 

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

al., 2017; Konakovsky et al., 2016). Additionally, an interesting hypothesis regarding the 

dependence of cell proliferation on pH was proposed by Moreira et al. (2016). They 

hypothesize that higher pHi has an effect on histone acetylation which in return affects 

gene transcription, in particular transcription of genes related to proliferation. 

Interestingly, the model suggests that at the highest pH set-point and lowest initial lactate 

concentration (7.2, 1.0 g L-1ύΣ ˃LP 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 increases (Konakovsky et al., 2016). 
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Figure 5.8: Response surface models (RSM) for selected responses. All models shown (A-F) have a R2 
and adj. R2 > 0.5. All terms included in the models are statistically significant (₫ Ґ лΦлрύΦ bƻƴ-significant main 
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 
ƛƴŦƻǊƳŀǘƛƻƴ ŎǊƛǘŜǊƛƻƴ ό.L/ύ ǾŀƭǳŜΦ !ύ DǊƻǿǘƘ ǊŀǘŜ ˃ ƛƴ ǘƘŜ [t ǇƘŀǎŜ ό˃LP) B) Specific lactate rate in the LP 
phase (qLacLPύΦ /ύ DǊƻǿǘƘ ǊŀǘŜ ƛƴ ǘƘŜ [/ ǇƘŀǎŜ ό˃LC). D) Specific glucose uptake rate in the LP phase (qGlcLP). 
E) iVCD until day 9. F) Final titre. Corresponding statistics are shown in Table 5.6 and Table 5.7. 
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Lower pHe 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 

compared to cells grown at high pHe ǎƘƻǿƛƴƎ ƘƛƎƘ ˃LPΣ ōǳǘ ƭƻǿŜǊ ˃LC as they enter 

stationary phase sooner (Figure 5.8 C). Similar findings were presented by Martínez-

Monge et al. (2018) where pH-controlled 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 6.75. During later stages of the experiment the uncontrolled pH cultures showed 

increased growth rates compared to the pH-controlled cultures. There is an interaction 

ōŜǘǿŜŜƴ ǇI ŀƴŘ ƛƴƛǘƛŀƭ ƭŀŎǘŀǘŜ ŎƻƴŎŜƴǘǊŀǘƛƻƴ ǿƘŜǊŜ ǘƘŜ ƳŜŀǎǳǊŜŘ ǊŜǎǇƻƴǎŜǎΣ ˃LPΣ ˃LC and 

iVCD (Figure 5.8 A, C and E respectively), were more sensitive to the initial lactate 

concentration at lower pH set-points (6.8) compared to higher pH set-points (7.2). This 

may be due to the difference in scale between lactate, linear, and pH, log-scale. Highest 

iVCD values are modelled to be at pH 7.0 and initial lactate concentration of 1.0 g L-1 

(Figure 5.8 E). 
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Figure 5.9: Response surface models (RSM) for selected responses. Models shown here had 2-DG as 
a significant factor in the least squares analysis. The models shown here for final titre and qLacLP correspond 
to the models shown in Figure 5.8 F and B respectively. 

The RSM for qLacLP (Figure 5.8 B) suggests increased lactate secretion at high pH 

(7.2) and low initial lactate concentrations (1 g L-1). This observation is in accordance to 

the hypothesised effect of the two factors and is in accordance with previous findings 

(Ivarsson et al., 2015). This is likely to be caused by the proton and lactate gradient across 

the cell membrane governing the secretion potential of the monocarboxylate 

transporters (MCTs) (Counillon et al., 2015; Draoui & Feron, 2011; Hartley et al., 2018). 

Complementary to the qLacLP RSM is the qGlcLP RSM which models the specific glucose 
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consumption rate inversely to the specific lactate rates (Figure 5.8 D) which is in 

accordance with the stated hypothesis as well as independent research findings (Hu et al., 

2017; Konakovsky et al., 2016; Mulukutla et al., 2012). The interaction effect of pH and 

ƭŀŎǘŀǘŜ ƻōǎŜǊǾŜŘ ŦƻǊ ˃LP shows only a slight decrease in the growth rate between low initial 

lactate concentrations (1 g L-1) and medium pH set-point (7.0) to high pH set-point (7.2) 

(Figure 5.8 A). Looking at the response surface model for qLacLP (Figure 5.8 B), the design 

space points of high pH set-point, high initial lactate concentration (7.2,6.0 g L-1) and 

medium pH set-point and low initial lactate concentration (7.0,1 g L-1) share a similar 

specific lactate rate of approx. 125 pg cell-1 day-1. 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 volumetric titre within the tested design space was the highest at high pH and 

low initial lactate concentration (7.2, 1.0 g L-1) (Figure 5.8 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 and platform process tested 

here. While high volumetric titres are desirable, product quality needs to be taken into 

account (Rathore et al., 2015). 

Table 5.6: R-squared, adjusted R-squared and predicted residual error sum of squares (or predicted 
R-squared) for the models shown in Figure 5.8 and Figure 5.9.  

 R2 Adj. R2 PRESS 

iVCD 0.94 0.93 0.93 

L˃P 0.91 0.90 0.88 

L˃C 0.67 0.65 0.62 

qLacLP 0.96 0.95 0.95 

qGlcLP 0.55 0.53 0.50 

Titre 0.92 0.91 0.89 

The specific lactate rate during the LP phase (qLacLP) and the final titre are the only 

two responses where the levels of 2-DG had a statistically significant effect (Figure 5.9). In 

general 2-DG did not have the expected impact on the glucose metabolism. This is 

evidenced by the lack of 2-DGs significance in the RSM for qGlcLP (Table 5.7). While the 

explained variance in the data by the qGlcLP is the lowest among all presented models 

(Table 5.6), it does agree with the hypothesized and expected effects of qGlcLP increasing 

with lower initial lactate concentrations and higher pH (Liste-Calleja et al., 2015). A 
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potential reason for the low predictive power of the qGlcLP model is that the calculations 

of the specific rates are neither straightforward nor precise due to the continuous feeding. 

Feeding volumes of the concentrated feed are very small (< 30 ˃ [ ŀŘŘƛǘƛƻƴǎύ ŀƴŘ ǘƘŜ 

slightest pipetting error may have a substantial impact on the calculated values potentially 

explaining the increased variance seen here. 

Surprisingly, the RSM for qLacLP suggests that increased concentrations of 2-DG, 

especially at higher pH set-points, increases the secretion of lactate (Figure 5.9 B). This is 

contrary to what was hypothesized. Originally 2-DG was added to reduce glucose uptake 

rates; this has clearly failed as no significant correlation between the glucose uptake rates 

and the 2-DG concentrations could be shown. Furthermore, the final titre of the cultures 

seems to be impacted by the different 2-DG concentrations where increased 2-DG 

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 2-DG 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 qLacLP and final titre. 
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Table 5.7: ANOVA, Lack-of-Fit statistic and effect test statistics for modelled responses shown in 
Figure 5.8 and Figure 5.9. 

 

Based on the data analysis of the DoE the strongest effects on any of the tested 

responses were exhibited by pH and initial lactate concentration. 2-DG 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 intra- and extracellular space. The cultures seem to be unable to 

sufficiently secrete lactate at low pHe and high extracellular lactate conditions. Combined 

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 strongly influence 

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; Hartley et al., 2018; Wilkens et al., 2011). Due to the apparent 

accumulation of pyruvate any enzymatic equilibrium having pyruvate as substrate will 
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favour conversion/consumption of pyruvate. This re-direction is mainly directed towards 

lactate via LDH. The choice for LDH as main metabolic sink for pyruvate may have various 

reasons as extensively discussed in many reviews (Hartley et al., 2018; Liberti & Locasale, 

2016; Young, 2013). One of the potential reasons suggested by the results presented in 

Chapter 4, is redox balancing within the cell (Konakovsky et al., 2016; Nolan & Lee, 2011). 

Furthermore, LDH is a very fast acting enzyme (Hu 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 and NADH/NAD+ 

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 intra- and extracellular space forces lactate out of the 

cells. The higher the initial lactate and or proton concentration in the extracellular space 

ǘƘŜ ƳƻǊŜ ƭŀŎǘŀǘŜ ǿƛƭƭ ŀŎŎǳƳǳƭŀǘŜ ƛƴǘǊŀŎŜƭƭǳƭŀǊƭȅΦ Lƴ ǎǳŎƘ άŜȄǘǊŜƳŜέ ŎƻƴŘƛǘƛƻƴǎ ƭŀŎǘŀǘŜ Ƴŀȅ 

accumulate to toxic levels within the cell resulting in poor culture performance. This can 

be seen for all conditions run at pH = 6.8 and initial lactate concentrations of 6 g L-1. 

However, high pHe (i.e. low extracellular proton concentration) results in a lower 

accumulation limit within the cell before it can secrete lactate (pH = 7.2, initial lactate 

conc. = 6 g L-1). When pyruvate cannot be re-directed towards the fast acting LDH enzyme 

due to proton and lactate gradients, pyruvate accumulates creating a bottleneck all the 

way to the uptake of glucose (Figure 5.1). Therefore, proton and lactate gradient could 

potentially be the determining factor of the glycolytic fluxes and therefore the uptake rate 

for glucose as was hypothesised by Konakovsky et al. (2016). 

5.5. Conclusion 

The experiment presented in this chapter was aimed at evaluating several aspects 

of lactate metabolism in mammalian cell cultures. An initial pre-study evaluating suitable 

2-DG concentrations for reducing glucose uptake to reduce glycolytic fluxes suggested 

ranges up to 1.0 mM (Figure 5.5). However, effects from 2-DG on the metabolism, 

especially glucose uptake, were not statistically significant as expected (Table 5.7 and 

Figure 5.9). Increasing 2-DG concentrations in future experiments may yield better results. 

A repeat of the experiment increasing the 2-DG ranges may potentially help in seeing the 
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desired effects. Additionally, multiple bolus additions of 2-DG 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 (Paredes et al., 1999). 

Six statistically significant models were presented that were ŀōƭŜ ǘƻ ŎŀǇǘǳǊŜ җ 50% 

of the variance within the tested responses (Table 5.6 and Figure 5.8). High pH set-points 

(7.2) and low initial lactate concentrations (1.0 g L-1) resulted in high glucose uptake and 

lactate secretion rates during the LP phase (Figure 5.8 B and D). The observed metabolic 

effect is likely due to the proton gradient favouring secretion of lactate 

(Hertz & Dienel, 2004). Additionally, higher pHe favoured cell proliferation in the LP phase 

whereas lower pHe resulted in prolonged growth (Figure 5.8 A and C). Culture 

performance was severely compromised when the secretion of lactate was prevented by 

low pH set-point (pH = 6.8) and high initial extracellular lactate concentration (6 g L-1). 

Considering the impact lactate metabolism seemed to have on growth, it is fair to assume 

that lactate production and subsequent ability to secrete lactate underlies a threshold 

(~125 pg cell-1 day-1) 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 lactate secretion is 

directly linked to glucose uptake and therefore glycolytic fluxes (Figure 5.1). Additionally, 

it was shown that the lactate secretion and uptake is dependent on the lactate and proton 

gradient across the cell membrane (Figure 5.8 B). The reduced process performance 

regarding growth 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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Metabolic Engineering of Lactate Metabolism 

In Chapter 5 a design of experiments (DoE) approach was employed to evaluate the 

effects of initial lactate concentration, pH set-point, and 2-deoxy-D-glucose (2-DG) 

concentration (a GLUT1 inhibitor) on lactate metabolism and overall culture 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 perturbations will have an effect on 

other aspects of cellular metabolism which often obscure the effects under investigation. 

Therefore, following the proof-of-concept investigation (Chapter 5) of the model-based 

hypotheses generated within this thesis (Chapter 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 as the Warburg-effect, has been under 

investigation for decades (Warburg, 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 (LDH). Subsequent secretion of 

lactate into the extracellular space occurs via monocarboxylate transporter 1 (MCT1) with 

concomitant symporting of a proton (Draoui & Feron, 2011). The accumulation of lactate 

above certain levels is toxic to the cells and results in poor process performance 

(Fu et al., 2016). Lots of research has been conducted in an effort to control or prevent 

the accumulation of lactate (Hartley et al., 2018). There are two main strategies that 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. knock-in, knock-out, and knock-down of relevant enzymes and/or 

pathways) (Torres et al., 2018). 

Variation of process parameters during the manufacturing process, such as the 

introduction of temperature shifts or changes in media formulation, are 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 ingredient in cell 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 mitochondria (Xu et al., 2018; Yuk 

et al., 2014; Zeng et al., 2007). The link between oxidative metabolism and the shift in 

lactate metabolism has been made before by independent researchers (Luo et al., 2012; 

Templeton et al., 2017; Zagari et al., 2013b). Copper is believed to enhance oxidative 

metabolism hence could support the shift from lactate production to consumption 

(Hartley et al., 2018; Luo et al., 2012; Zeng et al., 2007). However, fine-tuning the copper 

concentration for optimal process performance is highly cell type and clone dependant. 

This was shown by Luo et al. (2012) where they cultivated two 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 media formulation changes include lactate 

feeding (Freund & Croughan, 2018; J. Li et al., 2012) and the supplementation of other 

alternate carbon sources including maltose (Leong et al., 2017), fructose 

(Inoue et al., 2010; Xu et al., 2016) and galactose (Wilkens et al., 2011). 

Besides changes in media formulation, changes in other 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, 

Gagnon et 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 taken by Konakovsky et al. (2016) 

where they a minimum glucose feeding strategy with a high pH set-point of 7.4 resulting 

in high glycolytic fluxes yet minimizing lactate secretion almost completely. As was shown 

in the previous chapter (Chapter 5) and other research groups, the pH has a significant 
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impact on cell metabolism (Ivarsson et al., 2015; Zalai et al., 2015). Hwang et al. (2011), in 

addition to varying pH set-points, investigated the effect of varying temperature set-

points on the productivity of a flag-tagged cartilage oligomeric matrix protein 

angiopoietin-1 (FCA1) producing CHO cell line. They observed an increase in culture 

longevity and specific productivity yielding four times as much product with a pH set-point 

of 7.2 and a temperature of 33°C compared to a pH set-point 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 

(Luo et 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 listed in Table 6.1. 

Table 6.1: Overview of metabolic engineering efforts made to date in an effort to reduce, minimize 
or eliminate lactate metabolism in CHO cells. 

Metabolic engineering 
target 

Desired effect Reduction 
in lactate 

Reference 

Overexpression of GLUT5 
fructose transporter 

Enable enhanced uptake abilities for 
fructose to grow in fructose instead of 
glucose media. Reduced lactate formation. 

Not 
mentioned 

Inoue et al., 2010 

Dynamic expression of 
GLUT5 fructose transporter 

Enable dynamic expression of GLUT5 in 
order for the cells to express it only when 
needed in an effort to preserve resources. 
Reduced lactate formation. 

Yes Le et al., 2013 

Knock-out of LDH-A gene Eliminate lactate formation in PDHK 1,2,3 
knock-down cells 

No Yip et al., 2014 

Single allele knock-out of 
LDH-A 

Reduce LDH-A expression and therefore 
lactate formation 

Yes Wilkens et al., 2019 

Knock-down of LDH-A gene Reduced LDH-A expression and therefore 
lower LDH activity ultimately resulting in 
reduced lactate formation. 

Yes Chen et al., 2001 

Down regulation of LDH-A 
with siRNA  

Reduced LDH-A expression. Reduced lactate 
formation. 

Yes Kim & Lee, 2007a 

Down regulation of LDH-A 
with antisense RNA  

Reduced LDH-A expression. Reduced lactate 
formation. 

Yes Jeong et al., 2001 

Down regulation of LDH-A 
with shRNA 

Reduced LDH-A expression. Reduced lactate 
formation. 

Yes Noh et al., 2017 

Knock-in of human 
pyruvate carboxylase (hPC)  

Redirection of pyruvate towards 
oxaloacetate and subsequent incorporation 
into the TCA. 

Yes Irani et al., 1999; Kim 
& Lee, 2007b 
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Metabolic engineering 
target 

Desired effect Reduction 
in lactate 

Reference 

Knock-down of LDH-A and 
pyruvate dehydrogenase 
kinase (PDHK) 

Redirect pyruvate towards acetyl-CoA and 
subsequent incorporation into the TCA. 
Reduce lactate production and PDH 
inhibition through PDHK 

Yes Zhou et al., 2011 

Overexpression of LDH-C  Change of LDH isomer ratio towards LDH-C 
(preferred substrate lactate) to favor 
lactate consumption over production 

Yes and 
alleviated 
apoptosis  

Fu et al., 2016 

Overexpression of PYC2  Conversion of pyruvate to oxaloacetate and 
subsequent being incorporated in the TCA. 

Yes Toussaint et al., 2016 

Overexpression of PYC2  Conversion of pyruvate to oxaloacetate and 
subsequent being incorporated in the TCA. 

Yes Fogolín et al., 2004 

Overexpression of CHO 
codon optimized PYC2  

Conversion of pyruvate to oxaloacetate and 
subsequent being incorporated in the TCA. 

Yes Gupta et al., 2017 

Overexpression of MDH II  Reducing overflowing metabolism as they 
found accumulation of malate in cell culture 
supernatant 

Yes Chong et al., 2010 

Overexpression of PYC2, 
MDH II, and GLUT5 

Evaluation of differences between changes 
on metabolism. Reduced lactate 
production. 

Yes Wilkens & Gerdtzen, 
2015 

 

Intuitively, the first target for genetic engineering when trying to manipulate lactate 

metabolism is LDH enzyme itself. Possible approaches include down-regulation of LDH in 

an effort to reduce flux from pyruvate to lactate (Chen et al., 2001; Jeong et al., 2001; 

Kim & Lee, 2007a), changing the isomer configuration of LDH to favour lactate 

consumption (Fu et al., 2016), or knocking LDH out completely (Yip et al., 2014). While 

knocking LDH-A out completely has proven to be lethal for the cells (Yip et al., 2014), 

knocking LDH-A down has resulted in lower lactate production, better growth and even 

higher productivities (Chen et al., 2001; Jeong et al., 2001; Kim & Lee, 2007a). Other 

approaches have targeted glycolytic flux by replacing glucose with fructose as main 

carbon source and overexpressing the fructose specific GLUT5 transporter protein 

(Inoue et al., 2010). This approach only yields significantly improved lactate profiles when 

expressed dynamically (Le et al. 2013) as otherwise, when expressed constitutively, 

excess carbon also gets converted to lactate. Tabuchi & Sugiyama (2013) cooverexpressed 

alanine aminotransaminase 1 (ALT1) and taurine transporter (TAUT) in CHO cells in an 

effort to increase product yield. They observed a final volumetric titre increase in 

shakeflask and 1 L bioreactor cultures of 18% compared to control cultures. While they 

did not intend to alter lactate metabolism, they observed decreased lactate and ammonia 

accumulation in the supernatant. 
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The approaches discussed above and summarised in Table 6.1 have all targeted the 

production of lactate with varying levels 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 lactate, (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. Experimental and modelling analysis (Chapter 4 and 5) 

as well as literature have suggested that the excessive production of lactate is due to LDH 

acting as a redox sensor re-establishing the redox balance within the cell (Hartley et al., 

2018; Nolan & Lee, 2011). As high glycolytic fluxes off-set the NAD+/NADH ratio of the cell, 

LDH is hypothesised to counter the off-set ensuring homeostasis. During the later stages 

of the culture, when glycolytic fluxes reduce, NAD+/NADH ratios allow for re-consumption 

of lactate. Herein, a metabolic engineering approach that will introduce an alternative 

metabolic route for the cell to replenish the NAD+ pool using pyruvate as a substrate is 

presented. L-alanine dehydrogenase (ALD) (E.C. 1.4.1.1) is a non-native enzyme for 

mammalian cells and catalyses the following reaction: 

 ὔὃὈ Ὄὕ ὒ ὥὰὥὲὭὲὩ ὴώὶόὺὥὸὩ ὔὃὈὌ Ὄ ὔὌ    (R6.1) 

Similar to LDH, ALD is an enzyme which is able to operate bi-directionally producing 

or consuming pyruvate, NADH, Ammonia and a proton. The advantage of this enzyme lies 

in the fact that in addition to consuming NADH and replenishing the cytosolic NAD+ pool, 

it also consumes ammonia. Ammonia is also known to accumulate extracellularly in 

mammalian cell bioprocesses and can have a negative impact on culture performance 

when exceeding certain concentrations (Zhang 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 transfect a GS-CHO cell line expressing a monoclonal antibody with 

a DNA vector containing the genetic sequence for the L-alanine dehydrogenase enzyme. 

Subsequently the transfection pools were run in the ambr15® miniature bioreactor 
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system and compared to the parent cell line in regards to ammonia and lactate profiles 

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

¶ Identification of appropriate sequence for ALD gene and homology 

(temperature, pH, and co-factor dependence). 

¶ Construction of a linearized ALD carrying plasmid for transfection 

¶ Transfection of the parent cell line and subsequent recovery under selection 

pressure. Verification of ALD expression through qPCR. 

¶ Comparison of newly transfected clone against parent cell line and 

appropriate controls (null vector transfectant).  

¶ 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 vector 

The sequence for L-alanine dehydrogenase (ALD) originates from Mycobacterium 

tuberculosis (Table 6.2) 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, necessary co-factors as well as for any potential 

inhibitors present in cell culture media (Ågren et al., 2008; Hutter & Singh, 1999). Optimal 

pH for ALD was determined to be between 10 and 11 for the oxidative deamination and 

between 7 and 7.5 for the reductive amination (Hutter & 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 reported to be 

approximately 7.2 (Casey et al., 2010; Malhotra & Casey, 2015). The sequence was codon 

optimized in order to favour expression and translation in CHO cells preventing protein 

synthesis slowdown (Kim et al., 1997). Organism specific rare codons were exchanged 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 ordered through the 

DŜƴŜ!Ǌǘϰ ǇƭŀǘŦƻǊƳ ό¢ƘŜǊƳƻCƛǎƘŜǊ {ŎƛŜƴǘƛŦƛŎΣ ²ŀƭǘƘŀƳΣ a!Σ ¦{!ύ ŀƴŘ ǿŜǊŜ ŦƭŀƴƪŜŘ ōȅ ŀ 
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IƛƴŘLLL ŀƴŘ ŀƴ !ǇŀL ǊŜǎǘǊƛŎǘƛƻƴ ǎƛǘŜΦ ¢ƘŜ DŜƴŜ!Ǌǘϰ ǾŜŎǘƻǊǎ ǿŜǊŜ ŦǊƻƳ ǘƘŜ Ǉa· ǎŜǊƛŜǎ ŀƴŘ 

originates from pUC based cloning vectors. 

 

Table 6.2: GeneID and sequence information of L-alanine dehydrogenase. 

Organism of origin: Mycobacterium tuberculosis (strain ATCC 25618 / H37Rv) 

UniProt ID: P9WQB1 (DHA_MYCTU) 

Sequence: AAC38804.1 (in U92572.1 where AAC38804.1 is the CDS) 

GeneID: 888493 

KGGG: mtu:Rv2780 

Enzyme name L-alanine dehydrogenase 

E.C.: 1.4.1.1 

Enzyme weight: 40 kDa 

Sequence length (bp): 1116 

Sequence length (aa): 371 

 

!ǎ ǘǊŀƴǎŦŜŎǘƛƻƴ ǾŜŎǘƻǊ ǘƘŜ ǇŎ5b!ϰоΦмκIȅƎǊƻ(+) (pcDNA) Mammalian Expression 

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 contains a SV40 origin for episomal 

replication, hygromycin resistance (HygR) for selection in mammalian hosts, and ampicillin 

resistance (AmpR) and pUC origin for selection and maintenance in E.coli. With all the 

individual components in place the cloning procedure followed the protocol outlined 

below: 

¶ wŜƘȅŘǊŀǘƛƻƴ ƻŦ ōƻǘƘ ǾŜŎǘƻǊǎ όDŜƴŜ!Ǌǘϰ ŀƴŘ ǇŎ5b!ύ ƛƴ рл µL H2O 

¶ 5ƛƎŜǎǘƛƻƴ ƻŦ DŜƴŜ!Ǌǘϰ ŀƴŘ ǇŎ5b! ǾŜŎǘƻǊ ǿƛǘƘ IƛƴŘLLL ŀƴŘ !ǇŀL 

¶ Gel separation and extraction of insert (ALD and ALD_V5) and cut pcDNA 

¶ Cleaning of vector and inserts via column (Wizard® SV Gel and PCR Clean-Up 
System, Promega, Madison, WI, USA) 

¶ Ligation of insert and vector 

¶ E.coli transfection, recovery and plating out on Amp+ plates 

¶ Picking half of the colonies for colony PCR (checking if transfected cells contain 
vector with insert) 

¶ Remaining colonies used for starter culture in 5 mL LB media 

¶ Overnight (ON) culture to accumulate constructs 

¶ MAXIPREP harvesting of DNA constructs from E.coli cultures (HiSpeed® Plasmid 
Maxi Kit, Qiagen, Hilden, Germany) 
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¶ NanoDrop 1000 (Thermo Fisher Scientific, Waltham, MA, USA) to measure DNA 
concentration 

¶ Linearize purified plasmid ON 

¶ Precipitate plasmid, storage in TE at 400 µg µL-1, and check on 1% agarose gel 
 

A gel 1% agarose gel of all created constructs verifying the inclusion of the inserts 

can be seen in Appendix IV (section 1.12 Figure A18). In total three linearized constructs 

were created for transfection: 

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

 
 

  
Figure 6.1: Vector map of pcDNA3.1Hygro+ vector constructs A) empty pcDNA3.1Hygro+ vector B) 

pcDNA3.1Hygro+ with ALD C) pcDNA3.1Hygro+ with ALD-V5. 

 

6.3.2 Transfection of GS-CHO cells with ALD bearing and control vectors 

¢ƘŜ ǘǊŀƴǎŦŜŎǘƛƻƴ ǿŀǎ ŘƻƴŜ ōȅ ŜƭŜŎǘǊƻǇƻǊŀǘƛƻƴ ŀǎ ǇŜǊ [ƻƴȊŀΩǎ {ht ŦƻǊ ǘƘŜ ƎŜƴŜǊŀǘƛƻƴ 

of transfectant pools. Two GS-CHO cell lines producing the cB72.3 antibody were used for 
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the transfecǘƛƻƴΣ о/мл ŀƴŘ 9ннΦ .ƻǘƘ ŎŜƭƭ ƭƛƴŜǎ ǿŜǊŜ ǊŜǾƛǾŜŘ ŀǎ ǇŜǊ [ƻƴȊŀΩǎ {ht ŀƴŘ 

cultured for a minimum of 4 days and a maximum of 3 weeks before transfection. The 

cells were expanded into 2 x 1 L roller bottles (RB) with a working volume of 200 mL 

(proprietary media). Each cell line was transfected three times with each one of the 

constructs (ALD, ALD-V5, and null vector) plus three negative controls (Figure 6.2). 

Approximately 1 x 107 cells mL-1 (in 0.7 mL) were used per individual transfection in a 

sterile single use electroporation cuvette together with 0.1 mL of TE containing 40 µg of 

DNA (construct). After electroporation of the cells the whole content of the cuvette was 

added to 20 mL pre-heated proprietary media mix. The cells were incubated in a static 

incubator for 24 hrs @36.5°C and 10% CO2. After 24 hrs 5 mL of the proprietary media 

containing either 2.5 or 3.75 mg mL-1 of hygromycin were added to reach a final 

concentration of 500 or 750 µg mL-1 respectively. Two hygromycin concentrations were 

used to ensure sufficient selection pressure. Ranges were chosen based on suppliers 

recommendations as well as relevant scientific literature (Blochlinger & Diggelmann, 

1984). 

The cells were monitored periodically (every 2 - 3 days) measuring VCD and viability. 

The media was changed after 7 days in order to replenish nutrients as well as reinforce 

the selection pressure through fresh hygromycin. Media exchange was done by 

transferring the culture into 50 mL conical centrifugation tubes, centrifuged at 300 g for 

10 min (Centrifuge 5804, Eppendorf, Hamburg, Gemrany) and resuspended in 25 mL 

proprietary media supplemented with the respective amount of hygromycin 

(2.5 or 3.75 mg mL-1). The control transfection with Tris-EDTA buffer (TE) was monitored 

for cell survival until no significant number of live cells were present anymore (generally 

after 14 days) after which the pools are considered stable and can be transferred to 

shakeflasks for routine subculturing. 
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Figure 6.2: Transfection overview. Two different cell lines (E22 and 3C10) were used and transfected 
three times for each construct/control. After transfection cells were cultured in T75 flasks in 20 mL 
proprietary media for 24 hrs before adding the 5 mL of additional media supplemented with the section 
pressure agent, hygromycin. 

 

6.3.3 Culture conditions 

In order to evaluate whether the transfection resulted in any metabolic changes, 

ǘƘŜ ǘǊŀƴǎŦŜŎǘŀƴǘ Ǉƻƻƭǎ ǿŜǊŜ Ǌǳƴ ƛƴ ǘƘŜ ŀƳōǊмрϯ όпу ǾŜǎǎŜƭǎύ ǿƛǘƘ [ƻƴȊŀΩǎ ǇƭŀǘŦƻǊƳ ǇǊƻŎŜǎǎ 

(detailed information in materials and methods section of Chapter 5). A total of 18 

transfectant pools, comprising a triplicate for each construct and 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 3C10 non-transfected) as a 

technical triplicate. This results in a total of 36 ambr15® vessels (Figure 6.3). 
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Figure 6.3: Experimental conditions for testing and comparing ALD transfected cells. In total 36 
vessels are to be run under normal process conditions including technical and biological replicates. 

The remaining 12 vessels of the ambr15® were used for additional experimental 

conditions. These were empirically designed in order 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 LDH-A (over LDH-B) have been 

linked with: (a) non-specific inhibition of other dehydrogenases (oxamate) 

(Valvona & Fillmore, 2018), (b) inhibition of other glycolytic enzymes, or even (c) other 

cytotoxic effects (FX11) (Le et al., 2010). Secretion of lactate is, at least to an extent, 










































































































































































































































































