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Abstract 
Biotechnology can be defined by the use of biological processes, organisms, or systems to 

manufacture products intended to improve the quality of human life. At the forefront of 

biotechnology, Chinese Hamster Ovary (CHO) cells have been studied and cultured for 60 

years, to now become the most important cell line used for the production of therapeutic 

proteins, including monoclonal antibodies. As antibody therapies require large doses over a 

long period of time, manufacturing capacity becomes an issue and improvements are still 

needed to decrease time and effort associated to bioprocess development, despite great 

advances in terms of protein yields. Since productivity levels are currently met by iterative 

empirical approaches, which are both time consuming and costly, there is a drive for a deeper 

understanding of the cellular characteristics of the host cell. In this context, mathematical 

models provide promising applications in guiding experimental work at reduced cost and 

reduced time of tedious laboratory experiments. The first publication of CHO genome 

sequences in 2011 allowed a better interpretation of the results in all the omics fields, such 

as proteomics, transcriptomics and metabolomics. Combined together, all this information 

allowed for the reconstruction of detailed genome-scale models, which represent innovative 

tools that became available by the start of this thesis, and thus were never applied to CHO 

cells in the context of industrial bioprocesses. 

In this thesis, the development of a curated genome-scale model is reported, which aims at 

gaining an in-depth knowledge of cellular metabolism in different biopharmaceutical 

production conditions. The core of this thesis is revolved around the development, validation 

and application of a reliable metabolic network model of CHO cells. A genome-scale model 

was carefully curated and adapted to the phenotype of industrially relevant cell lines. Several 

cell lines were modeled to characterize their metabolic differences and signatures at different 

stages of the process. A detailed description of their metabolism is provided, and is compared 

to experimental measurements that were used to refine the model and support predicted 

intracellular states. As a final milestone, the model was used to provide cell line engineering 

targets and to explore the possibility of developing an optimum feeding solution. 

Overall, the results of this thesis illustrate a successful application of a curated metabolic 

model to industrial CHO cell cultures. The curation process realized in the model sheds light 

on metabolic specificities of high yielding cell lines. The actual model is an advanced tool to 

support cell line engineering, and improve the therapeutic production capabilities of CHO cell 

factories. This thesis contributes to accelerate drug development process, in order to reduce 

both manufacturing cost and delivery time to market, which would benefit a broader range 

of patients around the globe. 
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Dansk sammenfatning 
Bioteknologi kan defineres ved brug af biologiske processer, organismer eller systemer til 

fremstilling af produkter, der er beregnet til at forbedre menneskets livskvalitet. I spidsen for 

bioteknologiske cellelinier, er Chinese Hamster Ovary (CHO)-celler blevet studeret i over 60 

år. Dette har gjort dem til den vigtigste cellelinie til fremstilling af terapeutiske proteiner 

herunder monoklonale antistoffer. Da antistoffterapi kræver store doser over en længere 

periode, bliver produktionskapaciteten et problem, og der er derfor stadig behov for at 

reducere tid og kræfter i forbindelse med bioprocesudvikling, på trods af store forbedringer 

med hensyn til proteinudbytte. 

Eftersom produktivitetsniveauerne i øjeblikket opnås via iterative empiriske tilgange, som 

både er tidskrævende og omkostningsfulde, er der en øget efterspørgsel for en dybere 

forståelse af værtscellens cellulære egenskaber. I denne sammenhæng er matematiske 

modeller af metaboliske processer en lovende tilgang til at guide det eksperimentelle arbejde 

og derved reducerer tid og omkostninger. Offentliggørelsen af det sekventerede CHO-genom 

i 2011 tillod en forbedret fortolkning af resultaterne på alle omics-felter, så som proteomics, 

transcriptomics og metabolomics. Ved at kombinere resultaterne fra disse felter er det muligt 

at opbygge en detaljeret genomskala model af alle de biologiske processer. Dette innovative 

værktøj blev først tilgængeligt i starten af denne afhandling og har således aldrig blevet 

anvendt på CHO-celler i forbindelse med industrielle bioprocesser. 

I denne afhandling beskrives udviklingen af en datagenereret genomskala model, hvis mål er 

at få en dybtgående viden om den cellulære metabolisme i forskellige biofarmaceutiske 

produktionsbetingelser. Kernen i denne afhandling omhandler udvikling, validering og 

anvendelse af en pålidelig metabolisk netværksmodel for CHO-celler. En genomskala-model 

blev omhyggeligt genereret og tilpasset fænotypen af industrielt relevante cellelinier. Flere 

cellelinjer blev modelleret for at karakterisere deres metaboliske forskelle og signaturer i 

forskellige stadier af processen. Deres metabolismer er detaljeret beskrevet og sammenlignet 

med eksperimentelle målinger. Disse blev anvendt til at forbedre modellen og understøtte 

forudsagte intracellulære tilstande. Som en endelig milepæl blev modellen brugt til at levere 

genetiske mål for celleoptimering med muligheden for at udvikle en optimal fodringsløsning. 

Samlet set, illustrerer resultaterne i denne afhandling en vellykket anvendelse af en 

datageneret metabolisk model til industrielle CHO-cellekulturer. Data indsamlings- og 

fortolkningssprocessen der realiseres i denne model, kaster lys over metaboliske 

specificiteter i højproducerende cellelinjer. Den egentlige model er et avanceret værktøj til at 

understøtte cellelinjeoptimering og forbedre den terapeutiske produktionskapacitet hos 

CHO-cellefabrikker. Denne afhandling bidrager til at fremskynde 

lægemiddeludviklingsprocessen ved at reducere både fremstillingsomkostninger og 

leveringstid til markedet, hvilket i sidste ende vil gavne et bredt udvalg af patienter over hele 

kloden. 
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Project objectives and methodology 
 

 

The objective of the experimental and modeling efforts presented in the thesis is the 

development and application of an accurate mathematical model to gain deeper 

understanding of cell metabolism. Our modeling approach was challenged with different 

industrial CHO cell lines, based on cell culture datasets. The model was assessed for its 

capacity to simulate intracellular metabolic fluxes, and targets for cell line engineering were 

identified through detailed analysis of in silico and experimental results. 

In the first chapter, I will describe the current status of knowledge on the mammalian cell 

platform and the challenges encountered to improve bioprocesses. Chapter two will discuss 

the adaptation of generic metabolic models to specific cell lines, and the biologically relevant 

cellular traits to consider in genome-scale models. Chapter three will focus on the manual 

curation of the initial genome-scale model published for CHO DG44 cell line. Chapter four will 

demonstrate how this model can be applied to compare metabolic signatures of high and low 

producers, and chapter five will focus on application of the model for medium and process 

optimization. Finally, in chapter six I will present the general conclusion as well as a summary 

of the proposed future work.  
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Chapter 1           

             

Mammalian cell factories for 

biopharmaceutical production 
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1. Recombinant protein expression systems: why mammalian 

cells? 
 

1.1. Definition of therapeutic proteins and commercial stake 

Proteins were selected for clinical use as they have key functional roles to regulate essential 

molecular mechanisms in the body, by catalyzing biochemical reactions, by being able to form 

receptors and transmit signals, and by providing structure and support for cells (Figure 1-1). 

The initial role of proteins was used and derived for healing diseases by choosing a specific 

approach, which can be the replacement of a deficient protein, the enhancement of an 

existing pathway, the supply of a new function, the blockage of a molecule or the delivery of 

a compound or a protein (Leader et al., 2008). Protein-based therapeutics are classified based 

on their molecular types, and include antibody-based drugs, Fc fusion proteins, 

anticoagulants, blood factors, bone morphogenetic proteins, engineered protein scaffolds, 

enzymes, growth factors, hormones, interferons, interleukins, and thrombolytics (Dimitrov, 

2012).  

To date, more than 200 therapeutic proteins have been approved, for which 25% are included 

in the group of monoclonal antibodies and their derivatives. In 2016, the list of the top 15 

best-selling drugs included more than eight biologics, and hundreds of them are in clinical 

trials for therapy of cancers, immune disorders, infections, and other diseases. In 2020, the 

trend will continue, with more than 50% of the top 20 best-selling drugs predicted to be 

biologics (Pohlscheidt et al., 2018).  
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Figure 1-1: Classification of protein therapeutics according to their mode of action, and list 
of some FDA-approved products. 

mAb: monoclonal antibody; IL1: Interleukine 1; EGFR: epidermal growth factor receptor; NS0 and 
Sp2/0: Cell lines originated from mouse myeloma ; CHO: Chinese Hamster Ovary cells. 

 

1.2. Protein expression systems 

As soon as chemical synthesis was considered, it became quickly obvious that it was not a 

viable option for therapeutic protein synthesis due to limited yields for long polypeptides and 

difficulties regarding the assembly of a complex tridimensional structure (Casi, 2003). Back in 

1922, the first protein therapeutic, insulin, was purified from animal pancreases and 

administrated to patients with diabetes. However, high amounts of animal biological fluids 

and plant tissues were required for the purification of small quantities of a given protein 
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(Vieira Gomes et al., 2018). To overcome the limitations imposed by extraction of natural 

sources, recombinant protein production emerged in the 1970s with the first human insulin 

expressed in Escherichia coli (Dimitrov, 2012; Goeddel et al., 1979). Since then, living cells and 

their cellular machinery are harnessed as factories to express proteins from an supplied 

exogenous genetic sequence. Several systems are used for recombinant protein expression, 

which have distinct advantages and challenges. The expression hosts include prokaryotic 

systems like bacteria (E. coli, B. subtilis), and eukaryotic systems such as yeast (S. cerevisiae), 

Fungi (Aspergillus), mammalian cell lines (Chinese hamster ovary), plant cell cultures or insect 

cells (Figure 1-2).  

Bacterial expression systems have the advantage of growing very fast, with a generation time 

ranging from 15 minutes to 1 hour (Powell, 1956), they are easily scalable and can be 

manufactured at low cost thanks to low contamination risks and simple culture conditions.  

 

Figure 1-2: Benefits and drawbacks of the four major in vivo system with respect to their 
capacity for recombinant protein production.  

(retrieved from https://pef.facility.uq.edu.au/protein-expression) 
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However, the major drawback for high-yield production of soluble proteins in bacteria is the 

formation of inclusion bodies, which are defined as clusters of insoluble proteins that 

aggregate in the cytoplasm and periplasm. It is common that overexpression of recombinant 

polypeptides associate with each other to form inclusion bodies (Baneyx and Mujacic, 2004), 

which can be separated by physical means and transformed into the active form by 

solubilization and subsequent refolding (Rinas et al., 2017; Singh and Panda, 2005). However, 

the main limitation that prevent prokaryotes from producing all types of proteins, is that they 

are not equipped with the full enzymatic machinery to accomplish the required post-

translational modifications or molecular folding. Thus, bacterial systems are often used for 

the production of antibody fragments (de Marco, 2011; Koehn and Hunt, 2009), and for 

protein structure determination, with e.g. X-ray crystallography (Gordon et al., 2008; Koehn 

and Hunt, 2009). Bacteria are also used for diverse other applications for marketable goods, 

as biocatalysts for industrial-scale chemical synthesis, environmental clean-up, as the active 

component of a biological detergent, or as a component of a kit for rapid diagnosis. 

For proteins that require significant posttranslational modification, the choice of expression 

systems has to be made between yeast, insect, and mammalian cells. Even though yeast and 

insect cells cultivations have a lower production cost, these hosts produce proteins which N-

linked glycan structures are different than the typical mammalian cells’ proteins. Highly 

glycosylated proteins such as monoclonal antibodies (mAb) require a correct folding and 

glycosylation pattern in order to be biologically active and efficient, otherwise they are simply 

cleared from patient’s body (Alain et al., 2008). The main advantages of mammalian cell 

culture is their ability for protein folding and for production of the most authentic post-

translational modifications compared to human (Zhu, 2012), which facilitates the approval of 

the bioproducts by the Food and Drug Administration (FDA). However, their cultivation is 

expensive in terms of manufacturability and scalability, due to laborious culture conditions 

associated to the requirement for many sub cultivations, medium complexity, low yields and 

little understanding of their metabolism which promotes the use of empirical decisions. As 

mammalian cell’s doubling time ranges from 20 to 32 hours, the production process is 

prolonged with a high risk of failure at each step due to contaminations (Li et al., 2014). Based 

on a standard protocol, the generation of a stable producer cell line and the scaling up to 

bioreactor scale will take approximatively 12 months (Bandaranayake and Almo, 2014). 
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1.3. Mammalian expression systems 

Biomanufacturing processes require cell lines that can grow in suspension culture, that stably 

integrate heterologous DNA and that can express mAbs at high levels with uniform product 

characteristics (Chu and Robinson, 2001). In 1987, the first pharmaceutical drug expressed in 

CHO cells was approved by FDA, tissue plasminogen activator. Since they were considered as 

an acceptable host for therapeutics intended for administration in humans, pharmaceutical 

companies continued using CHO cells and made the expertise and general knowledge grow. 

With time, other rodent- or human-derived cell lines such as murine myeloma 

lymphoblastoid-like cells (NS0 and Sp2/0-Ag14), baby hamster kidney fibroblast cells (BHK-

21), and human embryonic kidney epithelial cells (HEK-293) became acceptable (Zhang, 

2010). 

Despite the availability of many mammalian cell lines, CHO cells are used for the production 

of nearly 70% of all recombinant protein therapeutics and the current annual sales for 

biologics that they produce exceed US$30 billion worldwide (P. Jayapal et al., 2007). 

 

2. Biological background of Chinese Hamster Ovary cells 

2.1. Construction of immortal cell lines 

Chinese hamsters (Cricetulus griseus) are native to the deserts of northern China and 

Mongolia. They were used for the first time for biomedical research in 1919, for typing 

pneumococci. They were first identified as useful models for tissue culture studies due to their 

low chromosome number (2n=22). The first isolation of cells from a Chinese hamster’s ovary 

biopsy in 1957 led to the widespread adoption of this cell line, as it became possible to 

cultivate mammalian cells in vitro with relatively fast generation times (Tjio, 1958).   

In order to prolong the culture time, the cells were modified so that they could proliferate 

indefinitely in culture. The mutations required for immortality or continuous cell lines 

occurred either naturally, by spontaneous occurrence, or were induced using different 

techniques such as virus transformation, chemical induction, transfection with recombinant 

DNA or fusion with permanents cell lines.   
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2.2. Mammalian cell structure 

Mammalian cells are classified as eukaryotes, characterized by the presence of a nucleus and 

membrane-bound organelles where specific activities take place (Figure 1-3). The nucleus 

contains hereditary information, stored in deoxyribonucleic acid (DNA) which are packaged 

into thread-like structures called chromosomes. The genetic information is first transcribed 

from DNA to ribonucleic acid (RNA) in the nucleus. RNA is then exported from the nucleus the 

endoplasmic reticulum (ER), which is directly connected to the nuclear envelope, and is 

translated into a specific protein molecule by molecular machines called ribosomes. The 

proteins synthesized are processed in the Golgi apparatus for attachment of sugar monomers, 

or glycans, following an enzymatic process that is called glycosylation (Alberts, 1994). 

The production of the energy required for cellular functions, in the form of adenosine 

triphosphate (ATP) molecules, is taking place in mitochondria. Additional organelles called 

lysosomes are found in the cytoplasm, which contain digestive enzymes that degrade 

unwanted molecules.  

Each organelle can move within the cell thanks to the cytoskeleton, which is composed of 

interlinking filaments and tubules that extend throughout the cytoplasm. Generally found 

near the nucleus, centrioles are made of tubulin proteins and have a major structural role 

during cell division in animal cells (Alberts, 1994). 

Cell membrane is a semi-permeable phospholipid bilayer, playing an important role in solutes 

trafficking in order to avoid osmotic swelling. Mammalian cells are approximately 10- to 100-

fold larger than microbial cells, and their flexible membrane makes them sensitive to 

pressure, bubble bursting and hydrodynamic shear forces which are reported during a 

bioprocess (Zhang, 2010).  
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Figure 1-3: The structure of a mammalian cell.  
(adapted from (Alberts, 1994)) 

 

2.3. Cellular metabolism 

Metabolism is the sum of a series of enzyme-catalyzed reactions taking place in the cell, which 

constitute metabolic pathways. The organic nutrient molecules, such as carbohydrates, fats, 

and proteins, can be converted into smaller end products by releasing energy in the form of 

ATP and reduced electron carriers (NADH, NADPH, and FADH2). This process is called 

catabolism of molecules, on the opposite of anabolism which is defined by the biosynthesis 

of complex molecules such as lipids, polysaccharides, proteins and nucleic acids from 

precursors. Metabolic pathways are regulated at different levels, (i) by the availability of 

substrate, following Michaelis-Menten law, and (ii) by allosteric regulation through a 

metabolic intermediate or cofactor, which for example can do covalent modification such as 

phosphorylation. Living cells maintain a dynamic steady-state, which means that nutrients 

enter and by-products leave, however the mass composition of a cell does not change 

appreciably over time. At the molecular level, the rate of metabolite flow, or flux, may vary 

considerably in order to maintain the metabolite concentrations constant. Steady-state and 
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thus fluxes can be altered by changes in external environment or energy supply, which will 

trigger regulatory mechanisms intrinsic to each pathway. These mechanisms are all about 

ensuring that the organism will return to a new steady-state, to achieve homeostasis (Nelson, 

2008).   

A typical eukaryotic cell has the capacity to make 30,000 different proteins, and thousands of 

reactions involving many hundreds of metabolites that can be shared in more than one 

metabolic pathway (Figure 1-4). Only 20% of the theoretical capacity for protein production 

is reached for CHO cells, as 6,164 different proteins have been identified in the CHO proteome 

(Baycin-Hizal et al., 2012). 

 

Figure 1-4: Overview of the metabolic pathways in eukaryotic cells.  
Retrieved from the online Kyoto Encyclopedia of Genes and Genomes (KEGG) PATHWAY database 

(www.genome.ad.jp/kegg/pathway/map/map01100.html). 
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2.4. Main carbon sources 

Immortalized cells are proliferating rapidly and thus have increased demand for nutrients 

such as glucose and glutamine to support macromolecular synthesis and sufficient supply for 

doubling cellular mass (Cairns et al., 2011). Fast consumption of glucose has been observed 

for proliferating cells in the presence of oxygen, a phenomenon referred to as aerobic 

glycolysis or the Warburg effect (Kim and Dang, 2006; Vazquez et al., 2010). This elevated 

glycolytic flux is accompanied by production of lactate, which has a negative effect on pH and 

on osmolarity during cell culture (Li et al., 2014), and is not well understood by the scientific 

community, as glycolysis produce two molecules of ATP instead of 36 if glucose was 

completely oxidized in the tricarboxylic acid (TCA) cycle. The proposed functions of the 

Warburg effect have recently been listed (Liberti and Locasale, 2016), such as the possibility 

for the cell of a rapid supply of ATP, and also a considerable supply of reducing equivalents in 

the form of NADH (Nelson, 2008). 

Another important source of energy production consumed by cells is given by amino acid 

catabolism. Different catabolic routes can be activated depending on the amino acid 

availability and their biosynthetic requirement. They all converge to form six major products, 

which enter the TCA cycle (Figure 1-5). Ketogenic amino acids are defined by their ability to 

be degraded into acetyl-CoA and/or acyl-CoA, which are the precursors for fatty acids. Other 

amino acids are glucogenic, since they are degraded to pyruvate, α-ketoglutarate, succinyl-

CoA, fumarate, and/or oxaloacetate which can be converted to glucose and glycogen. 

Essential amino acids that cannot be synthesized do novo by mammalian cells are absolutely 

required in cell culture medium, such as threonine, methionine, lysine, valine, leucine, 

isoleucine, histidine, phenylalanine and tryptophan (Alberts, 1994). 

In mammalian cells, an important coordinator of amino acid availability and cell growth is the 

kinase mechanistic target of rapamycin complex 1 (mTORC1) (Dibble and Manning, 2013; 

Yuan et al., 2013). Its activation depends on amino acid availability. Once active, mTORC1 can 

enhance the consumption of amino acids in protein translation as well as stimulate other 

anabolic processes, including lipid and nucleotide synthesis (Palm and Thompson, 2017). 
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Figure 1-5: Summary of amino acid catabolism.  
(retrieved from (Nelson, 2008)) 

 

2.5. Omics data available with CHO cells 

In the context of intensive use and research performed with CHO cells, this section aims at 

summarizing the main findings and advances obtained at multiple levels of cellular 

information. 

Since the recent development of high throughput technologies for genomic sequencing, also 

known as next-generation sequencing, CHO cell line has entered the genomic area with the 

first draft of CHO K1 cell line generated in 2011 (Becker et al., 2011; Xu et al., 2011).  The 

publication of the ancestral CHO K1 genomic sequence remains the only CHO genome publicly 

available, which was generated from serum-dependent adherent cells. This genetic reference 
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may differ considerably from the other lineages, especially if we consider the genomic 

changes that occur through cell line culture, and the genetic diversity identified in a same 

lineage due to extensive culture and clonal selection (Feichtinger et al., 2016; Kelly et al., 

2017). The two common cell lines used in biopharmaceutical companies, CHO DBX11 and CHO 

DG44 (see Figure 1-6), have been generated by mutagenesis to suppress the activity of 

dihydrofolate reductase (DHFR), which is used for selection and gene amplification (Lee et al., 

2010; Urlaub and Chasin, 1980). 

 

Figure 1-6: Schematic view of cell-line origin.  
CHO-pro3- is a proline dependent CHO K1 derived cell line. It was mutagenized by ionizing radiation 
to delete both of the DHFR alleles. CHO-DXB11 was generated by chemical mutagenesis of CHO-K1 

in order to eliminate the activity of DHFR. Each CHO derivative is associated to a number and 
displays a range of different number of chromosomes (Blas et al., 2015). 

 

Each CHO cell lineage is also prone to have a vastly different epigenotype. Epigenetic silencing 

of transgenes through DNA methylation and histone modification have been shown to 

strongly correlate with phenotype (Wippermann et al., 2014; Wippermann et al., 2015), with 

recombinant mRNA expression (Veith et al., 2016) and with environmental changes or 

process variations, such as nutrient depletion in growth medium or high number of passages 

(Feichtinger et al., 2016). 

The analysis of gene expression levels with microarrays (Bumgarner, 2013) or more recently 

RNA-Seq (Chen et al., 2015), has been widely used to identify cellular pathways and responses 

to different environmental conditions (Fischer et al., 2015; Lewis et al., 2013; Shridhar et al., 

2017; Xu et al., 2011), and all the data collected allowed generation of databases such as Gene 
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Expression Omnibus (Clough and Barrett, 2016; Monger et al., 2015). Transcriptomics data 

can be used for cell line engineering, as it can help reconstructing metabolic pathways (Hackl 

et al., 2012). Research has been conducted especially with small non coding RNAs, such as 

microRNAs (miRNAs) involved in regulation of cellular processes. miRNAs can be positively or 

negatively correlated to productivity, as it has been shown with regulators of calcium 

signaling among others (Kang et al., 2014). Transcription markers can be used in cell line 

development, with the use of cell line specific markers (Blas et al., 2015), or for cell line 

engineering with the information collected to characterize growth, metabolism and protein 

expression (Clarke et al., 2011; Doolan et al., 2013; Vishwanathan et al., 2015). 

As mRNA do not always correlate to protein levels, it is quite relevant to interpret the data 

with proteomics results. In the field of proteomics, a key finding has been the publication of 

the first large proteomic analysis exclusively based on the CHO genome for reference (Baycin-

Hizal et al., 2012). The proteomic signatures of high producing cells have been linked to 

elevated metabolites involved in the regulation of cellular redox potential, in the generation 

of energy and in protein glycosylation (Chong et al., 2012).  

Proteomics have also helped in downstream processing, by identifying host cell protein 

contaminants (Chiverton et al., 2016). During cell culture, secreted proteins may have 

significant impact on product quality, thus secretome analysis have been performed to 

identify and quantify proteins in cell culture supernatant (Chaudhuri, 2015; Zhu et al., 2016). 

Progress in CHO cell engineering so far have been made by targeting proteins that regulate 

proliferation (Kang et al., 2014), apoptosis (Datta et al., 2013; Takeshi et al., 2010) and lactate 

production (Zhou et al., 2011). 

As a complement for proteomics, metabolomics provides measurement and biological 

interpretation of low molecular weight biochemicals (<1500 Da). Routine analysis of major 

metabolites in industrial processes allowed improvements of production media, balanced 

feeds and improved process development (Chong et al., 2009). The first metabolomics study 

which identified metabolites associated with high productivity suggested that high producers 

have elevated levels of specific metabolites to regulate their redox status (Chong et al., 2012). 

Approaches for characterization of bioprocesses can also combine metabolite profiling with 

fluxomics, which involves analysis of metabolic fluxes using 13C-labeled precursors (Ahn and 

Antoniewicz, 2013). Based on this hybrid approach, high producer clones have been 
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correlated with high intracellular rates of glutamine synthesis, low cysteine uptake, reduced 

excretion of aspartate and glutamate, and low intracellular degradation rates of branched-

chain amino acids and of histidine (Popp et al., 2016). 

As glycosylation is a key product quality attribute, and the degree of glycosylation will 

determine the efficacy, safety, in vivo half-life and immunogenicity of the recombinant 

protein (Gawlitzek et al., 2009), a whole omics field has been dedicated to glycan analysis. 

Glycomics helps to evaluate the impact of media changes and process variations on 

glycosylation profiles, as observed for example with supplementation of manganese and 

asparagine (Villiger et al., 2016). 

CHO-specific omics data have contributed to increase knowledge of the cellular 

characteristics of host cells, and the analysis of all the approaches merged together are now 

allowed through advanced analytical and informatic technologies (Stolfa et al., 2018).  

 

3. Mammalian cell cultivation 

3.1. Overview of the process from discovery to commercial product 

From drug discovery to commercialization, many steps are mandatory to make sure of drug 

innocuousness. Before being  administrated to humans, a new drug has to be injected to 

animal models first to estimate toxicity. During the first clinical trial step, 20-80 healthy 

participants receive the drug and safety of treatment and drug pharmacokinetic is assessed. 

Phase II consists to study the treatment efficacy and side effects and is performed with 100 

to 300 patients suffering from the disease. During phase III, 1,000 to 3,000 patients are 

treated to estimate long term drug efficacy and to collect race and ethnicity data. Phase IV is 

a long term effectiveness study (Figure 1-7) (Moscicki and Tandon, 2017). 
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Figure 1-7: Overview of the steps of clinical trials.  
(retrieved from http://www.cern-foundation.org) 

 

3.2. Cell line development technologies for recombinant protein 

production 

For the expression of human genes in mammalian cells, the gene of interest is introduced into 

an expression plasmid from bacterial origin, which contains regulatory elements isolated from 

viral genomes in order to be functional in mammalian cells (Wang et al., 2017). To increase 

protein production, the target gene is linked to an amplifiable marker gene. The most widely 

strategies used by biopharmaceutical companies are based on either the methotrexate (MTX) 

amplification technology (Kaufman and Sharp, 1982) or Lonza’s glutamine synthetase (GS) 

system (Browne and Al-Rubeai, 2007). As MTX is an inhibitor of DHFR, CHO cells that have an 

increased level of DHFR due to amplified copies of the DHFR gene are selected. Since the 

DHFR gene and the protein of interest are encoded on the same expression vector, this 

strategy is highly successful for recombinant protein overproduction. The same principle 

applies with the strategy based on GS system; cells are transfected with a marker gene coding 

for glutamine synthase and low levels of methionine sulphoximine (MSX) are used as selection 

pressure for the GS gene (Noh et al., 2018).  

The transfection step consists on introducing the expression plasmid into the host. It can be 

mediated either by chemical agents such as calcium phosphate, or lipids, or physical methods 

such as electroporation (Kunert and Vorauer-Uhl, 2012).  
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Cell clones that display the highest recombinant protein titer are chosen. Homogenous cell 

populations are generated by single cell cloning or limiting dilution, to lead to a variety of cell 

populations selected for their high recombinant protein productivity and their elevated 

growth. The best clones are chosen for progressive expansions based on protein titers. Finally, 

selected clones are evaluated in controlled bioreactors and banked for future use (Figure 1-8). 

 

Figure 1-8: Illustration of a typical process to develop a mammalian cell line for 
recombinant protein manufacturing.  

(retrieved from (Lai et al., 2013)) 

 

3.3. Challenges in the optimization of therapeutic proteins production 

Biopharmaceutical companies are increasingly looking at innovative solutions to cope with 

difficulties encountered in protein production, which are partially listed in this section. 

Although the industry has reached high expression titers, for some proteins up to 10 g/L (Li 
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et al., 2014), the level of reproducibility in terms of quantity and quality of recombinant 

protein produced is still limited by the lack of understanding of cell phenotype adaptation to 

changes in the physico-chemical environment.  

Technical difficulties add up to a complex and long cell culture development production 

process. Microbial contamination is the most common problem encountered in cell culture, 

which leads to the end of production process (Mirjalili et al., 2005). Moreover, cell’s 

physiology makes them sensitive to high levels of medium agitation and oxygenation, as they 

lack a protective cell wall (Frahm et al., 2009; Gooch and Frangos, 1993). Given that bubbles 

sparged  in media release an enormous amount of energy when rupture occurs, they can 

damage cells as much as intensive shear from agitation. From a more economic point of view, 

cell speed growth is low compared to bacteria, and cell doubling time can reach 32h for CHO 

cells compared to 0.5h for E. coli, as a result, cultivation process is long and expensive. The 

development of a new therapeutic product and its acceptation by regulation agencies can 

require up to 10 years of efforts and financial investments. In addition, culture media are very 

complex and expensive (Xie et al., 2003). Their balanced formulation is crucial to avoid any 

nutrient depletion during the process, which could cause product heterogeneity (Liu et al., 

2014). 

 

4. Mathematical modeling of biochemical networks: rationale and 

objectives 
 

Mathematical models can aid to gain mechanistic understanding of the processes, and thus 

to reduce high experimental costs by driving towards increased efficiency and productivity. 

Mammalian cell models can be classified in two categories of model: either they describe the 

detailed characterization of an individual cell with single cell model (SCM), or they describe a 

population of multiple cells with distributed properties within a culture, which is called 

population balance models (PBM) (Tsuchiya et al., 1966). In this classification system, a model 

can fall into the following categories (Figure 1-9)(Sidoli et al., 2004): 

• Segregated/ Unsegregated, 

• Structured/ Unstructured,  
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• Deterministic/ Stochastic. 

A model classified as segregated considers a heterogeneous cell population with regards to 

cell age, size, growth rate and metabolic state. Segregated cell culture is composed of cells in 

different stages of development. On the opposite, an unsegregated model considers that cell 

population is composed of identical average cells. 

Structured models describe intracellular processes explicitly, and possess structural 

information such as cell shape or size, or organelles, or intracellular biochemical components. 

Structured models account for various metabolic pathways and thus attempt to imitate the 

biological system more accurately than unstructured models. As they are highly empirical in 

nature, unstructured models are constructed on limited biological basis and treat the cell as 

a single homogeneous unit. Unstructured models can provide a simplistic approach for the 

development of process systems applications (Ben Yahia et al., 2016). 

Stochastic models describe random process and account for variability within cell culture. 

Deterministic models are less accurate as they do not account for process variability.  

 

 

Figure 1-9: Model classification for prokaryotic and eukaryotic cell culture systems. 
(retrieved from (Sidoli et al., 2004)) 

 

A major challenge presented by these models is that they can lead to intensive and complex 

computational efforts with increased level of details. Genome-scale models represent the 

best trade-off between a high level of details and easy computational handling. They fall into 

the category of unsegregated, structured model, and are thus classified as single cell models. 

They are based on a stoichiometric description of the metabolic network, composed of a set 
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of ordinary differential equations which are solved numerically to compute the changes in 

metabolite concentration over time.  

Multiple CHO-omic metabolic models have been developed (Martinez et al., 2013; Selvarasu 

et al., 2012) based on murine metabolic models (Selvarasu et al., 2010). However, these 

models are limited by the significant differences between mice and hamster organisms. 

Indeed, only half of the proteins identified in CHO cells have a close homolog in mouse, and 

the next two more similar organisms are rat (20%) and human (12%). According to a recent 

study, 11% of the proteins expressed in CHO cells are unique, as they did not show any 

homology to any other mammalian species (Baycin-Hizal et al., 2012). 

Examples of application of genome-scale models in biotechnology cover promising aspects 

(Gutierrez and Lewis, 2015), such as metabolic engineering (Lee et al., 2005), phenotype 

prediction and characterization (Templeton et al., 2014; Zalai et al., 2015), identification of 

genetic targets for cellular engineering (Naderi et al., 2011), and interpretation of high-

throughput omics data (Oberhardt et al., 2009).  
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Abstract 
 

Analysis of the global biologics market until 2012 shows that approximately 50 % of approved 

biologics are produced in mammalian cells, including Chinese hamster ovary (CHO) cells, 

which account for the production of more than 60 % of mammalian cell culture derived 

biologics, baby hamster kidney cells, mouse myeloma cells, as well as human cell lines.  

However, approaches to enhance production yield remain limited, mainly due to a lack of 

understanding of intracellular activity in mammalian cells. Industrial strategies for upstream 

process development are based on empirical results, and key metabolic information are often 

missing to solve some major issues during process development or scale-up. 

In this context, Genome-scale Models (GSM), which gather in a single computational 

framework all types of interconnected information at the level of genomics, transcriptomics, 

proteomics and metabolomics, provide the possibility of effortless identification of relevant 

metabolic engineering targets, and cost-effective prediction of cell’s phenotype in different 

biopharmaceutical conditions. GSM represent an opportunity for pharmaceutical industry to 

benefit from a faster and more comprehensive drug development process. Computational 

models have been developed for many organisms, but reconstruction process of models for 

mammalian cells or specific CHO cell lines generate additional difficulties, as mammalian cells 

are more complex in terms of gene numbers, cellular compartments and diversity of 

metabolism. 

This review describes the approach for robust and biologically relevant modeling with 

genome-scale models, through integration of essential cellular traits, evaluation of most 

common issues, and adaptation of generic models to cell specific ones. 
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1. Introduction 

1.1. Constraint-based models 

With the advances in experimental technologies, large “-omics” data sets have arisen in the 

area of (i) genome sequencing, with the emergence of next-generation sequencing 

technologies, including Roche 454, Illumina, SOLiD and ion semiconductor, that allow 

detection of tens of millions of short-read sequences (Berger et al., 2013), (ii) transcriptomics 

with the emergence of RNA-Seq technologies for quantification of small RNAs, detection of 

alternate splicing events, transcription start sites and mapping of strand-specific genes 

(Ozsolak and Milos, 2011), (iii) proteomics and metabolomics with the development of high-

throughput 13C flux analysis (Raman and Chandra, 2009), annotation screening technology 

using nuclear magnetic resonance (FAST-NMR) (Powers et al., 2008), and advances in data 

acquisition methods. Large “-omics” data sets have increased the complexity of data handling, 

storing, and processing, although they aim at consequently increase the knowledge of 

organisms (Edwards, 2016). In order to be fully understood and exploited, these large 

databases need to be analyzed in the perspective of interconnected  metabolic, 

transcriptomic, or genomic information (Bersanelli et al., 2016) or through networks in 

general. As one way of achieving such a context for understanding “-omics” data, genome-

scale metabolic models are built by gathering – in a single computational framework – the 

metabolic and genetic knowledge of an organism of interest, and allow for a mathematical 

analysis of all the integrated multi “-omics” datasets, thus providing a more accurate picture 

of complex biological systems. Reconstruction of genome-scale metabolic models is fastidious 

and considers all annotated genes and the enzymes they code for, the relevant intracellular 

reactions involving the biochemical species and the assignment of correct stoichiometric 

coefficients, cofactor requirements, and cellular localization of each metabolites involved in 

the reaction and reversibility of the reaction. The different steps of the reconstruction process 

are well described in (Thiele and Palsson, 2010) and constitute an iterative process of 

continuous refinement. Once the necessary relevant biological information is listed and 

evaluated, the reconstruction is converted into a mathematical model. The cell is considered 

as a system composed of compartments -or organelles- and interacting with the extracellular 

environment through transport reactions. Each reaction occurs at a specific rate, and these 
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flux rates are the unknown variables that will be determined in the mathematical solution 

after application of a computational method.  

To understand how the model is used, a difference has to be made between dynamic models 

and stoichiometric models. The first is based on ordinary differential equations (ODE) 

containing kinetic information that are defined by algebraic expressions describing temporal 

changes of metabolites concentration in a system. Although kinetic models can account for 

dynamic behavior, this kind of model has some limitations, first because kinetic constants are 

experimentally difficult to determine and to estimate in vivo with reliability, and also because 

of the computational challenge it would represent to integrate metabolome data in kinetic 

models (Voit et al., 2005).  When considering complex systems with a large number of inter-

linked biochemical processes in various special locations, kinetic models must include an 

extensive number of parameters to predict a dynamic simulation, and thus by definition they 

must consider regulation and control of cellular activity. This drawback can be compensated 

by a limited model coverage in terms of sub networks and short time scales (Guillaud and 

Hannaert, 2008; Hanly and Henson, 2011; Nolan and Lee, 2011). Stoichiometric models are 

based on mass balance equations written as ODEs for each metabolite listed in the model, 

which in essence describe the changes of metabolite concentration over time in function of 

the reaction rates that produce and degrade the metabolite, with the assignment of the 

corresponding stoichiometric coefficient in each reaction. For a network composed of m 

metabolites and n reactions, it is possible to simplify the mathematical writing of these ODEs 

by a product of matrices:  

𝑑 𝑀

𝑑𝑡
= 𝑆 ∗ 𝑣                   [1] 

where S is a sparse matrix containing the stoichiometric coefficients of metabolites (m rows) 

in each reaction (n columns), v a vector containing the n reaction rates, and M a vector of m 

concentration values. 

The resolution of this system is considered as underdetermined as it contains more fluxes 

than metabolites, which means more unknowns than equations (m < n), resulting in an infinite 

solution space. To simplify the resolution, some biologically relevant assumptions have to be 

made, which leads to the application of Flux Balance Analysis (FBA). The main assumption of 
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FBA is to consider that the system performs under steady-state conditions, meaning that in a 

short time scale all metabolite concentrations equilibrate fast, so the producing rates of a 

metabolite are equal to the degradation rates of this metabolite when considering a short 

time scale. As equilibration of metabolite concentrations relates to seconds, whereas genetic 

regulation is scaled over minutes, that makes this steady-state assumption acceptable in a 

biological point of view (Segre et al., 2002). The second assumption constraints the range of 

flux rate values, either in strict positive or negative values in the case of irreversible fluxes, or 

in a defined range which corresponds to the known limited capacity of enzymes for 

metabolite conversion – in the case of reactions taking up metabolites from the medium for 

example.  

All of these constraints allow the definition of a solution space by solving system [1] with 

linear programming, a technique for resolution of linear equations subject to linear 

equality/inequality constraints, which will compute for every initial conditions a multiple 

feasible set of flux distribution – multiple solutions. However, among all these biologically 

feasible solutions, only one particular solution is desired. A last step is to assume that the cell 

has been optimized through evolution for a biological goal, for example to reach a maximum 

production rate of biomass, and apply this assumption to system [1] by defining a particular 

equation in the network that must be maximized during resolution. 

Under those constraints, [1] can be written in the following mathematical manner: 

0 = 𝑆 ∗ 𝑣 

s.t. maximize cT v , 

lb ≤ v ≤ ub 

where c is a vector containing constants weights and lb and ub are vectors of fixed lower and 

upper bounds. 

To summarize, FBA in its pure form is a simple linear programming problem that runs under 

the main assumption of steady-state. The solution obtained with this method is as good as 

the quality of the reconstructed model. The structure of the metabolic network has a higher 
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impact on the accuracy of the predictions than the choice of the optimization reaction 

(Puchalka et al., 2008).  

As the genome-scale model is the core basis of FBA, possible errors made during the 

reconstruction process may lead to inconsistencies of predictive states, as summarized in 

Table 2-1. The quality of the model should be verified in the first place in case of undesired in 

silico prediction. In the protocol proposed by Thiele and Palsson (Thiele and Palsson, 2010) 

for a model reconstruction process, an entire step is dedicated to the refinement and curation 

of the model, before the conversion to a mathematical format and followed by an additional 

evaluation and validation of the model.  

 

Table 2-1: Summary of potential errors occurring during reconstruction process and the 
impact on predictive solution, based on the protocol proposed in (Thiele and Palsson, 2010). 

Potential error during reconstruction Consequence 

Incorrect assignment of substrates and cofactors Impact on predictive potential 

Unbalanced reactions Synthesis of protons or energy (ATP) out of nothing 

Too many reversible reactions Futile cycles responsible for a free exchange of 
metabolites and protons across compartments (Schilling 

et al., 2000) 

Too many intracellular transport reactions 

Insufficient thermodynamic and regulatory constraints 

Incorrect assignment of the reaction location Gaps in the metabolic network 
Alteration of the network properties Addition of new reactions to the network 

Incorrect assignments in the gene-protein reaction 
associations 

Impact on results of in silico gene deletion studies 
Presence or absence of metabolite in the biomass 

reaction 

Too many sink reactions Model grows without any resources in the medium 

Wrong reaction constraints, missing transport/exchange 
reactions 

Impossible to predict a solution if compartments cannot 
communicate with extracellular space, errors obtained 
during simulation, or presence of futile cycles in case of 

too loose constraints 

Unbalanced dead end metabolites 
Blocked reactions (Satish Kumar et al., 2007) – reactions 
that cannot carry any flux in any simulation conditions 

One precursor of the biomass function cannot be 
synthesized sufficiently 

Too slow growth 

Use of the wrong objective function 

Higher predicted growth rate than expected 
Wrong estimation of the Growth associated 

maintenance (GRAM) 

Missing or incorrect constraints 

Falsely included reactions 
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Fully reconstructed mammalian genome-scale models can account for a number of reactions 

exceeding 2,000 (3,742 reactions in Homo sapiens genome-scale model RECON1, 3,726 

reactions in Mus musculus genome-scale model Imm1415, and 6,663 metabolic reactions in 

the global Cricetulus griseus genome-scale model iCHO1766) (Bordbar and Palsson, 2012; 

Hefzi et al., 2016) and their complex structure compared to microbial cells, in terms of 

compartmentation, transporters, and specialized pathways, make the reconstruction of the 

network more difficult. The global Cricetulus griseus genome-scale model iCHO1766 has been 

built with knowledge based on hamster, human, mouse and cell line-specific genomes to 

cover as much as possible the network connectivities and the different aspects of the 

metabolism of Chinese Hamster Ovary (CHO) cells. However, while a large set of reactions are 

beneficial in terms of completeness, the large number of reactions in models may lead to 

computational issues. Furthermore, cell lines may have varying properties and thus may 

require customizing generic models to individual cell lines. In our experience, there is a need 

to use tailored genome-scale models to cell line-specific genomes, both for improved 

accuracy and prediction. This review is addressing issues possibly encountered when using 

large genome-scale models with Flux Balance Analysis (FBA) and different type of algorithms, 

computational methods, and manual curations are detailed to at least partially overcome 

them. 

1.2. Limitations of Flux Balance Analysis 

Even though the quality of the reconstructed network accounts for an important part of 

prediction failures, FBA is a perfectible method and may also be responsible for incorrect 

predictions due to the limitations of its predictive power. FBA does not take into consideration 

a variety of cellular functions that have to be met simultaneously to increase the reliability of 

the results in complex eukaryotic cells. Some methods and software have been developed to 

overcome the limitations of this optimization tool, such as parsimonious Flux Balance Analysis 

described in section 2.4.2.2. 

1.2.1. Thermodynamically infeasible cycles 

While FBA invokes mass conservation, the solution obtained in large genome-scale models 

frequently reveals the presence of internal cycles, characterized by closed loops composed of 

abnormally high flux reaction rates fueling each other in a continuous manner. These cycles 
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are considered as thermodynamically infeasible according to the laws of thermodynamics, 

stating that the potential energy absorbed or released during a reaction cannot be created, 

so around a loop the total quantity of this energy, also qualified as chemical potential, should 

be add up to zero (Beard et al., 2002). Thermodynamically infeasible cycles can lead to 

physiologically irrelevant predictions by metabolic models particularly when they allow for 

ATP production or electron exchange across different electron carrier pools. They can cause 

errors in the estimation of maximum theoretical yields, identification of alternate production 

pathways, or redox balancing (Zomorrodi et al., 2012). 

1.2.2. Genetic regulation  

Cellular processes are controlled by gene regulatory networks, in which gene product 

abundance can be controlled by metabolite interactions. Considering a reaction chain, one 

example could be a feedback inhibition of the end product on the early reactions by the 

binding of the synthesized protein to regulatory sites of the genes. If the flux through a certain 

reaction is repressed due to transcriptional regulation, then one or more extreme vectors that 

define the boundaries of the solution space can be removed, and thus the volume of the 

solution space (i.e. the range of allowable cellular behaviors) is reduced. This restricted space 

is analogous to a cell with fewer metabolic behavioral possibilities. If the optimal solution is 

no longer in the space, the phenotype that it corresponds to cannot be expressed and a new 

optimal solution will be determined corresponding to a different behavior exhibited by the 

cell. As cellular regulation can impact reactions rates according to the condition tested, any 

available information should be considered  to more accurately represent intracellular states. 

If the transcriptional regulatory structure of the organism is known, it can be described in 

genome-scale models using Boolean logic equations (Covert et al., 2001). 

Genome-scale models can be used as a scaffold to reveal the regulatory importance by using 

transcriptome data-sets. The Saccharomyces cerevisiae iIN800 model (Herrgard et al., 2006) 

was used to identify potential novel targets for transcription factors and new regulatory 

cascades. Integration of the regulatory networks in genome-scale models can also prevent 

from errors of predicted gene knockout phenotypes (Colijn et al., 2009). 
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1.2.3. Limitation of intracellular space 

In eukaryotic cells, from bacteria to mammals (Fulton, 1982), macromolecules can occupy up 

to 40% of the total cellular volume (Ellis, 2001), meaning that up to 400 milligrams of proteins, 

lipids, nucleic acids, and sugars can be found in 1 milliliter of cytoplasm. In mammalian cells, 

the degree of  macromolecular crowding in the cytoplasm appears to be highly conserved 

between organisms, according to the study led on the viscoelasticity characteristics of 

different cell lines (Guigas et al., 2007). 

Due to its molecular organization composed of a complex mixture of cytoskeleton filaments, 

cytoplasm can be pictured as a liquid crystal, or a crosslinked gel network. The packing effect 

observed in cytoplasmic medium is referred to as macromolecular crowding and is described 

to characterize the effect of high volume occupancy of macromolecular solutes in a limited 

cytoplasmic space. The importance of the size of intracellular macromolecule determines the 

magnitude of the intracellular volume that is excluded to other molecules. This excluded 

volume in crowded solutions has an effect at the level of protein aggregation and reaction 

rate because of limited diffusion of proteins (Minton, 2005). Larger particles are more 

affected by molecular crowding as they have less available volume than smaller particles in a 

similarly crowded environment (Mourao et al., 2014). Experimental data using fluorescent 

labeled particles in mouse cells (Luby-Phelps et al., 1987), in muscle cells (Arrio-Dupont et al., 

2000), and in human fibroblasts (Jacobson and Wojcieszyn, 1984), has shown that diffusion 

of particles in mammalian cytoplasm is hindered in a size dependent manner, on the contrary 

of Newtonian fluids such as aqueous or concentrated protein solutions, for which the 

diffusion coefficient of a particle is proportional to its radius and the viscosity of the medium. 

The results suggest that particles whose radial dimension is larger than 260 Å are nearly 

nondiffusible in the cytoplasm, and thus cytoplasm cannot be modeled as simply a 

concentrated protein solution. As FBA ignores this effect, when the number of intracellular 

enzymes becomes too large, at high growth rates for example, the consequences on 

biochemical catalytic reaction rates are not considered and may be responsible for incorrect 

predictions. 

1.2.4. Multiple states in the solution 

The mathematical description of the cell in genome-scale models is composed of an objective 

function to be maximized or minimized and a set of constraints. The constraints added in this 
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optimization problem allow to define a finite solution space describing the space of all eligible 

possibilities that are biologically feasible, corresponding to all metabolic phenotypes that can 

be achieved by an organism, and from this solution space an optimum is selected based on 

the objective function.  While the optimal solution is at times unique, in the majority of cases 

the solutions are non-unique, particularly with reference to how the network can achieve 

various objectives (Mahadevan and Schilling, 2003). For any given optimal flux distribution 

selected in the solution space, there may exist multiple optima that correspond to different 

flux distributions generating the same value for the objective reaction via different flux 

distribution patterns, while still satisfying the given constraints (Wintermute et al., 2013). The 

ensemble of feasible solutions obtained after optimization could represent biologically 

meaningful solutions, for instance as seen in experiments where cells exhibits the same 

growth rate, but different production/uptake rates. The cause of these alternate optima lies 

in the metabolic redundancies built into the reaction network (Lee et al., 2000) and the 

solution can be characterized by an segment in the solution space instead of a single point. In 

practice that means that FBA identifies a single optimal reaction network state and is not able 

to identify other intracellular flux distributions that correspond to the equivalent in vivo 

metabolic state, that can be determined by using different analyzing tools such as a Mixed-

Integer LP (MILP) algorithm or flux variability analysis. The mathematical notion of equivalent 

optimal states is coincident with the biological notion of silent phenotypes (Raamsdonk et al., 

2001). This property distinguishes in silico modeling in biology from that in the physico-

chemical sciences where a single and unique solution is sought  (Price et al., 2004). 

 

1.2.5. Biological objective function 

To successfully apply FBA, the determination of the correct objective function is a crucial step 

and will allow to determine a single optimal solution. The most common objective function 

used is the maximization of the growth rate reaction, composed of biomass precursors such 

as amino acids, carbohydrates, deoxyribonucleotides, ribonucleotides, lipids, attributed with 

a coefficient in the growth rate reaction according to their contribution to the biomass. The 

values of the weighted coefficient in the reaction are defined from experimental 

measurement of the biomass composition, and they are assumed to be static under different 

conditions. This hypothesis has been challenged with previous studies that question the 

accuracy of conclusions about metabolic activities when cell biomass composition is 
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inaccurate (Carnicer et al., 2009; Lange and Heijnen, 2001; Raghunathan et al., 2003; 

Selvarasu et al., 2012), which is consequently adding more uncertainty to the final solution 

obtained after optimization. For a given organism, it has been shown that the biomass 

composition can vary in different experimental conditions (Hanegraaf and Muller, 2001), 

which could increase the predictive power of the model if taken into consideration. Several 

studies have also evaluated and compared different cellular objective functions (Burgard and 

Maranas, 2003; Feist and Palsson, 2010; Knorr et al., 2007; Ow et al., 2009; Pramanik and 

Keasling, 1997; Savinell and Palsson, 1992; Schuetz et al., 2007) and optimization-based 

algorithms have been developed to identify a physiologically relevant objective function 

based on experimental flux data (Burgard and Maranas, 2003; Gianchandani et al., 2008). 

1.2.6. Kinetics and metabolite concentrations 

The success of FBA results in that it does not require too much input information besides 

assignment of stoichiometric coefficients and extracellular flux measurements. Hence a lot of 

information cannot be determined, such as the impact of variation of extracellular 

metabolites concentration in the medium or inhibition effects of high concentrated 

metabolites and by-products in the media. In mammalian fed-batch processes the 

experiments are designed based on concentrations of the nutrients and the predictive power 

of FBA in this situation is very much challenged. 

In this review, possible issues occurring with the optimization of genome-scale metabolic 

models are considered. FBA extension methods are recommended to provide additional 

biochemical constraints. 

 

2. Main source of optimization issues with large genome-scale 

models: thermodynamically infeasible cycles 

2.1. Definition of thermodynamically infeasible fluxes  

Three kind of pathways can be obtained with FBA, all of them ensuring mass conservation. 

Type I represents the primary metabolic pathway, made of chain reactions converting 

substrates into products and byproducts. Type II corresponds to internal cycles of carbon 

metabolism, allowing regeneration of currency metabolites such as ATP or NADH that are of 

high importance in multiple pathways. While these so-called “futile” cycles have been 
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proposed to allow for regulation in biochemical pathways (Qian and Beard, 2006), type III is 

described in (Price et al., 2002) as thermodynamically infeasible internal cycles because they 

revolve while no active exchange fluxes are connected to them and no energy source fuel 

them. One example could be cycles of import and export of the same metabolite across a 

membrane. This would not affect the predicted growth rate, but the predicted fluxes for this 

metabolite would be infeasible and inaccurate, as transport of a single molecule will typically 

only be thermodynamically feasible in one direction (see below for further examples). These 

infeasible internal loops must be eliminated from the solution space as they impact the 

predicted phenotype (Desouki et al., 2015).  To identify infeasible loops, most of the 

algorithms described are built on the hypothesis a system where all the exchange fluxes are 

eliminated from the system boundary (Price et al., 2006; Schilling et al., 2000).  However, 

several categories of infeasible loops can be observed, also including exchange reactions. 

 

Because of the redundancy of the metabolic routes, there are many interconnected reactions 

and pathways in vivo that can be activated to achieve a maximum objective reaction, and as 

the majority of these known reactions are included in the model, infeasible loops are very 

common for in silico predictions in large genome-scale models (Quek and Nielsen, 2008). As 

metabolic processes can be mainly described into chemical reactions and membrane 

transport processes, catalyzed by enzymes or facilitated by membrane transporters, the 

thermodynamically infeasible cycles will happen on one or both of these categories. The wide 

range of substrates required for biomass production or secretion of a therapeutic protein 

reaction are imported from the medium, depending on the auxotrophy of the considered 

organism, and consequently multiple types of transporters are activated. In vivo, the activity 

of these proteins can be modulated by various modes of regulation, such as allosteric efforts, 

reversible phosphorylation, temporal gene expression, and the gradient concentration of 

metabolites across compartments. The transporters included in the model involve passive 

diffusion, but also active transports, uniport, symport, and antiport transport of molecules 

through membranes. The human RECON-2 and hamster genome-scale models contain a high 

number of cycles involving the active and passive transport of metabolites across 

compartments (De Martino et al., 2013).  
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2.2. Loops involving external exchange reactions 

The distribution of fluxes after FBA application in large scale models can reveal groups of 

reactions of very high flux value, reaching the supposedly unconstrained upper limit, which is 

an arbitrary high number (generally equal to the defined maximum flux in the model, typically 

fixed at 1000 mmoles/h/gDW). The structure of infeasible loops can involve uptake reactions 

importing metabolites from the extracellular compartment into the cell. Different type of 

transporters have been identified for metabolite importation, and are generally involved in 

infeasible loops (Figure 2-1).  

2.2.1. Reversible passive transporters from Major Facilitator superfamily 

(MFS) 

These loops are made of reversible reactions that belong to the category of Major Facilitator 

superfamily (MFS) and involve transport of coupled metabolites by symport or antiport 

mechanisms. This category of transporters depicts movement of small solutes, possibly 

coupled to a second substrate, and they are driven by energy coming from the 

electrochemical concentration gradients of the molecules (Pao et al., 1998). In vivo, the 

driving force of these transporters comes from the diffusion force of the particles that tend 

to diffuse from higher concentration to lower, and the electrostatic force of the charged 

molecules that tend to diffuse according to the electrical potential gradient. This 

electrochemical gradient present in vivo is not taken into consideration in silico, as neither 

electrostatic nor concentration information is included in the genome-scale metabolic model, 

due to no necessity of FBA to consider kinetic information for delivering the optimized 

solution. When these transporters are extensively used to reach the solution and are involved 

in infeasible cycles, it reveals the presence of too many of transport mechanisms (Thiele and 

Palsson, 2010). Instead of being activated to accumulate or expel substrates against large 

concentration gradients, these transporters are activated because in the mathematically 

defined optimal solution they represent an option for moving a single metabolite across 

compartments.  

2.2.2. Reversible passive antiporters from Amino acid-Polyamine-organoCation 

(APC) superfamily 

After the major facilitator, Amino acid-Polyamine-organoCation (APC) superfamily is the 

second largest superfamily of secondary carriers. They are membrane proteins that operate 
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as carriers or amino acid permeases, meaning that they do not need energy input from ATP 

hydrolysis (Wong et al., 2012). In vivo it corresponds to a mechanism of facilitated diffusion, 

and similarly to MFS, amino acids are transported down their concentration gradient. The 

only difference of this category of membrane transport is that it includes antiport activities. 

Their activation aims at equilibrating amino acid concentrations to environmental conditions, 

by importing one metabolite down the concentration gradient and the cotransported 

metabolite in the opposite direction. When this type of reaction is involved in a 

thermodynamically infeasible loop, it links two metabolites in the same time and triggers a 

chain of antiport transport loops. 

 

2.2.3. Na+ Linked transporters   

Reversible transport reactions that belong to the y+L transport system, originally identified in 

the erythrocyte plasma membrane for transport of both neutral and basic amino acids in a 

sodium dependent manner (Deves et al., 1992), may also be involved in loops. These 

transporters were shown expressed in mouse and human  (Pfeiffer et al., 1999; Torrents et 

al., 1998). As for the mechanism of recognition of these transporters, it was proposed that a 

positive charge on the side chain of the amino acid, located on a certain distance from the α-

carbon, is required for recognition by the substrate-binding site of the y+L transport system. 

Thus, for basic amino acids such as L-Lysine, L-Arginine, L-Histidine, and L-ornithine, that 

possess a positive charge on the side chains, the binding is favorable. For neutral amino acids, 

Na+ increases the affinity but the length of the side chain must be within a limited range to fit 

well into the binding site, as it is the case for L-Leucine, L-Isoleucine, L-Methionine, and L-

Glutamine (Kanai et al., 2000). According to the properties of system y+L-mediated 

transporters, absorption of amino acids should be dependent on the electrochemical gradient 

of sodium across the cell membrane. In the case of recruitment of these transporters in loops 

performing at high flux rate, an unrealistic incoming flux of sodium is drained inside the cell, 

which requires activation of intracellular reactions at similarly high rate to drive out the excess 

of sodium. When the irreversible nature of this transport should induce accumulation of 

metabolites in the cell, it is obviously linked to the activation of high rate reactions belonging 

to other categories of transporters. 
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2.2.4. Transport via proton symport 

In the model, facilitated transport of metabolites via pH gradient is included in the form of 

H+-coupled symport transporters. In vivo nutrients uptake is supposed to depend on 

extracellular pH and to be driven solely via the inside-negative membrane potential (Thwaites 

and Anderson, 2007). But after maximizing for biomass yield the loop structure involves also 

passive transports of amino acids coupled with intake of protons, that are re-directed with 

proton symport reactions to the extracellular environment or to other cell compartments. 

Except the fact that the impact of extracellular pH is then impossible to model, the incoming 

proton fluxes in the cell are overwhelming different pathways and render useless the 

necessity of having a proton gradient for ATP synthesis in the process of phosphorylative 

oxidation.  

 
 

Figure 2-1: Type of transporters involved in thermodynamically infeasible cycles. 

 

The variety and multiplicity of types of membrane transporters for uptake of nutrients in the 

extracellular environment is crucial in vivo, as the nutrient availability has been shown to 

influence transport activities and synthesis. The cell adaptively up-regulates its amino acid 
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transport capacity in response to the increased amino acid substrate availability (Goelzer and 

Fromion, 2011; Ward and Thompson, 2012). Each transporter has a maximum functional rate 

that does not correspond to the randomly high upper limit value set in the model, but to a 

probably much lower value which depends on the saturation rate and folding efficiency of the 

carriers. With FBA, the in silico prediction does not consider the multiplicity of membrane 

transporters, as none of the transporters have defined upper limit for maximum activity. It 

has to be noted also that the synthesis or degradation of transporters is not considered, 

whereas in vivo the absorption of amino acids depends directly on the number of synthesized 

transporters.  

 

Passive transporters of metabolites serve as gates to allow propagation of the cycles inside 

cell compartments. The exchange reaction loops performing at high rates lead to the influx of 

amino acids, carbonated substrates such as pyruvate or acetate that are involved in 

interconnected pathways, and other currency metabolites (Gerlee et al., 2009) that have 

multiple uses in different reactions and pathways because they can be used as cofactors or 

cotransporters of the reactions, such as protons, water, oxygen molecule, NADP+, NADPH, 

ATP, ammonia. The availability of these metabolites in high quantities generate infeasible 

loops inside the cell and distort the natural need of pathway activation to synthesize the 

needed components to grow cells. To eliminate the metabolites that are imported and 

produced at very high rates, nested loops appear to balance the need to optimize the 

objective reaction and satisfy the steady-state situation that dictates mass conservation. 

 

The consequence of optimizing biomass yield leads to the activation of the diverse type of 

transporters to generate abnormally high influx of the metabolites required for biomass 

formation, that are handled by subsequent activation of internal transporters and movement 

of metabolites in nested cycles. The diversity of transporters included in the model mirrors 

well the biological reality but represents multiple computational possibilities for the algorithm 

to achieve a high input of all the necessary metabolites. 

2.3.  Tools to identify thermodynamically infeasible cycles 

The challenge of these cycles is that they occur most likely on large metabolic networks, such 

as human or mouse models, where the loop identification represents a more difficult and 
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computationally hard problem due to the elevated number of active reactions (De Martino et 

al., 2013). Many ways have been described to identify the internal infeasible cycles. Some 

methods are listed below, from the easiest to the more sophisticated. 

2.3.1. Visualizing fluxes on a network map 

The easiest way to know if the solution contains infeasible loops is to visualize reaction fluxes 

of the dataset on a network map and carefully evaluating the flux distribution. Drawing a map 

is a great support to understand how the reactions interact to form a loop. Existing desktop 

applications have been developed, such as Omix (Droste et al., 2013), Cytoscape (Smoot et 

al., 2011), CellDesigner (Funahashi et al., 2008), Vanted (Rohn et al., 2012), VisAnt (Hu et al., 

2013), PathVisio (Kutmon et al., 2015) or GPRTransform (Machado et al., 2016). In our 

experience, the most user-friendly tool is the web application Escher (King et al., 2015), that 

comes with a built-in platform to enable designing a customized pathway map from 

information contained in the genome-scale model. The type III pathways can be identified by 

reactions of very high flux rates, all contained in a loop. To understand better how the loops 

are organized, it is recommended to display secondary metabolites on the Escher map builder 

options in order to follow the path taken by the nested loops.  

2.3.2. Algorithms developed 

More than just a visual checking, algorithms have been developed to identify and enumerate 

cycles in a stoichiometric network.  

The first algorithm developed is described in (Schilling et al., 2000) by Schilling, Letscher and 

Palsson. It identifies the set of extreme pathways in a network of internal reactions, which 

are equivalent of the edges of the convex solution space cone. Among these extreme 

pathways, categories are defined based on the type of active exchange reactions that they 

contain to find type III pathways identified as infeasible cycles. The problem computed is of 

such high complexity that this algorithm can only be used for small networks. 

Another algorithm developed by Wright and Wagner (WW) (Wright and Wagner, 2008) is an 

extension of two combined algorithms (Mahadevan and Schilling, 2003; Schilling et al., 2000). 

It aims at identifying unique sets of extreme pathways in the internal reactions composed of 

only two reactions going forward and reverse. In that way, this WW algorithm allows 

identification of type III pathways in small subnetworks, and because the time and memory 
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efficiency is better it leverages the application to combinatorial explosion encountered in 

large stoichiometric models. While proven its capacity to detect the infeasible cycles in 

microbial networks, the algorithm fails to identify cycles in more complex models such as 

human metabolic network (Wright and Wagner, 2008). 

Another strategy employs a Monte Carlo method to identify infeasible cycles in genome-scale 

metabolic models (De Martino et al., 2013). The method is to find all the sets of non-null 

vectors that result in zero when multiplied to a matrix connecting the network reactions with 

Gibbs energy differences and built from information about chemical potentials. The vector of 

chemical potential µ does not need to be realistic and can be arbitrary, for each flux vector 

that does not satisfy the thermodynamic law, µ is updated in a relaxation step performed 

before applying Monte Carlo computation. Infeasible loops have been successfully identified 

in E.coli and Human genome-scale models, and the program encoded in C++ is available to 

apply this algorithm.  

To enumerate thermodynamically infeasible cycles, it is also possible to apply algorithms to 

eliminate them and keeping track of the removed cycles. That is how CycleFreeFVA approach 

can be applied (Desouki et al., 2015), and more approaches to remove these cycles are 

detailed below.  

2.4.  Methods available to remove thermodynamically infeasible cycles 

2.4.1. Manual curation 

The first description of thermodynamically infeasible cycles provides principles to apply to 

eliminate them, called the ‘loop law’. This principle is similar to Kirchhoff’s second law where 

the closed loops are compared to electrical circuits, and states that the free energy change 

around a biochemical loop must be zero as the system returns to the same state from which 

it is originated (Price et al., 2002). This article recommends in a first step to determine the 

extreme edges of the solution space, characterized by a convex polyhedral cone, by using an 

algorithm (Schilling et al., 2000). The next step is to find the category of extreme pathways 

corresponding to type III, based upon their exchange fluxes as Type III has no exchange fluxes, 

and thus corresponds to internal cycles. By applying the loop law to the identified Type III 

pathways, the fluxes that violate the loop constraints are set to zero and it is then possible to 

disallow internal cycles as a post-processing step. 
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In the protocol of model reconstruction (Thiele and Palsson, 2010), the risk of getting futile 

cycles is described in the case of too many reversible reactions and a too high number of 

intracellular transport reactions, especially for complex organism that have multiple 

compartments. A solution for testing and eliminating the stoichiometrically balanced cycles 

is given by using a pre-defined Matlab function. It is recommended to analyze by hand the 

output that lists the reactions involved in Type III pathways and correct them manually based 

on experimental and thermodynamic information, and ultimately adjust directionality (Thiele 

and Palsson, 2010). 

Manual correction based on thermodynamic and experimental information has been 

effectively done to the genome-scale metabolic network for H. pylori (Price et al., 2006), by 

applying the loop law in a four step procedure. The effect of imposing the loop law had a 

positive impact on flux rate values for reactions participating in loops, that were also reaching 

the arbitrarily set upper and lower limit, but did not affect significantly the other reactions in 

the network. 

While these methods seem to give positive results regarding elimination of cycles, when the 

size of the metabolic network is considerably large, it is better to consider algorithms that can 

be directly applied as a computational tool to identify and eliminate infeasible cycles. 

Direction assignment is not only laborious but also error-prone due to manual execution. 

2.4.2. Software and algorithms developed for the removal of thermodynamically 

infeasible loops from flux distributions 

2.4.2.1. Thermodynamics integration into metabolic networks 

As type III cycles are thermodynamically infeasible, most of the methods developed aim to 

incorporate thermodynamic constraints in FBA in order to directly generate 

thermodynamically correct flux configurations. Energy balance analysis results from the 

application of thermodynamic constraints on the network structure (Beard et al., 2002), 

similarly to FBA that is based on mass conservation constraints. These constraints are defined 

by mathematical deductions based on the theory of oriented matroids. It basically assumes 

that if a flux vector is feasible, it satisfies Kirchhoff’s voltage law requiring conservation of 

energy and a sum of reaction potentials around any cycles equal to zero.  The advantage of 

this approach is that it does not require any kinetic information, but its application on 

stoichiometric models could be more optimized as the thermodynamic constraints applied in 

EBA cannot be simultaneously applied with FBA, but only as a post-processing step after FBA. 
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Another algorithm combining FBA and EBA together allows to compute in the same time both 

thermodynamically and mass balanced phenotypic states. This algorithm (Heuett and Qian, 

2006) results from an optimization problem based on Sequential Quadratic Programming 

(SQP) method that runs iteratively to update the values until convergence to the optimal 

solution. This algorithm has been successfully tested on simple networks, but the application 

to an entire genome-scale model is not proven. 

 

Another approach to validate metabolomics datasets is Network-embedded thermodynamic 

analysis (NET). This type of method is used for quantifying the feasible ranges for the Gibbs 

free energy change of reaction (ΔrG) and have been successfully applied for the curation of 

metabolic reconstructions (Feist et al., 2007; Haraldsdottir et al., 2012; Martinez et al., 2014). 

Metabolite concentrations allow to determine the direction of reversible reactions under a 

given physiological state. The second law of thermodynamics links the direction of reactions 

with the sign of the Gibbs energy of reactions. NExT (Kummel et al., 2006a; Martinez and 

Nielsen, 2014) is a MATLAB software that can be used to infer the directionality of reversible 

reactions from calculated feasible ΔrG ranges, based on the physical and chemical 

environmental properties in the cell and the estimated intracellular metabolite 

concentrations. Biophysical compartment properties such as pH, redox potential, ionic 

strength and relative size can be found in literature and are essential for calculation of Gibbs 

energy. The physical and chemical information of the metabolites in the model can be 

estimated from published data or from group contribution method (Alberty, 1998; Jankowski 

et al., 2008; Mavrovouniotis, 1990; Mavrovouniotis, 1991), such as the group contribution 

method of Mavrovouniotis, due to the limited amount of experimental data currently 

available.  

The required input information regarding metabolite concentrations, if unknown, can be 

specified in terms of broad range of concentrations (between 0.0001 and 10 mM), or sums or 

ratios of metabolites concentration. The results given by the software NExT are computed 

from a nonlinear solver, either the MATLAB Optimization Toolbox or the LINDO API software. 

The thermodynamic feasibility analysis will provide a list of the model reactions, their 

specified direction, the estimated range of ΔrG, and the new direction due to the 

thermodynamic constraints. 
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To summarize, NET analysis uses metabolite concentrations, reaction directionalities, the 

predetermined standard formation energies and the reaction stoichiometry of a metabolic 

network to determine the feasible ranges of the Gibbs energy of a particular reaction. This 

method integrates metabolite concentrations to an operating metabolic network to check for 

thermodynamic inconsistencies under specific environmental conditions and to provide 

insights in intracellular mechanisms. A Matlab-based software called anNET (Zamboni et al., 

2008) was developed to facilitate non-expert use. 

  

To allow fluxes through feasible pathways while preventing from involvement in futile cycles, 

it is also possible to couple thermodynamic constraints based on the second law of 

thermodynamics with the mass balance constraint of the FBA, using Thermodynamics-Based 

Metabolic Flux Analysis (TMFA) (Henry et al., 2007). This method requires knowledge of 

standard Gibbs free energy change of formation (ΔrG’o) of the reactions in the model, which 

can be estimated or measured experimentally. To account for possible inaccurate ΔrG’o 

values, they are subjected to some uncertainty by introducing a new variable in the TMFA 

formulation that allows the energy contributions in the estimated ΔrG’o values to vary within 

the range of two standard deviations. For the ionic strength considerations, the charge used 

for each metabolite corresponds to the charge of the ionic form of the metabolite at pH 7. 

TMFA algorithm complements the mass balance constraints of FBA with mixed integer type 

thermodynamic constraints to produce flux distribution free of any thermodynamic 

infeasibilities and to provide data on feasible metabolite activity profiles. Because an 

uncertainty is taken onto consideration for each standard Gibbs free energy change of 

formation, it is also possible to compute thermodynamically feasible ranges of ΔrG’ using 

linear optimization in thermodynamic variability analysis (TVA). Performing TVA allows to 

identify reactions that behave as thermodynamic bottlenecks, by looking at the range to 

which ΔrG’ values vary and searching for the values constrained near to zero. This study can 

infer candidate reactions subjected to regulation (Kummel et al., 2006a), as reactions 

identified as potential thermodynamic bottlenecks are sensitive to minor perturbations in the 

concentrations of their reactants. 

An algorithm intended to be computationally effortless was developed for the assignment of 

reaction directions based on thermodynamics, network topology and heuristic rules for 

genome-scale stoichiometric metabolic models (Kummel et al., 2006b). This algorithm 
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implemented in MATLAB automatically assigns reaction directions, using input information 

from available experimental Gibbs energy of formation and for the unavailable ones, the 

reaction direction assignment uses thermodynamics-based heuristic rules. They define 

thermodynamically infeasible sets of reactions as a cyclic operation that results in no net 

conversion of metabolites, and results in production of highly energetic co substrate (e.g ATP, 

NADPH, FADH2, H+). The algorithm can be used to disable infeasible cycles in several steps, by 

first identifying reactions consuming a high-energy co-substrate and setting them to 

irreversible, and then by analyzing each of these reactions to block any possible bypasses built 

from non-energy producing cycles. Also computationally assisted for identification of cycles, 

this algorithm does not manage to assist the finalization of the reconstruction process in an 

automated manner.  

  

The main challenge of modeling with large scale metabolic models comes from the increased 

size of the stoichiometric matrix and the increased complexity of vertex enumeration of the 

convex polytope representing the feasible reaction fluxes. Additional constraints are essential 

to predict reliable internal fluxes in genome-scale metabolic models, as stoichiometrically 

balanced loops independent of exchange fluxes are systematically present. The fact that even 

with addition of thermodynamic constraints, it is still possible to obtain solutions that violate 

thermodynamic constraints, has been considered and explained by contrasting the second 

law of thermodynamics with the change in chemical potential from reactants to products 

(Fleming et al., 2010). To cope with this issue, a research tool has been developed with the 

idea of integrating mathematical constraints representing steady-state mass conservation, 

energy conservation, the second law of thermodynamics, reversible polynomial kinetics, 

experimental, and theoretical estimates of thermodynamic and kinetic variables to formulate 

a nonlinear, non-convex feasibility problem. This mathematical approach, tested on a 

relatively small genome-scale model of E. coli, provided more accurate predictions of the 

experimentally determined fluxes in comparison to Flux balance analysis. 

 

2.4.2.2. Minimization of Total Fluxes strategy 

In order to remove infeasible internal cycles that allow the existence of net reaction fluxes 

from reactants to products, not satisfying a concomitant thermodynamic driving force, 

another strategy aims at post-processing the constraint-based solutions in order to remove 
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internal cycles without disturbing the other fluxes not involved in loops. This cost-benefit 

theory is based on the assumption that the organism has evolved following the fastest 

growing selection criteria. Thus, the total expression of enzymes necessary to reach the 

optimal state must be minimized under the evolutional pressure competition for limited use 

of external resources, in order to resist against fluctuations in the supply with external 

substrates  (Dekel and Alon, 2005; Lewis et al., 2010). The application of FBA to cells that have 

more sophisticated ambitions than primitive cells, not only aiming at replicating and in the 

context of a higher level of tissue organization, should minimize the weighted sum of all the 

fluxes that are directly coupled with cellular functions. This principle is based on the fact that 

any intensified reaction in a metabolic network requires an effort from the cell, in terms of 

energy or other valuable resources to synthesize enough amount of enzymes and transport 

proteins (Holzhutter, 2004). Applied in a stoichiometric model of E.coli  with 13C-flux analysis, 

this hypothesis has been validated by showing that reaction fluxes result from a trade-off of 

two competing objectives, namely optimality under one given condition and minimal 

adjustment between conditions (Schuetz et al., 2012). 

With this method, it is possible to identify the minimal number of fluxes that need to be 

activated in order to achieve the physiological functions of the cells. This minimal number of 

fluxes can be decomposed as a group of permanent fluxes, required at a constant level to 

ensure stability of the cell (e.g ATP production), and as variable groups of activated fluxes that 

may change depending on the external conditions of the cell. When kinetic information is 

missing, the flux minimization should be considered as the most relevant alternative to assess 

metabolic flux distributions in complex metabolic networks. 

 

The most widely used method for optimization of genome-scale metabolic network with 

exclusion of thermodynamically infeasible cycles by minimization of total fluxes is ll-COBRA 

(‘ll’ standing for loopless) (Schellenberger et al., 2011). This method minimizes the total sum 

of absolute fluxes constrained by the optimal value of the objective function, and the resulting 

flux distribution is contained in the thermodynamically feasible subspace. 

A different input is used by the algorithm termed CycleFreeFlux (Desouki et al., 2015) aims at 

reducing any steady-state flux distribution to its loopless contribution. This algorithm is 

available as an extension package for the open source library Sybil (Gelius-Dietrich et al., 

2013) in the framework of the R-project. It basically blocks infeasible cycles after steady-state 
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flux computation. The opposite strategy presented as a pre-processing algorithm is available 

on MATLAB, named Fast-SNP (Saa and Nielsen, 2016), for computation of loopless flux 

optimization problems. This approach relies on an LP formulation and can be combined with 

existing methods such as ll-FBA. This algorithm finds a minimal set of feasible laws considering 

the directionalities of the model and then uses it to formulate a smaller MILP problem that 

can be solved efficiently. 

Parsimonious Flux Balance Analysis is a bi-level variant of FBA, in which an additional 

constraint is added after optimization of growth rate with FBA to reach the same objective by 

minimizing the total flux through all gene-associated reactions in the metabolic network 

(Lewis et al., 2010). No additional input information is required to run this algorithm, which 

can be implemented with the COBRA Toolbox and on MATLAB. This approach allows to 

classify genes and proteins based on the efficiency of their contribution in the solution and 

on the impact of their activation on the growth rate. pFBA will favor activation of genes that 

require less enzymatic steps to meet the cellular need and will avoid to activate reactions 

using the same substrates than those required for biomass, or reactions requiring suboptimal 

co-factors, if an alternative more efficient pathway is possible.  

On the evolutionary point of view, minimization of cost of synthesis of cell components has 

been favored through selection pressure as a way to adapt to nutrient scarcity or excess 

(Swire, 2007). Based on this observation, application of pFBA relies on the biological 

assumption that cells have evolved through a selection pressure to process the growth 

substrate the most rapidly and efficiently while using the minimum amount of enzymes. 

Having the advantage of generating a loopless solution, without altering the formulation of 

the FBA problem, pFBA should be the systematic reference method to use for optimization of 

genome-scale metabolic network. Although its principle could be challenged under certain 

conditions for specific organisms (Molenaar et al., 2009; Schuster et al., 2008), it has shown 

its efficiency in preventing degenerate and inaccurate flux distributions (Ibarra et al., 2002; 

Pereira et al., 2016; Toroghi et al., 2016). In comparison with other methods, pFBA has 

demonstrated the best results in terms of accuracy of the predictions for different case 

studies in the central carbon metabolism (Machado and Herrgard, 2014).  

Besides the accuracy of using the strategy for minimization of total fluxes, there are also other 

ways to improve the results of phenotype simulation algorithms, for example using gene 
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expression data. The following section is focused on the complementary considerations to 

improve the simulation accuracy. 

 

3. Consideration of additional biological cellular constraints 

 

Limitations of FBA do not only concern metabolite concentrations, it can additionally not 

account for regulatory effects modulated for example by enzyme activation, or regulation of 

gene expression by repression or activation (Orth et al., 2010). Some adapted forms of FBA 

can include regulation information when it is known in the form of Boolean logic, such as 

aerobic regulation, carbon storage regulation or catabolic repression of transport metabolite 

based on the environmental conditions (Covert and Palsson, 2003). 

3.1. Genetic regulation  

3.1.1. Advantages of considering gene regulation in genome-scale modeling 

Mathematical models aims at facilitating the study of systems behavior, because it allows to 

integrate different kind of biological information into a common framework, and giving 

insights into the regulation and control of the metabolic system studied. The predictive power 

of the model is increased as more biological information can be used to build up the gene-

regulatory or signal-transducing mechanisms.  

Evaluated in different scenarios, the available methods that integrate gene expression data 

into constraint-based models fail to systematically perform well (Machado and Herrgard, 

2014). When it is known that cells from the same multicellular organism respond differently 

to signaling or genetic perturbations in a highly regulated manner (Djordjevic et al., 2014), 

one of the possible reason to explain the incorrect results is the lack of consideration of 

regulatory effects.  

Regulatory effects can be evaluated through analysis of RNA sequencing data that provides 

information on which genes are expressed in the cell under different environmental 

conditions. Indeed in prokaryotes or eukaryotes, a high level of transcriptional regulation 

exists with the action of transcription factors on RNA synthesis in response to internal or 

external stimuli (Janga, 2012). This transcriptional regulation occurs through epigenetic 

events, including DNA methylation, nucleosome positioning, histone variants, histone 
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modifications, and non-coding RNAs (Dickson, 2009). These mechanisms of genetic regulation 

are difficult to characterize and can be triggered by a variety of environmental factors. Gene 

activity and activation also depends on the presence or absence of metabolites in the 

environment, so cellular regulation occurs through interplay of metabolic and genetic activity. 

It is the case with lactose regulation through lac repressor, which occupies the lac operators 

and prevents transcription in the absence of lactose, but can bind to lactose when it is present 

leading to a conformational change in the repressor and thus allowing RNA polymerase to 

gain access to the promoter and initiate transcription (Cronin et al., 2001). 

In terms of incorporating this information into genome-scale modeling,  most of the 

approaches available do not consist on characterizing the entire regulatory network but on 

incorporating the “-omics” information into the model instead, in order to predict 

intracellular fluxes based on cellular environment and intracellular conditions. By such, with 

the identification of the active and inactive genes based on transcriptomic or proteomic 

expression, it is possible to set the flux value of the inactive genes to zero in the genome-scale 

model before computing the flux distribution with FBA. If a gene is repressed by an epigenetic 

event, then the corresponding flux in the solution space is removed which leads to a more 

restricted, smaller solution space because of the removal of one or more extreme vectors 

that define the limits of all the biologically feasible phenotypes. Including constraints on 

regulatory events would then lead to a more precise predictions, which then becomes a 

descriptive solution of the intracellular state of the cell under specific conditions instead of 

being a predictive state (Vivek-Ananth and Samal, 2016). 

3.1.2. Methods  developed to take into account a feedback of FBA on the 

regulatory network  

Some methods have been determined to represent transcriptional regulatory constraints, as 

a system of Boolean logic representation (Covert et al., 2001; Karlebach and Shamir, 2008). 

Genes or enzymes can attain two alternative levels, either active 1 or inactive 0. This method 

requires the knowledge of the presence of regulated enzymes during a given time interval, 

derived from experimental data, to be then incorporated into flux balance models. This 

method also requires discretization of the real-valued experimental data, which can reduce 

the accuracy, on the opposite of continuous approaches that uses real-valued or estimated 

parameters, such as E-flux (Colijn et al., 2009) or PROM (Probabilistic Regulation Of 
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Metabolism) (Chandrasekaran and Price, 2010). These methods impose the fluxes in the 

model to be proportional to their gene expression data instead of having a binary 

classification of the fluxes. 

In order to be able to predict a solution that also considers regulatory mechanisms, an 

alternative approach aims at integrating regulatory-metabolic models with FBA models of 

metabolic networks. A human transcriptional regulatory network has been manually 

reconstructed based on experimental data (Gerstein et al., 2012) and gives information about 

the interactions between transcription factors and their regulated genes. Regulatory Flux 

Balance Analysis (rFBA) can be applied to optimize integrated regulatory metabolic models 

that incorporates transcriptional regulatory networks as Boolean networks (Covert et al., 

2001), and can make predictions in a timely manner according to the state of the cell in the 

previous time interval. rFBA can predict the concentration of the external metabolites 

available for the cell, but not the internal metabolite concentrations. 

FlexFlux (Marmiesse et al., 2015) is a free open source Java software that combines steady-

state based analysis of regulatory and metabolic network, in which the regulatory network is 

provided by the user in the form of a SBL-qual file containing regulatory information about 

reactions, genes or external metabolites. The regulatory network is analyzed by an algorithm 

called Regulatory Steady-state Analysis (RSA), which is then translated to define for each 

component of the metabolic network a single steady-state constraint. This new set of 

constraints is added to the constraints from the mass balance metabolic network and the 

ones defined by the user to run FBA, which provides a solution representing a realistic 

biological condition taking into consideration regulation effects. 

 

3.2. Context specificity 

3.2.1. What are context-specific models (CSMs)? 

The drive to understand systemic properties of the organism has ushered in the age of “-

omics”: genomics, transcriptomics, proteomics, metabolomics, metabonomics, lipidomics, 

glycomics, and characterization of other biological molecules. New high-throughput omics 

methods are being developed faster than ever (Gomez-Cabrero et al., 2014), and genome-

scale models are providing a new platform to analyze these data. Novel approaches have been 
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developed that integrate diverse set of omics data with the GSMs to better predict organismal 

phenotypes under different contexts.  The context, here, refers to the circumstances that the 

organisms are exposed to. There are two types of contexts that are primarily of interest: 

evolutionary (environments and mutations), and spatio-temporal (tissue, cell line, organ, and 

growth stage). Models that consider these contexts may be referred to as context-specific 

models (CSMs). For example, CSMs can be developed to include measurements of mRNA, 

proteins, and/or metabolites, thereby capturing the actual metabolic state of a cell, tissue, or 

organism at a given moment. Thus, CSMs have the potential to become powerful tools to 

explain how changes to one part of the system affect the others and measurable phenotypes 

(e.g. growth, product secretion, flux distributions, biochemical exchanges, formation of 

cellular components, nutrient uptake, etc.) and can provide a mechanistic insight on the 

relationship between different contexts (Lewis et al., 2012). 

A CSM includes only a subset of the reactions present in the GSM. This subset is determined 

by using an algorithm to ensure reactions are retained based on data (e.g., mRNA levels, 

detection of metabolites, etc.) and other model requirements (e.g., growth or pathway 

activity) (see Figure 2-2). The key feature of algorithms involved in context specific models is 

integration of omics datasets into GSMs.  

 

 

Figure 2-2 : Context-specific models. 
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3.2.2. Methods and algorithms developed to reconstruct context specific models 

(CSMs) 

Over the past decade, various algorithms have been developed to not only integrate datasets 

into GSMs but also construct CSMs from a variety of data types. A few such algorithms are as 

follows: 

3.2.2.1. Gene Inactivity Mediated by Metabolism and Expression 

(GIMME)(Becker and Palsson, 2008) 

GIMME was the first published algorithm to build CSMs. It uses (1) a gene expression dataset, 

(2) a GSM, and (3) a set of metabolic functionalities that are to be preserved in the final CSM. 

The algorithm begins by specifying an expression threshold and all reactions associated to 

genes below this threshold are turned off. If any of these reactions are essential for the 

preservation of metabolic functionalities, it uses linear optimization to minimize the 

discrepancy between threshold and expression of the genes associated with the reactions. 

This method has been applied in several studies, such as the analysis of laboratory evolved 

Escherichia coli strains, and to study cell responses to drug treatments (Zielinski et al., 2015). 

However, each CSM used the biomass objective function as a metabolic functionality to be 

preserved. A variation to this algorithm called GIMME by Proteome (GIMMEp) was later 

developed (Bordbar et al., 2012) where each reaction associated to the proteome was 

considered as the metabolic functionality to be preserved in the sub-CSM, iteratively. Then, 

all the sub-CSMs were combined to generate a CSM that satisfies the entire proteome. This 

method was used to assess/determine the metabolic modulators of macrophage activation 

in RAW264.7 cell line. 

3.2.2.2. Integrative Metabolic Analysis Tool (iMAT) (Shlomi et al., 2008)  

iMAT uses gene expression datasets that have been divided into low expressed and high 

expressed genes. An algorithm uses these data to optimize the trade-off between inclusion 

of reactions associated to high expression genes and removal of reactions associated to low 

expression genes. However, the algorithm does not explicitly favor removal or inclusion of 

reactions, and is designed for integrating only gene expression data types (Shlomi et al., 

2008). This method was used to construct tissue-specific models of human metabolism in the 

initial study, but has been extensively used for diverse studies (Gao et al., 2014; Hyotylainen 

et al., 2016; Jerby and Ruppin, 2012; Ter Braak et al., 2017). 
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3.2.2.3. Model Building algorithm (MBA) (Jerby et al., 2010)  

MBA derives the most parsimonious tissue-specific model that includes (a) all reactions 

considered as “high confidence”, (b) a maximal number of medium confidence reactions, and 

(c) a set of reactions that are required to fill gaps in pathways so that medium and high 

confidence reactions can be active. The algorithm was used to generate a tissue-specific 

model of liver to predict hepatic flux measurements.  MBA showed similarity to another 

algorithm called Extensions (Christian et al., 2009), which was used for constructing GSMs by 

identifying and adding a minimal set of reactions to make the draft reconstruction compatible 

with experimental data. The key distinction between the two methods is that Extensions 

involves adding the minimal set of medium-/low-confidence reactions while MBA involves 

removing medium-confidence reactions. 

3.2.2.4. Metabolic Adjustment by Differential Expression (MADE) (Jensen 

and Papin, 2011) 

MADE uses statistically significant changes in the data across two or more contexts to 

determine high and low expressed gene associated reactions. Hence, unlike previously 

mentioned methods, it avoids having the same threshold for all the genes in the expression 

dataset.  

3.2.2.5. Integrative Network Inference for Tissues (INIT) (Agren et al., 2012) 

INIT is a method showing some similarities to iMAT. However, it can use any data type to 

assign weights to each reaction. Then, these weights are used to determine whether a 

reaction should be included or removed from the CSM. One highlight of this method is that it 

can also use changes in metabolomic data to aid in model construction. 

3.2.2.6. metabolic Context-specificity Assessed by Deterministic Reaction 

Evaluation (mCADRE) (Wang et al., 2012) 

mCADRE uses transcriptomic data to identify core reactions, prune all the other reactions, 

and assign confidence scores. Furthermore, it removes all reactions that are not required to 

support any of the core metabolic functionalities. This method shows similarities to MBA, but 

uses gene expression levels to prioritize reaction removal, and assesses the tradeoff of 

removing higher confidence reactions if they would require the retention of non-expressed 
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genes. The authors used this method to build draft context specific models of 126 human 

tissue and cell types, and found that reactions catalyzing the production of leukotrienes from 

arachidonic acid could be potential drug targets that selectively affects tumor tissue types. 

3.2.2.7. FAST Consistent Reconstruction (FASTCORE) (Vlassis et al., 2014) 

FASTCORE requires definition of a set of core reactions, which can be identified using any data 

type, and finds the minimal set of reactions required to support the core reactions. 

3.2.3. Performance of CSMs 

Over the past decade, several reviews have been published on integrating omics data into 

GSMs (Akesson et al., 2004; Blazier and Papin, 2012; Hyduke et al., 2013; Kim and Lun, 2014; 

Zhang and Hua, 2015). However, few studies have evaluated and compared the methods until 

recently (Correia and Rocha, 2015; Ferreira et al., 2017; Machado and Herrgard, 2014; Opdam 

et al., 2017). Opdam et al. (Opdam et al., 2017) built 288 different models spanning 6 of these 

algorithms (GIMME, iMAT, MBA, INIT, mCADRE, and FASTCORE), 4 cancer cell lines (A375 

melanoma cells and HL60, KBM7, and K562 leukemia cells), and different metabolite 

uptake/secretion constraint sets. The authors found that the choice of the algorithm had the 

largest impact on model accuracy, while thresholding primarily impacted model size and 

metabolic functionalities. Interestingly, an earlier study reported seemingly contradictory 

findings in context of microbial metabolism of E. coli and yeast. Machado et al. (Machado and 

Herrgard, 2014) compared flux predictions of E. coli and yeast generated using either of the 

8 different algorithms (pFBA, GIMME, iMAT, MADE, E-Flux (Colijn et al., 2009), Lee-12 (Lee et 

al., 2012), RELATCH (Kim and Reed, 2012), and GX-FBA (Navid and Almaas, 2012)) to the flux 

measured using 13C-labeled metabolomic data. The authors found that none of the methods 

outperformed other methods in all cases. Further, they reported that predictions made using 

algorithm-generated CSM reconstructions did not outperform predictions obtained by 

parsimonious FBA with growth rate maximization (Lewis et al., 2010; Segre et al., 2002). 

Interestingly, both of the aforementioned studies tested GIMME and iMAT (some of the 

earliest algorithms to reconstruct CSMs) and found contrasting results.  

It is worthwhile noting that microbial metabolism and cancer cells undergo rapid proliferation 

when having adequate nutrients. However, healthy human cells do not proliferate nearly as 

extensively.  This could be one of many reasons on why the two studies differed in their 
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conclusions. That is, microbial cells have evolved more efficient metabolism to compete in 

environments with limited resources, while higher eukaryotic cells have evolved to specialize 

metabolic tasks in a complex multicellular organism. Other sources of the discrepancy are as 

follow. In the Machado and Opdam studies, different types of experimental data were used 

for evaluating reconstructed CSMs; Opdam et al. used CRISPR-Cas9 knockout data (Shalem et 

al., 2014; Wang et al., 2014) to compare their essential predictions to validate the model while 

Machado et al. used 13C-labeled metabolomic data (Ishii et al., 2007). 13C-labeled measured 

fluxes are estimated using only the central carbon metabolic network and the labeling 

patterns of molecules participating in it (Crown et al., 2012). pFBA choses a flux distribution 

that represents the minimum material flow to achieve an objective (Lewis et al., 2010). This 

predisposes, not the CSM reconstructions to be poorer predictors, rather pFBA generated flux 

distribution as a better predictor. Though there are disagreements between the two studies; 

both agree on the finding that no single method performs better than others in all cases. 

 

3.2.4. Cautions about CSMs 

The biological variability may often lead to noise in omics entities (Racle et al., 2015; Raser 

and O'Shea, 2005). Therefore, when reconstructing CSM from GSM and experimental data, 

more data types will result in more noise. Using thresholding allows one to make distinction 

between GSMs and CSMs, and different CSMs; however, the subjectivity of the choice of the 

thresholding value may propagate errors when dealing with multicontextual data-study such 

as the study of dauer metabolism in the nematode, Caenorhabditis elegans (Riddle et al., 

1981) which involves both evolutionary and spatio-temporal contexts, and regulation at 

multiple levels (for e.g. metabolic, transcriptional, enzymatic, etc.) 

As mentioned by Opdam et al. and Machado et al., no one algorithm works better in all cases. 

Therefore, identifying the appropriate (or reasonable) thresholds and the choice of the 

algorithm is the key to reconstruct accurate CSMs. Higher thresholds in conjunction with 

identification of preservation of core reactions has been recommended by Sjoerd et al. 

(Opdam et al., 2017). Many methods, in attempts to preserve the core reactions, may end up 

leading to lesser segregation amongst most CSMs belonging to the same GSM. However, we 

note that selection of a single threshold ignores the dynamic ranges of enzyme kinetics and 

the different concentration requirements of different metabolites. Therefore, it is anticipated 
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that new algorithms need to be developed that avoid binary calls of genes as expressed or 

not expressed. 

Many of the methods integrate expression data and/or metabolomic data with the GSM to 

reconstruct CSMs. However, 13C-labeled flux data may not be the best for validation or 

reconstruction of CSMs. Similarly, expression data may not always give an accurate 

representation of context-specific flux patterning. Besides noise in the expression data and 

translation lag time, there is limited correlation between expression and enzymatic activity 

due to allosteric regulation and enzyme modification (Chubukov et al., 2013). Therefore, it 

should be kept in mind that using different data types will increase resolution of the CSM 

reconstructions. 

3.3. Molecular crowding 

3.3.1. Consequences on the predictions 

The cell has an organized macromolecular assembly, as the cytoplasm is a network composed 

of actin filaments, microtubules, intermediate filaments, and associated proteins. 

Additionally to this complex architecture, macromolecules composed of proteins, nucleic 

acids and polysaccharides, occupy 5–40% of the total cellular volume (Ellis, 2001), which 

reduces the available volume for synthesis of molecules in the solution. Thus, the cell is 

confronted with structural constraints that define a limited intracellular volume for all the 

molecules. This phenomenon is called molecular crowding due to the packing environment 

of all the diverse components together in a limited cytoplasmic volume inside the cell or inside 

an organelle. No single macromolecular species are present at high concentrations, but taken 

together the intracellular environment is described as crowded. Macromolecular crowding 

plays a role for the regulation of diffusion, reaction rates, biochemical processes and cellular 

organization (Mourao et al., 2014). In a diffusion-limited environment, enzymatic reaction 

rates are lowered because of a reduction in the diffusion rate and a lower chance for molecule 

collisions, essential for a reaction to occur. The enzymatic reaction rates are described by 

fractal-like kinetics, characterized by time-dependent reaction rates in nonhomogeneous 

(fractal) environments (Dlugosz and Trylska, 2011; Vasilescu et al., 2013). As a consequence 

of molecular crowding, hydrodynamic interactions, and electrostatic forces are different and 
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the term of “excluded volume effect” has been used to describe the volume inaccessible to 

the proteins due to their interaction with macromolecular crowders (Ellis, 2001).  

This limitation of available volume in cell and organelles, as well as the limitation in surface 

area for transporters, can affect biochemical reaction kinetics and transport dynamics within 

a cell which could have an impact in FBA predictions (Beg et al., 2007; Brown, 1991). At high 

growth rates, this effect could explain why FBA fails to predict accurate results and is often 

overestimating the experimental growth. FBA alone considers that the structural resources 

of the cell are unlimited and does not consider this parameter in the simulation. 

Another illustration of this unsatisfactory aspect of FBA is described by the inability to predict 

low-yield metabolism. In the Warburg effect (Kim and Dang, 2006), multicellular eukaryote 

cells use a high yield metabolic pathway in glucose-limited conditions, with the activation of 

the oxidative phosphorylation pathway producing more than 30 moles of ATP per mole of 

glucose, and on the contrary they use a low yield metabolism in excess of glucose, with 

glycolysis that produces 2 moles of ATP per mole of glucose. The low yield metabolism is also 

called “overflow” metabolism, as the cell is switching to the use of inefficient metabolic routes 

at high substrate availability (Molenaar et al., 2009). A reason why the cells switch to low-

yield metabolism, whereas the high-yield pathway is operating at maximum rate (van Hoek 

and Merks, 2012), is evoked by a limited possible amount of metabolic enzymes fitting inside 

the cell (Vazquez et al., 2010). Other alternative explanations have been proposed, such as 

growth inhibition generated by waste products (Kurano et al., 1990; Molenaar et al., 2009). 

In order to predict metabolic switching from low glucose concentrations to high glucose 

concentrations -associated to fast growth rate-, which has been studied in mammalian cells 

(Lu et al., 2005; Mulukutla et al., 2010), the direction of the glucose influx into the metabolic 

pathway should be evaluated under the constraint of a limited structural capacity of the cell. 

3.3.2. Methods developed to account for a total enzymatic capacity into the FBA 

framework  

Beg and co-workers have proposed a method to model the metabolic network by integrating 

cytoplasmic crowding as a constraint, to provide optimal growth prediction with the usage of 

enzymes subject to a limitation of space in cell (Beg et al., 2007). They have developed an 

extension of FBA, called FBAwMC standing for Flux Balance Analysis with Molecular Crowding. 

In FBAwMC, the total sum of metabolic fluxes through the network, weighed by their 
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associated crowding coefficient that can be understood as the molecular volumetric cost of 

the enzymes, is constrained to be inferior to the total volume fraction of the cell devoted to 

be occupied by metabolic enzymes. To determine the value of this crowding coefficient, a 

rough estimate of enzyme volume, enzyme concentration, kinetic parameters, cell mass, and 

cell volume is needed. Different strategies allow to estimate the average crowding coefficient, 

by finding the coefficient giving a best fit with experimental data for example (Beg et al., 2007; 

Shlomi et al., 2011). Without the need for measurements of nutrients uptake rates, this 

method has shown good predictive growth rates of E. coli under different environmental 

conditions (Vazquez et al., 2008), and a similar methodology has been employed to a human 

genome-scale metabolic model to successfully demonstrate the evidence of the Warburg 

effect at high proliferation rates (Shlomi et al., 2011). FBAwMC can be used efficiently to 

predict the metabolic flux distribution, the order of substrate utilization in a complex growth 

medium as well as the optimal metabolite concentrations and enzyme activities by applying 

a computational optimization method to a kinetic model of a metabolic pathway. The 

predictions are based on previous knowledge of the maximum uptake rates in the 

corresponding medium. 

 

Extending upon FBAwMC, a computational approach presented as MetabOlic Modeling with 

Enzyme kineTics (MOMENT) (Adadi et al., 2012) considers also a physiological constraints on 

total enzyme concentration, but integrates data on enzyme turnover rates and molecular 

weights. The underlying principle is that enzymes catalyzing high flux reactions have a higher 

turnover rate, resulting from a selective pressure for high enzymatic efficiency. This method 

predicts metabolic fluxes and growth rates without the requirement of experimentally 

determined uptake rates, because it quantifies the enzyme concentrations required for 

catalyzing each metabolic reaction based on known kinetic constants. In E. coli, MOMENT has 

been shown to outperform FBAwMC in predicting intracellular fluxes. 

A limitation of capability for protein synthesis is also considered in the method named 

Resource Balance Analysis (RBA) (Goelzer et al., 2011), which is an extension of the FBA 

framework that considers structural constraints in the form of resource optimization problem 

between the different components of the cell. This stems from the fact that cells can manage 

the synthesis of low and high affinity transporters to reach a certain concentration of the 
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nutrient inside the cell. The cost of this substitution for activation of high affinity transporters 

in case of a low extracellular concentration of the nutrient is high, because usually it 

corresponds to activation of ATP-dependent transport, and thus requires ATP hydrolysis for 

active transport of the nutrient. Taken up from the media, the precursors of the costly 

synthesis of proteins, enzymes, and ribosomes can be used either to increase the metabolic 

network capacity or to increase the capacity of the translation apparatus. How these amino 

acid precursors are distributed between cellular processes depends on three main 

constraints, given by (i) the fact that the translation apparatus, namely the ribosomes, are 

composed of proteins and the requirement for an increased translation efficiency is related 

to an increased demand for ribosome concentration, and thus an increased amount of 

precursor proteins to produce them, (ii) following this reasoning, a maximal growth rate can 

be reached if translation efficiency reaches a maximal level, but then the highest 

concentration of ribosomes fitting into a finite volume needs to be considered as well, in order 

to observe biological capabilities regarding cell density and diffusion of intracellular cell 

components, (iii) finally, by considering synthesis of the resources, the last constraint is 

focused on assuring that the synthesis flux of a protein from amino acids is greater than the 

fluxes consuming this amino acid to produce the ribosomes, in addition to the standard 

conservation mass (Goelzer and Fromion, 2011). The solution of this LP feasibility problem 

allows to determine the concentration of ribosomes and proteins involved in the metabolic 

network, on top of the usual optimal flux distribution for a maximal growth rate given by 

traditional FBA. 
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4. Conclusion 
 

Even though computational approaches cannot entirely cover all aspects of biological 

constraints that need to be taken into consideration to reflect cellular potential, and to get 

closer to in vivo conditions for accurate phenotype predictions, it is essential to bear in my 

mind the limitations and the coverage of constraint-based model capabilities.  

Genome-scale models can be used as a platform for integration of different type of data 

representing a defined cellular metabolic state, and thus are of great support for 

interpretation of context specific conditions. Multiple types of algorithms are described in this 

chapter to give an overview of the possible outcomes observed with genome-scale models. 

In the case of numerous infeasible cycles in the flux distribution obtained with the chosen 

optimization algorithm, it is vividly recommended to examine transporters flux rates, with the 

support of applications such as Escher, as an extensive number of transporters activated for 

importing a single metabolite can be the cause of chain reactions describing abnormally high 

flux rates. Depending on the type of transporters involved, balance deregulation of currency 

metabolites, such as protons or ATP, can occur and give rise to multiple aberrations in the 

prediction of internal flux rates.  To assure a loopless solution, the use of Flux Balance Analysis 

can be replaced by other optimization approach, such as parsimoniuous Flux Balance Analysis 

which in essence complements FBA with the addition of a constraint for minimizing the total 

amount of enzymes needed to reach a maximum growth. 

Addition of constraints on limited structural capacity of the cell and on resource allocations 

between cellular process increases the level of precision of optimization problems, and can 

be even considered as a way to prevent a multiple set of transporters to be activated for 

transport of metabolites, consequently avoiding the presence of internal loops in genome-

scale models. Obviously, an ideal use of Flux Balance Analysis would combine the constraints 

imposed by the metabolic network’s structure with mass and energy conservation principles 

as well as regulation and crowding effects. 
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Abstract 

CHO cells have become the favorite expression system for large scale production of complex 

biopharmaceuticals. However, industrial strategies for upstream process development are 

based on empirical results, due to a lack of fundamental understanding of intracellular 

activities. Genome-scale models of CHO cells have been reconstructed to provide an 

economical way of analyzing and interpreting large-omics datasets, since they add cellular 

context to the data. Here the most recently available CHO-DG44 genome-scale specific model 

was manually curated and tailored to the metabolic profile of cell lines used for industrial 

protein production, by modifying 601 reactions. Generic changes were applied to simplify the 

model and cope with missing constraints related to regulatory effects as well as 

thermodynamic and osmotic forces. Cell line specific changes were related to the metabolism 

of high yielding production cell lines. The model was semi-constrained with 24 metabolites 

measured on a daily basis in n=4 independent industrial 2L fed-batch cell culture processes 

for a therapeutic antibody production. 

This study is the first adaptation of a genome-scale model for CHO cells to an industrial 

process, that successfully predicted cell phenotype. The tailored model predicted accurately 

both the exometabolomics data (r²≥ 0.8 for 96% of the considered metabolites) and growth 

rate (r²=0.91) of the industrial cell line. Flux distributions at different days of the process were 

analyzed for validation and suggestion of strategies for medium optimization. This study 

shows how to adapt a genome-scale model to an industrial process and sheds light on the 

metabolic specificities of a high production process. The curated genome-scale model is a 

great tool to gain insights into intracellular fluxes and to identify possible bottlenecks 

impacting cell performances during production process. The general use of genome-scale 

models for modeling industrial recombinant cell lines is a long-term investment that will 

highly benefit process development and speed up time to market.  
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1. Introduction 
 

Chinese Hamster Ovary (CHO) cells are the preferred hosts for the production of recombinant 

therapeutics proteins, especially as they are able to perform post-translational modifications 

similar to those carried by endogenous human proteins, which reduces the risk of immunogenicity 

or low efficacy of therapeutic proteins (Jefferis, 2016). Productivity achieved with mammalian cell 

culture processes has increased in the last years with vector engineering, cell line development, 

process conditions and media optimization (Cacciatore et al., 2010; De Jesus and Wurm, 2011). 

However, the time spent to adapt the best process conditions and feeding strategy to a new 

industrial recombinant cell line still remains significant, since time-consuming empirical trials are 

the main reliable strategy for achieving high-yielding processes. As production of GMP material is 

on the critical path to first-in-man, accelerating the development and optimization of 

biopharmaceutical production has a direct impact on the availability of the active pharmaceutical 

ingredient for patients. Furthermore, the industry needs to increase process yields while keeping 

high quality standards to make the drug affordable for the health systems and ensuring access for 

patients (Li et al., 2014). 

Moreover, to avoid any misincorporation in proteins due to depletion of amino acids (Khetan et 

al., 2010; Wen et al., 2009), medium optimization studies often lead to fed-batch culture 

conditions where essential amino acids are not depleted during the process, and most of non-

essential amino acids are provided in sufficient quantities so that the cells can consume amino 

acids at maximal rates without exhaustion in the medium (Reinhart et al., 2015). Exception has to 

be made for amino acids whose catabolism generates toxic by-products, such as glutamine 

catabolized into glutamate and ammonium (Chen and Harcum, 2005). Thus, a detailed analysis of 

CHO cell metabolism is required to adapt feeding strategies and cell culture media. It will 

efficiently identify bottlenecks that could explain suboptimal amino acid catabolism 

experimentally observed during the process, thus resulting in improved cell growth, viability and 

process yields.  

In order to enable such a fast and detailed metabolic analysis of production CHO cells, a consensus 

genome-scale model (GSM) and cell line-specific stoichiometric models have been recently 

reconstructed by a community of researchers (Hefzi et al., 2016). These models describe the 

reaction network, accounting for all the known CHO-specific conversions of substrates into 

metabolic products and biomass components. CHO-specific genome-scale metabolic models are 
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built based on genomic and physiological information in a specific organism (Calmels et al., 2018, 

accepted). With the integration of a linear based programming framework, GSM can be used to 

compute enzymatic rates under defined environmental conditions. CHO GSM enables in silico 

prediction of the effect of gene deletions, gene over-/under-expression, the possibility for 

identification of metabolic targets to reduce toxic by-product formation, and the combination of 

other omics-data types in a single computational framework (Kaas et al., 2014).  

In this study, a cell line-specific model for CHO DG44 was developed as a support tool for 

interpretation of experimental data, in order to understand better the pathways underlying cell 

growth and protein production in an industrially relevant cell culture process. The predicted power 

of the initial model was improved by manual curation of the model. The curated model was tested 

with an industrial fed-batch process of a cell line producing a monoclonal antibody, by computing 

the daily flux distribution of the cells throughout the bioreactor production step.  

 

2. Material and methods 

2.1. Cell culture and extracellular metabolite analysis 

2.1.1.  Cell culture conditions 

4 fed-batch cell culture experiments were run independently, for which cell phenotype, variation 

of extracellular metabolite concentrations, and process parameters were monitored. A CHO 

DG44 cell line producing mAb1 was cultivated in 2L stirred tank glass bioreactors, controlled by 

supply towers (C-DCUII, Sartorius Stedim Biotech) and monitored by a multi-fermenter control 

system (MFCS, Sartorius). The cells were growing under serum free conditions in a proprietary 

and chemically defined media. Precultures were cultivated in increased volume capacity of 

Erlenmeyer flasks (Corning Inc, Germany) on a shaking device at 37°C and 5% CO2 in a humid 

atmosphere. The starting culture volume was identical for the different production run and the 

bioreactors were inoculated at similar target seeding density. The cultivation temperature was 

kept constant at 36.8°C and the impeller used was a 3-segment blade impeller. During the 

cultivation, the pH was fixed at 7.0, with an allowable variation of 0.2, and controlled by gassing 

CO2 and a sodium carbonate solution. Dissolved oxygen was maintained at 40% of the saturation 

concentration. Continuous nutrient feeding was started 72 hours after inoculation, with 

predetermined rate using a proprietary, chemically defined concentrated feed. The feed rate was 

adapted every day, following a predefined feeding profile. In addition to this continuous feed, a 
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bolus feed addition also started 72 hours after inoculation. Samples were taken once a day, 

before feeding. When the glucose concentration was below 5.6 g/L, a glucose solution of 500 g/L 

was added as a bolus. Specific growth rate was calculated for each experimental condition as in 

equation 1: 

µ =  
𝛥ln (𝑉𝐶𝐶)

𝛥𝑡
    (1) 

The exponential growth equation is described by equation 2: 

ln(X) = ln(X0) + µt   (2) 

where μ is the specific growth rate, X is the cell density (i.e. cell mass or number per unit volume 

of culture medium), t is time, and X0 is the initial cell density at the onset of exponential growth. 

This equation was used to determine the specific growth rate from linear regression of cell 

density measurements over time. 

2.1.2. Analytical methods 

Samples from the bioreactor were taken daily for cell density and viability analysis using the VI-

CELL® XR (Beckman-Coulter, Inc., Brea, CA), based on the trypan blue exclusion method. Samples 

were centrifuged and supernatants were analyzed to quantify concentration of glucose, lactate, 

amino acid and monoclonal antibody. Glucose, lactate, glutamate, glutamine and ammonium 

concentrations were determined using a Cedex Bio HT Analyzer (Innovatis, Bielefeld, Germany) 

or a NOVA 400 BioProfile automated analyzer (Nova Biomedical, Waltham, MA). Cell culture 

supernatant samples were stored at -80°C or directly analyzed for product titer with a ForteBio 

Octet model analyzer (ForteBio, Inc., Menlo Park, CA) or protein A high performance liquid 

chromatography (HPLC). Amino acids were analyzed by reversed-phase UPLC (Waters 

AccQ · Tagultra method) after ultra-filtration using Amicon Ultra -0.5 mL centrifugal filters (Merck 

Millipore, Billerica, MA). pH and DO were measured on-line and the measurement accuracy was 

verified through offline analysis of pH and partial pressure of CO2 (pCO2) using a BioProfile 

pHOx® blood gas analyzer (Nova Biomedical Corporation, Waltham, MA). Cellular lipids were 

extracted based on Matyash method (Matyash et al., 2008), separated by hydrophilic interaction 

liquid chromatography (HILIC) and detected by triple quadrupole mass spectrometry (Waters, 

Millford, MA). Internal 13C labelled lipids standards provided by Avanti Polar Lipids (Alabaster, AL) 

were added prior to extraction to ensure an accurate quantification. 
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2.2. Modeling procedure  

2.2.1. Genome-scale model used 

A community genome-scale metabolic network was recently reconstructed by different 

research groups (Hefzi et al., 2016), first by combining two established genome-scale 

reconstructions for Homo Sapiens (Recon 1 (Duarte et al., 2007) and Recon 2 (Quek et al., 

2014)) and then by manual curation to find CHO homologs to human genes (Hefzi et al., 2016). 

Genes that are specifically expressed in CHO DG44 cell lines were identified and selected to 

generate a cell line specific model for CHO DG44, based on existing data used as input 

information in the Gene Inactivity Moderated by Metabolism and Expression (GIMME) 

algorithm (Becker and Palsson, 2008). 

For each cell line modeled, the reaction responsible for antibody production in the model was 

tailored to the antibody produced by the cell line chosen. The stoichiometric coefficients of the 

amino acids required to produce the IgG were changed to the one corresponding to the specific 

amino acid sequence of the antibody produced, thus generating a genome-scale model for the 

cell line producing mAb1. 

2.2.2. Theoretical approach for modeling 

The modeling framework can be represented by a stoichiometric matrix (S) and a vector of 

reaction fluxes (v) indicating the reaction rates. The basic steady-state mass balance constraint 

can be enforced by the linear equation 5. Additional constraints can be introduced by restricting 

fluxes with upper or lower bounds through inequality 6. To find the flux distribution, 

parsimonious enzyme usage Flux Balance Analysis (pFBA) (Lewis et al., 2010) was employed. This 

optimization method is based on the assumption that the cell is using a minimum amount of 

enzymes to reach a maximized objective, under the hypothesis of steady-state. The mathematical 

formulation of the objective function is given by equation 3, and the requirement for the 

minimum absolute values among all the alternatives optima is described by equation 4. To find 

the flux distributions, the network is constrained by imposing lower and upper bounds for each 

flux, and by assuming a steady-state condition, which leads to the following optimization 

problem: 

max 𝑐𝑣,      (3) 

min ∑ |𝑣|,     (4)   
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𝑠. 𝑡.   𝑆𝑣 = 0    (5) 

   and  𝑣𝑚𝑖𝑛 ≤ 𝑣 ≤ 𝑣𝑚𝑎𝑥   (6) 

Where cv corresponds to the objective function and c is a vector of weights, indicating how much 

each reaction contributes to the objective function. 

Linear programming was performed using Gurobi Optimizer (Gurobi Optimization Inc., Houston 

TX) in Python 2.7.12 (Python Software Foudation, Delaware, United States).  

To represent experimental cell growth conditions at each day of the process, which vary in 

particular because of feed additions and by-product secretion, a maximal bound was set equal to 

the experimental flux measured for 24 external metabolite rates. Thereby, if the predicted values 

were comparable to the experimental, we could consider that the distribution solution was worth 

being analyzed. The calibration of the model was performed by applying pFBA to successive 

points in cell culture time (day 2 to 7) with different constraints related to medium’s components 

consumption/production rates. Daily experimental rates of 24 metabolites in medium were 

calculated from experimental measurements, post-processed with a smoother function in order 

to reduce experimental noise. 

2.3. Data processing and transforming primary data into flux constraints 

Substrate concentrations at each day of the cell culture were transformed into rates in mmol of 

product per gDW of cells per hour. The modeling time frame chosen was between day 2 and day 

7 of cell culture, which correspond to the exponential growth phase where the pseudo-state is 

assumed. All the input flux rate values were calculated using an average dry cell weight of CHO 

cells as 330 pg/cell, as a literature average value (Bonarius et al., 1996; Vriezen, 1998; Xie and 

Wang, 1994; Zupke and Stephanopoulos, 1995). Daily experimental uptake or production rates 

of 24 metabolites in medium were calculated from experimental measurements, post-processed 

with a smoother function in order to reduce experimental noise and normalized with one value 

corresponding to a specific growth rate of the mAb 1 producing cell line. The experimental 

variation can be explained by several factors, including the sensibility and technical variability of 

the analytical quantification method, but also the degree of biological reproducibility inter-

process.  
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Experimental production and consumption rates calculated were smoothed using a kernel 

smoother statistical function, in order to avoid irregular data points and noisy observations 

obtained from experimental results. 

Given a random sample (xi , yi) ∈ R2, i = 1,…n, with a continuous, univariate density f, the kernel 

function or weighting function Kλ(x) assigns a weight to xi based on its distance from each query 

point x. The kernels Kλ are typically indexed by a parameter λ that dictates the width of the 

neighborhood. For a given scale parameter λ, the weight sequence is defined by the equation 

below (Hastie et al., 2009) : 

𝐾𝜆(𝑥) = ∑
𝐾(

𝑥−𝑥𝑖

λ
)

∑ 𝐾(
𝑥−𝑥𝑖

λ
)𝑛

𝑖=1

𝑦𝑖

𝑛

𝑖=1

     (7) 

The Kernel smoother method was applied on calculated experimental flux rates with the support 

of the statistical software JMP. Suppl. Figure III - 1 displays the example of arginine which exhibits 

relatively good correlation coefficients after smoothing. Smoothed experimental values were 

considered as the more accurate approximation to model cell metabolism due to experimental 

noise. 

The calculated and smoothed experimental values were then used to set the upper or lower limit 

of the consumption or production rate of the metabolites measured daily in the extracellular 

environment. Exception was made for ammonium, alanine, and lactate that were set strictly 

equal to the experimental value in order to constrain the model with the metabolic switch 

between consumption and production.  

The final set of constrained metabolite exchanges comprised the uptake and secretion of 24 

metabolites. The limitations for uptake and production rates were set for each day of the time 

frame chosen for modeling the cell culture process. The objective function chosen was 

maximization of growth. Estimation of metabolic fluxes was performed using CobraPy (Ebrahim 

et al., 2013). 

2.4. Statistical analysis 

For evaluating significant differences between means of datasets with replicates in different 

conditions, a one-way ANOVA was performed. When significant, post hoc analysis was performed 

using Tukey’s honestly significant difference (HSD) to group data by means. All tests were 
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performed using JMP Software (SAS Institute Japan Ltd., Japan) and GraphPad Prism software 

(Version 7.02, Graphpad Software, San Diego, CA).  

 

3. Results and discussion 

3.1. Manual curation 

The recent publication of the most complete genome-scale model for CHO cells (Hefzi et al., 

2016) has offered the industrial world a chance to examine metabolic fluxes of production cell 

lines in different pathways and under distinct culture conditions. In bioprocess development cell 

cultures, CHO cells exhibit a specific metabolic profile characterized in particular by elevated 

stress (Templeton et al., 2013). Thus to improve quality of predictions, the initial model was 

adapted to a specific recombinant production cell line. Three types of modifications were 

required to tailor the generic model to UCB’s recombinant production cell line: (i) removal of 

metabolic reactions from the network structure, as their activation relied on unknown 

parameters based on thermodynamic and chemical constraints, or more general scientific 

knowledge, (ii) addition of metabolic reactions either to complete the central carbon metabolism 

as described in Cricetulus griseus, or to adapt the genome-scale model to the metabolism of high 

yielding production cells, and (iii) change of reaction parameters in order to constrain the 

network as much as possible according to literature, to obtain more biologically meaningful 

results. A total number of 601 reactions were modified to produce the tailored genome-scale 

model as detailed in the supplementary table (Appendix III). A first technical section describes 

modifications which aim at curating the model to make it generally more functional with the 

available constraints, a second section gathers modifications that were observed as being 

specifically related to the metabolism of high producers. 

3.1.1. General modifications of the metabolic network made to increase 

prediction performances  

3.1.1.1.  Deletion of extracellular amino acid co-transporters 

Initial modeling trials with Flux Balance Analysis on the generic DG44 model described infeasible 

solutions composed of isolated activated fluxes, predicted to occur at the maximum upper limit 

of the supposedly unconstrained reactions, as it is common to choose an arbitrarily elevated 

number to represent unconstrained fluxes (1000 mmol/gDW/h). Several actions were 
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undertaken in order to increase the predictive power of the initial model. The first action was to 

change directionality of reactions that import nutrients to lock them in one direction, in order to 

uniquely allow consumption from the medium into the cell. The second action was the choice of 

a most suitable mathematical approach, namely Parsimonious FBA, as this method has been 

shown in previous studies to avoid degeneracy of FBA solutions (Machado and Herrgard, 2014; 

Toroghi et al., 2016). pFBA relies on the same principles as FBA, with an additional constraint on 

minimizing the sum of total fluxes across the entire network (Lewis et al., 2010). The third action 

was taken after the main source of highly activated fluxes remaining in all the computed solutions 

was identified at the level of amino acid transportation. 

Indeed, as the model accurately represents mammalian cell composition, it contains all known 

types of amino acid transporters which are assigned to a large number of different families. 

However in vivo the activation of one type over the other will mainly depend on dynamic 

parameters that are not known and/or not included in the model. The constraints that are not 

considered in the model fall into the following categories: substrate concentration gradient; 

maintenance of the electrochemical gradient, that may vary with movements of charged co-

transporters across membranes; charge, size and hydrophobicity of the molecules; flow 

regulation in response to binding of signaling molecule; balance of osmotic pressure; regulation 

of intracellular pH; degree of saturation of the transporters; preferential substrates; 

interdependence of secondary and tertiary active transporters, or inhibition/stimulation 

mechanisms which are not even well understood for all the transporters (2002; GM., 2000). The 

complexity of the model was thus dramatically reduced by silencing  537 transporters (Appendix 

III, Supplementary table of all reactions modified). No more  inconsistencies of solutions 

containing loops characterized by high fluxes feeding each other were observed (Thiele and 

Palsson, 2010). This removal of the transporters led to disappearance of infeasible cycles linked 

to amino acid uptake fluxes. 

3.1.1.2. Manual curation to simplify mathematical modeling 

The initial metabolic network contains identical reactions allocated to different cellular 

compartments, which is the case e.g. for the reaction catalyzed by fumarase as illustrated in 

Suppl. Figure III - 2. A literature research was conducted and the reaction has been shown to be 

mainly localized in mitochondria (Bowes et al., 2007), so the cytosolic version of the reaction was 

removed from the model.  
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We observed that in some cases identical reactions allocated to different compartments could 

be activated together at high rates. This can be visually identified in predictive flux distributions 

with the presence of internal cycles, defined by their capacity of revolving independently of the 

rest of the network. The substrates of one reaction correspond to the products of the other 

across compartments, while using metabolites that the cell is typically producing in excess (such 

as water, protons, sodium, present in numerous reactions in the model) or other metabolites 

which synthesis would require valuable co-factors such as NADPH or ATP. Consequently, these 

internal cycles do not only involve the identified couple of reactions but have an impact on the 

entire set of solution, leading to errors in the estimation of the objective function and redox 

balancing (Zomorrodi et al., 2012).  

Similarly, we identified reactions using either NADPH or NADH as cofactor that are systematically 

activated together at high rate in flux distributions. The flux solution computed activation in high 

rates of these paired reactions containing similar substrates and products, using NADPH as 

coenzyme in one direction and NADH in the opposite direction. As a matter of fact, a few enzymes 

can use both NADPH/NADH and most show a strong preference for one over the other, for each 

internal cycle of this type identified, one of the reactions was removed based on a literature and 

database research to select the true biological reaction to be activated. The removal was thus 

based on information from BRENDA (Placzek et al., 2017) and KEGG databases, as well as 

literature (see Appendix III, Supplementary table of all reactions modified). If no information 

could be found it was decided to remove the reaction using NADPH, using the rationale that an 

NADH-driven reaction is more likely as the total concentration of NAD+/NADH in most tissues is 

about 10-5 M, whereas that of NADP+/NADPH is about 10-6 M (Blacker and Duchen, 2016; Boyle, 

2005). The entire modifications resulting from the manual curation are listed in the 

supplementary table. 

 

3.1.1.3. Addition of reactions  

The initial genome-scale model specific for CHO DG44 cells was extracted from a general 

consensus model with an algorithm based on gene expression thresholds. As demonstrated 

recently (Opdam et al., 2017), the algorithm used for extraction and the gene expression 

threshold are key decision parameters to build a cell line specific model and can significantly 

impact model content and accuracy. 
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In total, seven reactions were manually added (Table 3-1) to complete glycolysis, oxidative 

phosphorylation and TCA pathways as compared to the pathways found in the KEGG database 

(Kanehisa et al., 2017; Kanehisa and Goto, 2000; Kanehisa et al., 2016) for C. griseus. 

A new compartment named mitochondrial membrane (mm) was added in the model. As the 

reaction catalyzed by succinate dehydrogenase (SDH) is inherent to the activity of complex II of 

respiratory chain (Cecchini, 2003; Lenaz and Genova, 2010), the reducing power FADH2 produced 

by SDH and used by complex II was assigned to this new compartment in order to make sure that 

the FADH2 produced by the mitochondrial SDH is directly fueled in the electron transport chain. 

A directly measurable result can be visualized in Suppl. Figure III - 3. The predicted activity in 

complex II was increased in the curated model and the progression over time seems to follow the 

physiological conditions, if we consider oxygen uptake rate experimentally measured during cell 

cultures as a marker of energy metabolism (Deshpande and Heinzle, 2004). 

 

Table 3-1: List of reactions added in the model. 

Reaction name Reaction ID Reaction 

Glyceraldehyde-3-phosphate 
dehydrogenase 

GAPDH 
g3p_c + nad_c + pi_c --> 13dpg_c + h_c + 

nadh_c 

Pyruvate kinase PYK adp_c + h_c + pep_c --> atp_c + pyr_c 

NADH dehydrogenase, 
mitochondrial 

NADH2_u10m 
5 h_m + nadh_m + q10_m --> 4 h_im + 

nad_m + q10h2_m 

Pyruvate dehydrogenase PDHm 
coa_m + nad_m + pyr_m <=> accoa_m + 

co2_m + nadh_m 

Glycerol-3-phosphate 
dehydrogenase 

G3PD dhap_c + nadh_c --> glyc3p_c + nad_c 

Glutathione peroxidase and catalase, 
cytosol 

GTHP_CAT_c 
2 gthrd_c + 3 h2o2_c --> gthox_c + 4 

h2o_c + o2_c 

Glutathione peroxidase and catalase, 
mitochondria 

GTHP_CAT_m 
2 gthrd_m + 3 h2o2_m --> gthox_m + 4 

h2o_m + o2_m 

3.1.2.  Modifications of the metabolic network directly related to high yielding 

production cells metabolism 

3.1.2.1. Correction for activation of the oxidative stress pathway 

Industrial production cell lines are subjected to elevated oxygen levels, and this highly activated 

aerobic cell metabolism generates continuously free radical species that can impact cell 

performances and product quality (Ha et al., 2018; Selvarasu et al., 2012; Templeton et al., 2013). 
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To tailor the network to this specific metabolic trait related to high yielding production cells, the 

following modifications were applied: (i) deletion of the reaction for H2O2 secretion; hydrogen 

peroxide being an unstable molecule, it quickly reacts with any present metabolite, so any 

significant secretion cannot be representative of the biological reality, (ii) conservation of the 

cytochrome C oxidase reaction producing 2% of superoxide to have a constant production of 

reactive oxygen species associated to cellular respiration (Turrens, 2003), (iii) a simplified version 

of the antioxidant defense system was included by fusing the catalase and glutathione peroxidase 

reactions, as illustrated in Figure 3-1, in order to have them activated simultaneously when 

computing the solution. This global detoxifying reaction called “GTHP_CAT” was created as a 

balanced equation of the two main antioxidant enzymes catalase and glutathione peroxidase 

(Weydert and Cullen, 2010), localized both in mitochondria and cytosol (Table 3-2).  

These modifications represent a major improvement in the model, as it allows activation of 

glutathione peroxidase reaction, and can be used to have a more representative use of the 

substrates and products involved in regulation of oxidative stress. However, the global rate of 

the reaction is only comparable to in vivo detoxification rates if there is a fixed ratio between 

catalase and glutathione peroxidase. At high H2O2 levels, catalase has been shown to have a 

prominent role in mammalian cells (Ho et al., 2004) with an activity almost 100 times higher than 

glutathione peroxidase quantified  in CHO cells (Keizer et al., 1988). However in our knowledge 

this ratio has been shown as constant during cell culture, and may be subject to variations. 

Overall, the modifications made allow a more precise prediction of the redox and antioxidant 

status of the cell at different days of the cell culture. A more realistic NADPH/NADP+ requirement 

can be computed, so the model could also be used to define a strategy for minimization of 

biological damages caused by oxygen-derived radicals. 
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Figure 3-1 : Pathways for generation of ROS by mitochondrial electron transport chain, 
included in the model. 

The balanced equations given by the addition of the reactions catalyzed by the enzymes catalase and 
GHS peroxidase were added in the model, named GTHP_CAT_m and GTHP_CAT_c, both in the 

mitochondrial and cytosolic compartment. Plain line : oxidative phosphorylation included in the 
initial model ; Dash lines : oxidative stress included in the initial model ; GSH and gthrd : reduced 

glutathione; GSSG and gthox : oxidized glutathione. 

3.1.2.2. Mathematical compensation for lipid accumulation 

Lipidomics data we generated (Suppl. Figure III - 4) and recently published studies (Ali et al., 2018) 

have demonstrated the importance of lipid metabolism for the phenotype of CHO cells cultivated 

in fed-batch production, which could also explain a large cell diameter observed with high 

producers (Pan et al., 2017). There is experimental evidence that lipids accumulate in the cells 

towards the end of the process, especially glycerophosphatidylinositol and triacylglycerol. For 

mammalian cells, this storage mechanism gives a competitive evolutionary advantage in case of 

fluctuations in the composition of the extracellular medium, since they are able to accumulate 

lipid droplets to form a source of energy storage (Farese and Walther, 2009). These lipid droplets 

are made of a phospholipid monolayer surrounding sterol esters and triacylglycerols, and their 

growth seems to be associated to triacylglycerol synthesis. This information was included in the 
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model with the addition of a constraint on minimum production rate of triglyceride, and no strict 

constraints was fixed for lactate secretion. ANOVA found significant difference between the 2 

modeling conditions  – considering and excluding triacylglycerol accumulation – from day 3 to 

day 0 included (p < 0.0003). In Figure 3-2, pairwise comparisons were performed using Tukey’s 

HSD test with a family-wise confidence level of 95%. Flux rates extracting statistically similar 

values were grouped and labeled accordingly. In the model, adding a constraint to consider a 

storage of triglycerides had a direct impact on predictive lactate production rate, which was 

quantitatively comparable to measured rates without subverting the flux rate distribution 

solution. In this regard, the tailored genome-scale model is accurately representative of the 

metabolism of high producing cells and can even be considered to be used as a complementary 

tool for the cell line selection process. 

 

Figure 3-2: Impact on the addition of predicted lipid accumulation on predicted lactate 
flux rate. 

The experimental data correspond to control processes of cell line CHO DG44_mAb 1 (n=3) and was 
computed independently to obtain the mean and standard deviation given when modeling using the 
genome-scale model. The same upper and lower bounds were set each day in the two predictions. 
Label a is for experimental condition, b is predicted values. The prediction value corresponding to 
predicted lactate secretion rate (+ TG) has an additional constraint of a minimal daily triglyceride 

“accumulation” rate (lower bound set for “EX_tag_cho_e_” reaction). Values are normalized 
according to growth rate across all datasets. Conditions showing a statistical similar lactate flux rate 

were grouped together (group a or b) based on Tukey’s HSD (P < 0.05). 
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3.1.3.  Summary of the curation process 

The final model consists of 3942 reactions, 2750 metabolites and 1188 genes as described in 

Table 3-2. The initial model was simplified in order to match with the mathematical approach 

used and the available set of constraints applied. Moreover, the model was adapted to high 

yielding cell metabolism and can be used to infer more knowledge about industrial processes. 

A pathway for oxidative stress was specifically designed so that the impact of high oxygen 

concentration in cell culture process is more accurately represented. This addition in the model 

makes possible to simulate cell adaptation to oxidative stress, by increasing levels of 

antioxidant defenses and by metabolizing larger amount of glucose via the pentose phosphate 

pathway (Ahn and Antoniewicz, 2011). The role of lipid storage during cell culture was also 

included, which makes a difference in the predictions in terms of flux distribution and correlates 

with in vivo observations. Considering lipid metabolism in cell culture with the help of a 

genome-scale model is one of the most adequate way of doing, as lipid metabolism needs to 

be put in perspective of the entire metabolic network. Lipids can have an impact at different 

metabolic levels on energy storage, nutrient intake, cell growth, and regulation of cellular 

processes. Physiological features characterizing specifically high producing cell lines, such as 

those added in the curated genome-scale model, are important to capture accurate phenotypic 

predictions. Other important features can be considered in future work for enhancing 

predictive power, such as the incorporation of a more complex amino acid import processes. In 

a recent study, 16 amino acid transporters have been identified in abundance in high-producing 

recombinant cell lines, with a regulated coordinated antiport system to supply amino acids. 

These transporters have a variable relative expression levels that depend both on the 

metabolism of the engineered CHO cell line, and on amino acid concentration in cell culture 

medium (Geoghegan et al., 2018). Prediction of energy utilization and specific productivity 

could also be improved by considering the level of difficulty associated to the folding step of a 

specific antibody (Le Fourn et al., 2014), as well as the protein secretory pathway which has 

been identified as a bottleneck in some cases (Pieper et al., 2017; Rahimpour et al., 2013). 

 The resulting model is tailored to industrial cell lines and can be used with simple information 

as input, by adding constraints available from daily metabolite concentration measurements in 

the culture medium. 
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Table 3-2 : Comparison of the original and curated model. 

 Initial model Curated model 

Number of reactions 4533 3942 

Amino acid metabolism 205 196 

Carbohydrate metabolism 181 175 

Cofactor and vitamins 152 146 

Nucleotide metabolism 207 203 

Lipid metabolism 570 565 

Energy metabolism 21 21 

Transporters 2616 2072 

Glycan synthesis 142 142 

Other 422 439 

Number of metabolites 2750 2750 

Number of genes 1132 1188 
 

3.2. Application of the curated model to one industrial cell line during 

fed-batch production 

In order to validate the manual curation performed, the model was tested for simulation of 4 

independent 2L cell culture bioreactor run from a known production process. The evaluation of 

the curated tailored model was based on the comparison of cell performances and 

exometabolomics data with experimental data, and with knowledge available in literature. 

3.2.1. The predicted phenotype of the industrial recombinant producing cell line 

is comparable with experimental observations  

The cell count over time for the culture of a CHO DG44 cell line producing mAb1 grown in 

supplemented medium is presented in Suppl. Figure III - 5. This plot distinguishes a first period, 

from inoculation to day 7, where cell growth dominates the exponential phase. This time frame 

was selected for modeling, as it was considered to be a key phase in cell culture. During this 

period, cell counts and antibody titer increase respectively approximately 13- and 11-fold. 

Experimental specific growth rate decreases and specific productivity increases linearly from day 
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2 to day 7. Therefore, during this time frame, most of the amino acid demands can be attributed 

to both cell proliferation and maintenance, as well as product assembly for antibody production.  

As daily sampling was performed before media additions, it was assumed that perturbations of 

metabolic steady-state due to media additions were negligible in a time frame of 20-24 hours 

(Segre et al., 2002). This time frame can be considered to be sufficient to achieve equilibration of 

extra and intracellular equilibration of metabolites, thus to attain stationary values of 

macroscopic properties of the bioreactor (cell density and metabolite concentrations). pFBA was 

applied from day 2 to day 7 of cell culture processes, when experimental specific growth rate 

shows a linear evolution over time and cell death is negligible. After day 7, cell death becomes 

more important than cell growth, which currently cannot be predicted well by the model. 

3.2.2. The majority of metabolite secretion and production rates are predicted 

accurately by the tailored model 

The model was semi-constrained with exometabolomics data and the four predictions were 

computed for each independent 2L run. By doing so the goal was to verify that the biosynthetic 

growth requirements were comparable to the in vivo metabolic needs, and to some extend this 

semi loose constraints were applied to calibrate the model with the available nutrients in the 

experimental growth environment.  

3.2.2.1. Prediction of amino acid utilization 

As amino acids are one of the most important set of metabolites for growth of mammalian cells 

and production of proteins, we wanted to see how the model predicts their uptake and 

production. 

Figure 3-3 shows the comparison between the predicted and the experimental value of the 

measured metabolites. Correlation coefficient is 0.91 for predicted growth rate, which indicates 

a very reliable prediction when applying the tailored model to high yielding cells. Simulations 

were also performed with changing the objective function to maximization of antibody 

production from day 6 to 9, and in this case correlation coefficient of 0.61 indicates inaccurate 

predictions compared to experimental specific productivity. This inaccuracy can be explained by 

the fact that cells keep growing by biomass during exponential phase and also during the 

stationary phase (Pan et al., 2017), thus the most appropriate objective function to be applied 

during the chosen time frame is maximization of biomass production. 
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Among various amino acids, the highest consumption rates were observed for asparagine and 

serine both in vivo and in silico. High asparagine consumption is linked to increased alanine, 

glycine and ammonia concentration during the process (Hansen and Emborg, 1994; Selvarasu et 

al., 2012). Predicted consumption rates of the primary carbon sources, glucose and glutamine 

(Burgess, 2011), are strictly equal to the experimental rate. At the early stage of the exponential 

phase, cells exhibit a high glucose consumption rate and a high lactate production resulting from 

a high glycolytic rate. This is consistent with the Warburg effect, which is observed in culture of 

continuous cell lines under aerobic conditions and describes a phenotype characteristic of tumor 

cell metabolism (Deberardinis et al., 2008). Ammonia secretion rate resulting from glutamine 

consumption in the initial exponential phase significantly decreased after day 3, both for the 

predicted and experimental values. As shown in Figure 3-3. B., 96% of the considered metabolites 

showed a correlation coefficient higher or equal to 0.8 with experimental value. In this regard, 

the methodology applied for modeling reflects accurately the cellular metabolism in early 

exponential phase, at the level of nutrient source utilization and cell performances. 
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A 

 

B 

 

Figure 3-3: Correlation of predicted rates with experimental values. 
(A) Correlation coefficient (r²) of predicted growth and specific productivity (Qp) with experimental 

data. Growth rate was predicted from day 2 to 7 and Qp from day 6 to 9, using respectively 
maximization of biomass production and antibody production as the objective function. Average 

value of the 4 independent predictions was used to determine squared correlation coefficient. (B) 
Comparison between experimental fluxes and predicted fluxes in case the objective function chosen 

is maximization of biomass. Normalized consumption (negative) and production (positive) rates of 
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extracellular metabolites at each day of the cell culture. Coefficient of determination (r-squared) was 
calculated from the regression line of the average experimental and the average predicted values. 
Error bars denote standard deviation of the mean (n=4). Information about the method applied for 

modeling is detailed in section 2.2. 

 

3.2.2.2. Analysis of fluxes that drive metabolic switch from production to net 

consumption gives better understanding for medium optimization   

Metabolites such as alanine, aspartate, lactate and glutamate are produced in the early stage of 

the culture and a switch from production to consumption is observed at day 4 (Figure 3-3). The 

accumulation of some of the produced metabolites are responsible for a decreased cell growth 

and antibody productivity (Duarte et al., 2014; Lao and Toth, 1997; Ozturk et al., 1992). As the 

mechanisms that trigger this metabolic shift are unknown (Hartley et al., 2018), the model was 

used to analyze the rewiring of metabolic pathway and what can be done at the level of medium 

composition to avoid any negative impact on cell growth. 

3.2.2.3. Flux predictions describe alanine and lactate switch from production 

to consumption throughout the culture 

Based on the predictions, alanine is entirely produced by alanine transaminase from day 2 to 5 

and imported from the medium towards the end of the culture. The shift from production to 

consumption at day 4 can be correlated to lactate shift, as lactate is no longer available for 

conversion to pyruvate, cell metabolism redirects pyruvate fluxes to maintain flow to 

mitochondrial citric acid cycle. In silico, alanine is consumed to form proteins for biomass 

formation as well as the low and heavy chain of the antibody, thus predicted alanine metabolism 

is in agreement with literature (Suppl. Figure III - 6) (Pereira et al., 2018; Sellick et al., 2015). As 

pyruvate resulting from intense early glycolytic activity is converted to both lactate and alanine, 

pyruvate and glucose concentration in culture medium should be controlled at a low level at the 

beginning of the process.  

3.2.2.4. Genome-scale model highlights important role of asparaginase in 

ammonium production 

Accumulation of ammonium in the production medium has been shown to be inhibitory for cell 

growth and antibody productivity (Chen and Harcum, 2005; McQueen and Bailey, 1990; Yang and 

Butler, 2000), thus the model was used to identify the different source of ammonium production 

during the process. From day 2 to 5, ammonium is mainly produced by glutaminase, which 



Page 88 of 225 
 

catalyzes the hydrolysis of glutamine to glutamate and ammonia (Suppl. Figure III - 7). This initially 

high secretion of ammonium adds up to an overall constant ammonium production from 

asparaginase and cysteine desulfhydrase. Ammonium is highly secreted at the early exponential 

phase, and a switch is observed after exhaustion of glutamine in the medium. As glutamine 

requirement increases, glutamine synthetase is responsible for the minor NH3 uptake observed 

day 5, 6 and 7.  

What is interesting to notice in these predictions, is the relatively high and steady production of 

ammonium due to asparaginase activity. This observation seems to be confirmed by different 

studies (Pereira et al., 2018; Selvarasu et al., 2012). In order to assess the impact of ammonium 

production from asparagine, we performed an experiment with higher amount of asparagine in 

the production medium and/or in the feed. As shown in Suppl. Figure III - 8, higher asparagine 

concentration in the medium leads to a consistently higher ammonium production rate towards 

the end of the process. This elevated ammonium release is more likely to be the product 

degradation of asparaginase, as no ammonium accumulation was measured in the medium alone 

supplemented with asparagine, kept under similar culture condition, thus excluding a natural 

degradation of asparagine in the medium (data not shown). A possible way to reduce ammonium 

secretion would be to decrease asparagine concentration, or to increase the concentration of the 

product of asparaginase, aspartate, to avoid generation of additional by-product in the medium. 

3.2.2.5. Extracellular glutamine depletion triggers redirection of fluxes to 

maintain glutamate requirements 

Predicted glutamate catabolism is represented in Suppl. Figure III - 9. Reactions catabolizing 

glutamate to replenish TCA cycle were grouped together (phosphoserine transaminase, 

glutamate dehydrogenase and aspartate transaminase). The predicted consumption rate of 

glutamate for global replenishment TCA cycle intermediates is higher than for protein synthesis 

at all days.  

As glutamate is required for synthesis of glutamine from day 5, glutamine synthetase flux is 

activated to synthesize glutamine for glutamate and thus its biosynthetic requirement increases 

to maintain elevated TCA activity and protein synthesis rate. Experimental glutamate uptake rate 

increases from day 5 until day 7 to maintain energy and growth requirements. In the model 
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glutamate contribution for protein synthesis remains the same (about 10% of the net consuming 

fluxes). 

Among the amino acids imported from the medium, arginine, phenylalanine, proline, tryptophan, 

tyrosine, and valine are predicted to be entirely utilized for synthesis of biomass and antibody 

from day 2 to 7. However at day 5 and 6, isoleucine, leucine, lysine and proline are catabolized 

to produce glutamate respectively by isoleucine transaminase, leucine transaminase and 

saccharopine dehydrogenase. The predictions indicate that these metabolites are partially 

compensating increased glutamate requirement from day 5.  

3.2.3. Conclusion of the analysis of predicted phenotype and exometabolomics 

rates 

Amino acid metabolism consists of a complex network of reactions, and their catabolism during 

cell culture can vary according to the environmental conditions. The predictions obtained for this 

process regarding catabolism of 96% of the amino acids are in correlation with the general use 

of the nutrients in CHO cell culture (Grohmann and Bronte, 2010). As demonstrated, genome-

scale models are the most suitable tool to analyze nutrient catabolism and sub consequent 

activation of reactions responsible for higher by-product secretions. 

As a conclusion to this assessment study of the tailored genome-scale model, the improvements 

and manual modifications performed have led to a functional model that can be successfully 

applied to predict metabolic capabilities of industrial CHO cell producers in a robust manner. Both 

the curated model and the methodology for simulation of the environmental conditions are 

validated, and further analysis is performed to gain additional biological insights. 

3.2.4.  In silico analysis of intracellular flux distribution  

The activity of 18 reactions covering important metabolic branch points are shown in Figure 

3-4.  
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Figure 3-4 : Major pathways of central carbon metabolism and predicted distribution of 
normalized intracellular fluxes from day 2 to 7 for independent 2L bioproduction 

processes (n=4 biological replicates). 
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A first metabolic phase can be identified from day 2 to 4, characterized by a high glycolytic and 

glutaminolytic metabolism. On day 2 and 3 respectively, 76% and 60% of pyruvate produced via 

glycolysis is secreted as lactate, which generates 2 moles of ATP per mole of glucose consumed 

instead of 36 through oxidative phosphorylation. Although the energetic yield is lower compared 

to oxidative phosphorylation, the high flux through aerobic glycolysis can produce ATP in large 

quantities and at a fast rate, as NAD+ recovered from lactate dehydrogenase can be used to 

maintain glycolysis. On the other hand, glutamine is largely used to fuel the TCA cycle with 2-

oxoglutarate, which complete oxidation contributes to ATP production by the TCA cycle and 

electron transport chain. 

High predicted flux through pentose phosphate pathway (PPP) in the first days allows generation 

of key intermediates for nucleotide metabolism (ribose-5-phosphate), for fatty acid synthesis and 

for reduction of oxidative stress with reducing NADPH, which provides the cell with bioenergetic 

resources that are essential for proliferation. PPP flux, characterized by a linear decrease towards 

the stationary phase, can be compared with experimental results obtained with a 13C-based MFA 

study conducted on a fed-batch cell culture process with CHO-K1 cells (Ahn and Antoniewicz, 

2011). By day 6, a significant decrease of NADH and NADPH production at different branches of 

the metabolism can be linked to a drop of activity for complex I and antioxidant enzymes. The 

decreased enzymatic activity of the following reactions could worsen the metabolic burden 

towards the end of cell proliferation: glucose 6-phosphate dehydrogenase, malate 

dehydrogenase, complex I of oxidative phosphorylation and activity of antioxidant enzymes. 

A second phase can be observed after day 4, with the exhaustion of glutamine possibly linked to 

an increased activity of IDH in order to compensate a decreasing supply of oxoglutarate, and to 

a decreased activity of malate dehydrogenase, as pyruvate supply from glycolysis decreases and 

its consumption rate through TCA cycle remains constant. Supplementing glutamine in the 

medium would not be an interesting strategy as glutamine metabolism releases ammonia, which 

accumulation in the medium has been reported to be inhibitory or toxic to cells. A different 

feeding strategy could be considered here with controlled additions of glutamine to maintain it 

at a low concentration from day 4. 

Flow through glycolysis decreases with decreased growth rate towards day 7, similarly to the 

oxidative branch of the PPP and to acetyl-CoA carboxylase, thus associated to a decreased 

production of fatty acids synthesis required for cell growth. However flow through TCA cycle is 
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more or less constant, except for malic enzyme and malate dehydrogenase which are balancing 

each other and are compensating a decreased income of pyruvate through glycolysis (pyruvate 

kinase) from day 4, by re-directing malate to synthesis of pyruvate instead of oxaloacetate. 

Although predicted oxygen uptake rate remains almost constant with a low variation between 

the run, ATP synthase activity significantly decreases in the last days following the same trend as 

the complex I. According to these predictions, cell death seems to be preceded by an overall 

lower rate of NADH production, possibly a triggering signal for apoptosis. 

4. Conclusion  
 

The initial CHO cell line specific GSM was modified in order to cope with constraints that are 

either not available or not applied in the chosen mathematical representation of the metabolic 

network. The improved model was also modified by considering specific metabolic traits 

observed in high producing cell lines. Thus this network was carefully and manually curated, 

firstly by identifying reactions that could not be modeled accurately and by determining a 

rationale for simplification, and secondly by incorporating in the model information specific to 

industrial cells used for recombinant protein production, regarding the adaptation of cells to 

oxidative stress under elevated oxygen conditions and lipid storage. The results presented here 

showed that the flux distributions of the curated CHO DG44 specific line GSM was biologically 

meaningful and yielded insights into cell metabolism. Predicted growth rate shows a very good 

correlation coefficient of 0.91 with experimental growth, and 96% of the extracellular 

metabolites measured showed a coefficient higher than 0.8. Based on this high correlation the 

analysis of the metabolic network was considered valid from day 2 to 7, and the predictions 

allowed to identify potential ways for medium optimization, such as reducing the amount of 

asparagine. With the current knowledge integrated in the metabolic network, observations that 

can be drawn from in silico analysis of cell metabolism at different days for the 4 independent 

2L batches open up the opportunity for biological discovery and understanding of cell machinery. 

During cell culture process, amino acid required for protein and biomass synthesis are predicted 

to be increasingly redirected in anaplerotic reactions to support energy requirements. 

Intracellular analysis of cell metabolism can help to identify bottlenecks and breaking point 

preceding death phase. The predicted evolution of energy metabolism is highly impacted by the 

activity of pathways that produce and consume NAD+ and by the maintenance of a cellular 
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NAD+/NADH balance. This ratio could be changed by over-expressing specific enzymes to 

augment internal cellular energy metabolism towards the end of the exponential phase, as it has 

already been performed with CHO cells (Gupta et al., 2017). If successful, we can imagine 

achieving extended culture time and delaying cell death, which feeds high expectations for an 

increased cell productivity (Lee et al., 1998). 
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Chapter 4          

           

Application of a genome-scale model in 

tandem with enzyme assays for 

identification of metabolic signatures of 

high and low CHO cell producers 
 

Cyrielle Calmels, Solène Arnoult, Laetitia Malphettes, Mikael 

Rørdam Andersen  

 

Abstract 
 

Biopharmaceutical industrial processes are based on high yielding stable recombinant 

Chinese Hamster Ovary (CHO) cells that express monoclonal antibodies. However, the process 

and feeding regimes need to be adapted for each new cell line, as they all have a slightly 

different metabolism and product performance. A main limitation for accelerating process 

development is that the metabolic pathways underlying this physiological variability are not 

yet fully understood. This study describes the evolution of intracellular fluxes during the 

process for 4 industrial cell lines, 2 high producers and 2 low producers (n=3). In order to 

understand from a metabolic point of view the phenotypic differences observed, and to find 

potential targets for improving specific productivity of low producers, the analysis was 

supported by a tailored genome-scale model, and was validated with enzymatic assays 

performed at different days of the process. A total of 59 reactions were examined from 

different key pathways, namely glycolysis, pentose phosphate pathway, TCA cycle,  lipid 

metabolism, and oxidative phosphorylation. The intracellular fluxes did not show a metabolic 

correlation between high producers, but the degree of similitude observed between cell lines 

could be confirmed with additional experimental observations. The whole analysis led to a 

better understanding of the metabolic requirements for all the cell lines, allowed to the 

identification of metabolic bottlenecks and suggested targets for further cell line engineering. 

This study is the first successful application of a curated genome-scale model to multiple 

industrial cell lines, which makes the metabolic model suitable for process platform. 
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1. Introduction 
 

The global market for biological products is driven by increased demand in research activity 

to develop biologics against high incidence rate diseases such as cancers, immunological or 

neurological disorders. Most of the treatments rely on protein-based therapies, which are 

produced essentially in Chinese Hamster Ovary (CHO) cells, due to their suitability for large 

and complex recombinant protein synthesis, and their high productivity. Today, CHO cells are 

used to produce more than half of all therapeutic proteins on the market. However, one of 

the challenges for CHO cells is the poor understanding of the sources of phenotypic variations 

during cell culture processes, despite a long and laborious cell line development step 

dedicated to the selection of the best candidate. Efforts in cell line engineering have been 

relatively few compared to the importance of the cell factory, and focused on energy 

metabolism (Irani et al., 1999; Jeong et al., 2006; Wlaschin and Hu, 2007), cell cycle 

mechanisms and especially apoptosis and cell death (Mastrangelo et al., 2000; Meents et al., 

2002). To increase cell productivity, any of the steps involved in the production of complex 

proteins such as antibodies needs to be studied as any of them could be a bottleneck. When 

the mechanisms are properly understood, we can imagine to identify new markers that would 

help cell line development teams to decide whether a clone is a high-producer or not. The 

efficiency in recombinant protein production indeed relies on different steps, such as efficient 

gene transcription, transport of messenger RNA to the membrane of the endoplasmic 

reticulum, protein translation and translocation, protein maturation by posttranslational 

modification, and secretion of the correctly assembled molecule (Reinhart et al., 2014). Also, 

as a direct observation in industrial CHO cell processes, the metabolism of the CHO cell is 

characterized by high consumption rates of substrates added in medium and feed, as well as 

accumulation of by-products and metabolic intermediates during the run (Pereira et al., 

2018). This observation underlines that CHO cell metabolism could be further optimized, and 

that cells have the potential to increase their performances if correct metabolic targets can 

be identified. Bearing in mind the expectations for a more efficient metabolism, metabolic 

flux analysis has emerged as a powerful technique to provide quantitative information on the 

cellular machinery at the level of flux distribution. As such, it can be used to gain fundamental 

understanding in the metabolic pathways for product formation (Ahn and Antoniewicz, 2012).   
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Here we present an application of a curated genome-scale model to 4 different industrial cell 

lines, that have been characterized as high and low producers, in order to identify bottlenecks 

in a number of metabolic pathways. We will describe the mathematical approach, discuss the 

predictions and compare them to experimental observations in order to infer information on 

the metabolic traits of a high producing cell line and identify specific metabolic targets. 

2. Material and methods 

2.1. Cell culture and extracellular metabolite analysis 

2.1.1.  Cell culture conditions 

Twelve fed-batch cell culture experiments were run independently, for which cell phenotype, 

variation of extracellular metabolite concentrations, and process parameters were monitored. 4 

CHO DG44 cell lines producing four different monoclonal antibodies (mAb1, mAb2, mAb3 and 

mAb4) were cultivated in 2L stirred tank glass bioreactors in triplicates, controlled by supply 

towers (C-DCUII, Sartorius Stedim Biotech) and monitored by a multi-fermenter control system 

(MFCS, Sartorius). The cells were grown under serum free conditions in a proprietary and 

chemically defined media. Precultures were cultivated in increased volume capacity of 

Erlenmeyer flasks (Corning Inc, Germany) on a shaking device at 37°C and 5% CO2 in a humid 

atmosphere. The starting culture volume was identical for the different production runs and the 

bioreactors were inoculated at similar target seeding density. The cultivation temperature was 

kept constant at 36.8°C and the impeller used was a 3-segment blade impeller. During the 

cultivation, the pH was fixed at 7.0, with an allowable variation of 0.2, and controlled by gassing 

CO2 and a sodium carbonate solution. Dissolved oxygen was maintained at 40% of the saturation 

concentration. Continuous nutrient feeding was started 72 hours after inoculation, with 

predetermined rate using a proprietary, chemically defined concentrated feed. The feed rate was 

adapted every day, following a predefined feeding profile. In addition to this continuous feed, a 

bolus feed addition also started 72 hours after inoculation. Samples were taken once a day, 

before feeding. When the glucose concentration was below 5.6 g/L, a glucose solution of 500 g/L 

was added as a bolus. Specific growth rate was calculated for each experimental condition as in 

equation 1: 

 µ =  
𝛥ln (𝑉𝐶𝐶)

𝛥𝑡
  (1) 
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The exponential growth equation is described by equation 2: 

  ln(X) = ln(X0) + μt  (2) 

where μ is the specific growth rate, X is the cell density at time t (i.e. cell mass or number per unit 

volume of culture medium), and X0 is the initial cell density at the onset of exponential growth. 

This equation was used to determine the specific growth rate from linear regression of cell 

density measurements over time. 

2.1.2. Analytical methods 

Samples from the bioreactor were taken daily for cell density and viability analysis using the VI-

CELL® XR (Beckman-Coulter, Inc., Brea, CA), based on the trypan blue exclusion method. Samples 

were centrifuged and supernatants were analyzed to quantify concentration of glucose, lactate, 

amino acid and monoclonal antibody. Glucose, lactate, glutamate, glutamine and ammonium 

concentrations were determined using a Cedex Bio HT Analyzer (Innovatis, Bielefeld, Germany) 

or a NOVA 400 BioProfile automated analyzer (Nova Biomedical, Waltham, MA). Cell culture 

supernatant samples were stored at -80°C or directly analyzed for product titer with a ForteBio 

Octet model analyzer (ForteBio, Inc., Menlo Park, CA) or protein A high performance liquid 

chromatography (HPLC). Amino acids were analyzed by reversed-phase UPLC (Waters 

AccQ · Tagultra method) after ultra-filtration using Amicon Ultra-0.5 mL centrifugal filters (Merck 

Millipore, Billerica, MA). pH and DO were measured on-line and the measurement accuracy was 

verified through offline analysis of pH and partial pressure of CO2 (pCO2) using a BioProfile 

pHOx® blood gas analyzer (Nova Biomedical Corporation, Waltham, MA). Cellular lipids were 

extracted based on Matyash method (Matyash et al., 2008), separated by hydrophilic interaction 

liquid chromatography (HILIC) and detected by triple quadrupole mass spectrometry (Waters, 

Millford, MA). Internal 13C labelled lipids standards provided by Avanti Polar Lipids (Alabaster, AL) 

were added prior to extraction to ensure an accurate quantification. 
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2.2. Modeling procedure  

2.2.1. Genome-scale model 

The genome-scale model used was the one that was presented in the first chapter (Calmels et 

al., 2018, under review with Metabolic Engineering). For each cell line modeled, the reaction 

responsible for antibody production in the model was tailored to the antibody produced by the 

cell line chosen. The stoichiometric coefficients of the amino acids required to produce the IgG 

were changed to the one corresponding to the specific amino acid sequence of the antibody 

produced, thus generating 4 genome-scale models for the cell lines producing mAb1, mAb2, 

mAb3 and mAb4. 

 

2.2.2. Theoretical approach for modeling 

The modeling framework can be represented by a stoichiometric matrix (S) and a vector of 

reaction fluxes (v) indicating the reaction rates. The basic steady-state mass balance constraint 

can be enforced by the linear equation 5. Additional constraints can be introduced by restricting 

fluxes with upper or lower bounds through inequality 6. To find the flux distribution, 

parsimonious enzyme usage Flux Balance Analysis (pFBA) (Lewis et al., 2010) was employed. This 

optimization method is based on the assumption that the cell is using a minimum amount of 

enzymes to reach a maximized objective, under the hypothesis of steady-state. The mathematical 

formulation of the objective function is given by equation 3, and the requirement for the 

minimum absolute values among all the alternatives optima is described by equation 4. To find 

the flux distributions, the network is constrained by imposing lower and upper bounds for each 

flux, and by assuming a steady-state condition, which leads to the following optimization 

problem: 

 max 𝑐𝑣,   (3) 

 min ∑ |𝑣|,  (4)    

 𝑠. 𝑡.   𝑆𝑣 = 0 (5) 

   and, 

  𝑣𝑚𝑖𝑛 ≤ 𝑣 ≤ 𝑣𝑚𝑎𝑥  (6) 

 

Where cv corresponds to the objective function and c is a vector of weights, indicating how much 

each reaction contributes to the objective function. 

Linear programming was performed using Gurobi Optimizer (Gurobi Optimization Inc., Houston 

TX) in Python 2.7.12 (Python Software Foudation, Delaware, United States).  



Page 99 of 225 
 

2.2.3. Data processing and transforming primary data into flux constraints 

Substrate concentrations at each day of the cell culture were transformed into rates in mmol of 

product per gDW of cells per hour. The modeling time frame chosen was between day 2 and day 

7 of cell culture, which correspond to the exponential growth phase where the pseudo-steady-

state is assumed. All the input flux rate values were calculated using an average dry cell weight 

of CHO cells as 330 pg/cell, as derived as an average of published values (Bonarius et al., 1996; 

Vriezen, 1998; Xie and Wang, 1994; Zupke and Stephanopoulos, 1995). Daily experimental uptake 

or production rates of 24 metabolites in medium were calculated from experimental 

measurements, as followed: 

 

𝑟𝐴,𝑖 =
𝑄𝐴,𝑖+1,𝐵𝐹 − 𝑄𝐴,𝑖,𝐴𝐹

𝑉𝐶𝐶𝑖 +  𝑉𝐶𝐶𝑖+1

2

 

 

Where rA,i indicates the rate of metabolite A at day i, and i = [0 , 14]; Q A,i+1,BF is the measured 

quantity of metabolite A at day i+1 before feeding; Q A,i,AF is the theoretical quantity of metabolite 

A at day i after feeding; and VCC is the cell number. Q A,i,AF is the sum of Q A,i+1,BF and the theoretical 

quantity of metabolite A added after feeding (Qth), calculated with the concentration of 

metabolite A in the feed and the volume of feed added: 

 

𝑄𝐴,𝑖,𝐴𝐹 =  𝑄𝐴,𝑖,𝐵𝐹 + 𝑄𝑡ℎ 

 

The calculated rates were post-processed with a smoother function in order to reduce 

experimental noise and normalized with one value corresponding to a specific growth rate of the 

mAb 1 producing cell line. The experimental variation can be explained by several factors, 

including the sensibility and technical variability of the analytical quantification method, but also 

the degree of biological reproducibility inter-process.  

Experimental production and consumption rates calculated were smoothed using a kernel 

smoother statistical function, in order to avoid irregular data points and noisy observations 

obtained from experimental results (Hastie et al., 2009). The Kernel smoother method was 

applied on calculated experimental flux rates with the support of SAS software JMP 11 ©. 

 

The calculated and smoothed experimental values were then used to set the upper or lower limit 

of the consumption or production rate of the metabolites measured daily in the extracellular 
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environment. Exceptions were made for ammonium, alanine, and lactate which were set to be 

equal to the experimental value in order to constrain the model with the metabolic switch 

between consumption and production.  

The final set of constrained metabolite exchanges comprised the uptake and secretion of 24 

metabolites. The limitations for uptake and production rates were set for each day of the time 

frame chosen for modeling the cell culture process. The objective function chosen was 

maximization of growth. Estimation of metabolic fluxes was performed using CobraPy (Ebrahim 

et al., 2013). 

 

2.2.4.  Pathway analysis 

Metabolic fluxes predicted in selected pathways in the genome-scale model were analyzed. 

The pathways chosen were: glycolysis (glucose uptake rate, hexokinase, Glucose-6-phosphate 

isomerase, Phosphofructokinase, Triose phosphate isomerase, Glyceraldehyde-3-phosphate 

dehydrogenase, Enolase, Pyruvate kinase), pentose phosphate pathway (Glucose-6-

phosphate dehydrogenase, Ribulose-5-phosphate-3-epimerase, Transketolase 1 and 

Transketolase 2), tricarboxylic acid cycle (Citrate synthase, Aconitate hydratase, Isocitrate 

dehydrogenase, 2-oxoglutarate dehydrogenase, Succinyl-CoA synthetase, Succinate-CoA 

ligase, Fumarase, Malate dehydrogenase, Malic enzyme, Pyruvate dehydrogenase, and 

Glutamate dehydrogenase), lipid (Acetyl-CoA carboxylase, Palmitoyl-CoA synthesis, 

Phosphatidylinositol synthase, Cardiolipin synthase, Diacylglycerol phosphate kinase, 

Glycogen synthase, Glycerol-3-phosphate acyltransferase, Lipase, Phosphatidylglycerol 

phosphate phosphatase, Phosphatidylserine decarboxylase, Sterol O-acyltransferase, and 

Glycerol-3-phosphate dehydrogenase). To complete the predictions, the analysis was read in 

conjunction with experimental metabolite exchanges (consumption rate of the 20 amino 

acids and secretion rate of lactate and ammonia), as well as specific growth rate and specific 

antibody productivity. A total of 59 reaction rates were collected for each individual replicate 

of the 4 cell lines at day 2 to 7. 
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2.3. Enzymatic activities 

2.3.1. Sample preparation 

For each kit, the required amount of cells was collected depending on the test and according 

to the manufacturer protocol. Cells were immediately incubated in cold methanol (5 min, -

20°C), which decreases the temperature of the sample down to 4°C in less than a minute, in 

order to stop enzymatic reactions while avoiding liquid freezing. Samples were then washed 

twice, by two centrifugation steps at 3°C for 8 min, at 1400 rpm and resuspension in cold PBS. 

Cell pellets were put in dry ice for 5 min and stored at -80°C until needed. Samples were 

thawed and pellets were resuspended with cold corresponding assay buffer. Cells were lysed 

by sonication with 3 cycles of 30s pulse, 5s interval, on ice (Branson Sonifier 250). Cells were 

centrifuged (10 min, 10 000g, 3°C) and supernatant were transferred to new tubes to be used 

immediately for enzyme quantification. 

2.3.2.  ELISA assay kits 

2.3.2.1. Activities of mitochondrial ETC complexes I, II, and V 

Respiratory complex activity was determined using the Complex I enzyme activity microplate 

assay kit (Abcam, ab109721), the Complex II enzyme activity microplate assay kit (Abcam, 

ab109908) and the Complex V enzyme activity microplate assay kit (Abcam, ab109714). All 

assays were performed following the manufacturer’s instructions. 

For complex I, 60 µg proteins were added to the pre-coated wells. In this assay, complex I 

activity is measured by the oxidation of NADH to NAD+ and the simultaneous reduction of a 

provided dye, which leads to increased absorbance measured at 450 nm (Thermo Scientific 

Multiskan Go) every 30s for 30min. 

60 µg proteins were added to the pre-coated wells with capture antibody for complex II. In 

this assay, the production of ubiquinol by complex II protein is related to the reduction of the 

2,6-diclorophenolindophenol (blue) to DCPIPH2 (colorless), and the decreasing absorbance is 

measured at 600 nm every 20s for 60min. 

Complex V or ATP synthase is immunocaptured within the wells of the microplate, which has 

a monoclonal antibody pre-bound to the wells. 50 µg proteins from the samples were used 

for this assay. In this assay, the conversion of ATP to ADP is coupled to the oxidation of NADH 

to NAD+, which is monitored as a decrease in absorbance at 340 nm every minute for 120min. 
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2.3.2.2. Activity of citrate synthase 

Citrate synthase was quantified with enzymatic assay kit (Abcam, ab119692). Cell pellets were 

solubilized by adding extraction buffer to the samples, and 125 µg proteins were used for this 

assay. The activity of citrate synthase was determined in an immunocapture based manner 

by recording the color development of 5-thio-2-nitrobenzoic acid at 412 nm every 30 s for 

30 min. 

2.3.2.3. Activity of pyruvate dehydrogenase 

PDH activity in samples was quantified using a microplate assay kit (Abcam, ab109902). Cell 

pellets were solubilized by addition of detergent, and 400 µg of total proteins were added to 

anti-PDH antibody–coated wells of a microplate. PDH activity was then determined 

spectrophotometrically by monitoring every 20 s for 15 min the reduction of NAD+ to NADH, 

coupled to the reduction of a reporter dye at absorbance 450 nm. 

2.3.2.4. Activity of malate dehydrogenase 

Malate Dehydrogenase 2 activity assay (Abcam, ab119693) was used to determine 

mitochondrial malate dehydrogenase activity. Cells were lysed in extraction buffer, and 

150 μg of proteins were added to the antibody capture plates. Buffer containing a reagent 

dye was added and the increased absorbance at 450 nm was recorded every 30 s for 30 min. 

2.3.2.5. Colorimetric assay kits 

Glyceraldehyde 3 Phosphate Dehydrogenase activity was assessed by assay kit (Abcam, 

ab204732), as well as glucose 6 phosphate dehydrogenase (Abcam, ab102529), isocitrate 

dehydrogenase (Abcam, ab102528), and glutamate dehydrogenase (Abcam, ab102527). 

2.3.2.6. Total protein quantification  

Total proteins were quantified with the RC DC™ protein assay manufactured by Bio-Rad . This 

colorimetric assay is based on a modification of the Lowry protocol (Lowry et al., 1951), and 

can determine protein concentration in the presence of both reducing agents and detergents. 

Fatty acid free bovine serum albumin was used as a standard.  
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3. Results 

3.1. Unwanted phenotypic heterogeneity observed for industrial cell lines 

in upstream process development 

Figure 4-1 is showing the growth rate and Qp phenotypes of 4 different industrial production 

cell lines under pharmaceutical development, stably transfected with a vector-expressing 

recombinant protein, all derived from the DG44 lineage and cultivated under the same 

conditions. In the same growing conditions, the cells exhibit different phenotypic features. All 

the cell lines, which produce a different therapeutic antibody, display a comparable growth 

rate but a significantly different antibody production rate (Qp). We have categorized 2 cell 

lines as high producers (HP) and 2 as low producers (LP), given the evolution of the specific 

productivity over cell culture time. The first HP has a significant higher Qp from day 2 to 7 

compared to the other cell lines, and the second HP has a later increase of titer, starting from 

day 5 to exceed the average Qp of LPs. Despite an evident increased cell growth, specific 

production rates of recombinant proteins for the 2 LPs remain on average around half of the 

HPs value. 

This unwanted phenotypic heterogeneity is usually tackled by industrial CHO production 

platforms with media and process optimization. In this study, the metabolic status of these 

cells was evaluated at different days of the process, in order to identify specific metabolic 

traits for HP and potential bottlenecks that prevent a higher recombinant protein production.  

 
Figure 4-1: Phenotype of 4 industrial cell lines cultivated in 2L stainless steel bioreactors in 

a fed-batch process. 
HP1 (n=3), HP2 (n=4), LP1 (n=3), and LP2 (n=3) 



Page 104 of 225 
 

3.2. Modeling performances of the industrial cell lines 

A curated genome-scale model specific to CHO DG44 cell lines was used to predict 

intracellular metabolic flux distributions of the 4 cell lines. For each cell lines, all the biological 

replicates were modeled independently, for each day between 2 and 7. The model was semi- 

constrained with exometabolomics data, which means that the experimental amino acid and 

other metabolites consumption/production rates were used to set the theoretical maximal 

bounds in the model. The IgG production rate was set strictly equal to the experimental 

observation. The predicted nutrient consumption rates and by-product production rates were 

then compared to the experimental setting, as a way to calibrate the model and to validate 

that the predictions correspond to the environmental conditions were the cells evolved.  

As the objective function to maximize was the growth rate, in the defined modeling conditions 

the predicted growth rate was compared to the experimental specific cell growth. Suppl. 

Figure IV - 1 shows the correlation coefficient of all the independent bioreactor run, which is 

on average above 0.7 for all the cell lines. This apparent elevated correlation with in vivo 

observations promotes the use of the model to further analyze intracellular fluxes and to 

compare them for HP and LP cell lines.  

We have decided to focus the next part of the study on comparing trends of intracellular 

predicted fluxes with experimental fluxes, for the two high producers, in order to validate the 

predictions of the model. To find the best straightforward approach for assessment of 

experimental fluxes, we have to consider flux definition. Flux rates predicted by the model 

are defined as the turnover enzymatic rate of molecules through a metabolic pathway, and 

the level of regulation is function of 3 factors, namely (i) the activity level of the enzyme 

catalyzing the reaction, (ii) the properties and affinities of the enzyme, and (iii) the 

concentrations of the reactants and products (Nielsen, 2003). Thus, we have decided to 

measure enzymatic activities of cell lines HP1 and HP2 in order to compare in silico flux rates 

to in vivo activities. In order to account for difference in cell growth, all the enzymatic activities 

measured were normalized according to the total amount of protein synthesized in cells.  
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3.3. Enzymatic activities comparable with predicted fluxes highlight 

specific metabolic traits for each HPs 

The objectives of the following experiments were both to compare predicted fluxes to in vivo 

activities, and to compare the metabolism of cell lines HP1 and HP2 that have an elevated 

antibody productivity, in order to characterize metabolic signatures of a high producer and 

identify possible bottlenecks.  

3.3.1. Experimental approach for model validation 

Regarding the modeling approach, for the different cell lines intracellular metabolic fluxes 

were quantified based on the predictions from the tailored genome-scale model (details in 

section 2.2.4.). One genome-scale model was generated for each cell line with their specific 

antibody composition. They were individually constrained with experimental 

exometabolomics data sets, in triplicate for each cell line.  

Regarding the experimental approach, the two HPs cell lines were cultivated under the same 

conditions as the one applied to generate the dataset included in the model, in order to be 

able to compare enzymatic activities to the predicted fluxes obtained from data collected 

from previous experiments. Sampling for enzyme quantification was performed on day 3, 6 

and 9 for enzymatic activity measurements (Figure 4-2).  

 
Figure 4-2: Normalized viable cell count of the control 2L cell culture processes that were 

performed to collect samples for enzymatic activity measurements. 
Red dots: 2L control bioreactor runs (n=2) repeated for collecting cell pellets; Black squares: 2L 

control bioreactor runs (n=3) data that was used to model the cell lines; Red arrows: time points for 
performing enzymatic assays. Normalization according to maximum viable cell count reached. 
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For cell line HP1 and HP2, cell growth obtained in the more recent experiment was 

comparable to historical data. Enzymatic results for HP1 on day 9 have to be analyzed with 

more caution as the average viable cell count is 35% lower than historical data. Except from 

this time point, observations made for all days for HP1 and HP2 regarding the performed 

enzymatic study can be extrapolated to the control conditions.  

3.3.2. Enzymatic activity in electron transport chain confirms predictive trends 

and shows similar activities for both high producers 

As electron transport chain catalyzes the phosphorylation of ADP to ATP by exploiting the 

transmembrane proton motive force, this is one of the most important cellular process that 

ensures cell survival and proliferation. The activity of protein complexes involved in oxidative 

phosphorylation was measured, for complexes I, II and V.  

Our results show no significant difference in the activity of ATP synthase between the 

experimental and predicted values for HPs. Additionally, the activity is on average higher for 

HP1 at the beginning of the process (Figure 4-3), which is a trend also observed in the 

predicted flux rates. However, the activities of complex I and complex II are very comparable 

and relatively constant during the process. According to the enzymatic activities, HP1 seems 

to have on average a more efficient metabolism at the beginning of the process, when HP2 

seems to be at the highest energetical level at day 6. For complex II the trends are comparable 

between experimental and predicted values. 

We can also note that experimental activity of ATP synthase is on average slightly higher than 

complex I and complex II, which is the case as well for predicted fluxes. However predictions 

describe a lower activity in complex II compared to complex I, which is not confirmed 

experimentally.  
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Figure 4-3: Normalized experimental and predicted enzymatic activity. 
The detection was based on ELISA assay and the activity was measured in mOD/min/mg of proteins. 

The data are normalized to the highest activity measured for these tests. 

CS, Citrate synthase; MDH, Malate dehydrogenase ; PDH, Pyruvate dehydrogenase 
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3.3.3. Examination of pyruvate fluxes indicate a more active glycolysis for HP2 

in the early days when HP1 seems to be transitioning earlier to efficient 

energy metabolism 

Pyruvate obtained from glycolysis can be metabolized in several key metabolic pathways. 

Pyruvate can be reduced by lactate dehydrogenase leading to production of extracellular 

lactate, it can be converted into fatty acids, or to energy by pyruvate dehydrogenase (PDH). 

Indeed, when processed towards the TCA cycle, pyruvate decarboxylation produces Acetyl-

CoA which is converted to Citrate, a tricarboxylic acid cycle intermediate (Figure 4-4). 

Additionally, pyruvate can be converted to alanine and produced from cysteine. 

 PDH activity is very comparable with in silico predictions. A higher activity is observed 

on day 3 for HP1 (Figure 4-3), which confirms the trend predicted by the model. The activity 

decreases from day 3 to 6 for HP1, and increases on the day 6 for HP2 followed by a significant 

decrease on day 9.  

Extracellular pyruvate available in the medium and feed starts to be consumed for HP1 

by day 3 (Suppl. Figure IV - 2), which can explain the higher PDH activity for this cell line, 

whereas for HP2 pyruvate is secreted in the medium. On day 3, both cell lines have a similar 

glucose consumption rate and lactate is efflux is negligible. As a general observation, from 

day 0 to 3 HP1 has a lower glucose consumption, a lower lactate production rate and 

consumes pyruvate at a higher rate than HP2. Coupled with PDH activity on day 3, for HP1 

these results highlight an earlier transition of fluxes from glycolysis to tricarboxylic acid cycle 

for ATP production.  

As HP2 has a lower specific productivity than HP1 until day 5 of the process (Figure 

4-1), we could hypothesize that cells that are able to funnel pyruvate fluxes early in the 

process towards TCA cycle will obtain a higher specific productivity. PDH activity in the 

beginning of the process could be a marker to isolate high producers. 
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Figure 4-4: Normalized experimental enzymatic activities and net influx and efflux 
measured during the process. 
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3.3.4. Bottlenecks identified in TCA cycle for both HPs 

Malate dehydrogenase (MDH) catalyzes the oxidation of malate to oxaloacetate using the 

reduction of NAD+ to NADH. The product of this reaction is then used as a substrate by citrate 

synthase (CS) to form citrate, which constitutes the first step of the TCA cycle (Figure 4-4). 

Quantifications of MDH and CS show a constant elevated activity during the run for both cell 

lines (Figure 4-3). The trends are comparable with predictions, characterized by a slightly 

higher activity for HP1 in the first days. However, what was not predicted is that among all 

the enzymatic activities measured in the same units, these two enzymes show the highest 

activity. This observation can indicate that malate dehydrogenase is a bottleneck. 

Constant and elevated experimental CS activity during the run is observed for the two cell 

lines. As in TCA cycle MDH reaction is preceding CS, these results give a new hint that malate 

dehydrogenase is a bottleneck. Indeed, if MDH is a bottleneck, a constant amount of 

oxaloacetate is produced in the mitochondria, which limits CS activity. In another study, 

(Chong et al., 2010) conducted exometabolomics analysis during a CHO cell fed-batch run, 

and revealed that extracellular malate accumulation was the most significant among all the 

metabolites they identified. MDH was identified as a bottleneck of TCA cycle, and its 

overexpression led to an increased cell growth. This could be applied to the cell lines used in 

the industrial production process to further improve their performances. 

3.3.5. Higher PPP activity potentially linked to a better Qp 

Cancer cells perform aerobic glycolysis at high rates and display high levels of glucose uptake 

and lactate production, as it has been observed by Otto Warburg more than 80 years ago (Kim 

and Dang, 2006). One enzyme in the glycolytic pathway has been quantified as a marker of 

glycolysis rate, the glyceraldehyde 3 phosphate dehydrogenase (GAPDH). This enzyme is the 

most concentrated among all the enzymes tested, both for the experimental and predicted 

activities (Figure 4-5). The predicted trend for HP1 is similar to the experimental one, with an 

activity that is divided by 2 between day 3 and 6. The activity is correlated to the glucose 

uptake rate, HP1 has a lower glycolytic rate on day 6 whereas glucose uptake rate and thus 

GAPDH activity is similar on day 3 and 6 for HP2.   

Glucose-6-phosphate dehydrogenase (G6PD) is the first step of the pentose phosphate 

pathway (PPP), generating reducing energy from the first glycolytic intermediate D-glucose 6-
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phosphate. Activity assay shows a negligible G6PD activity for HPs at the beginning of the 

process on day 3 (Figure 4-5). For HP1, on day 6 the activity is seven times higher than on the 

day 3, whereas HP2 shows an activity as low as on day 3.  

This observation can also be linked with GAPDH activity, as on day 6 a lower ratio of 

glucose 6 phosphate is addressed in glycolysis for HP1. In HP1, glucose 6 phosphate is 

funneled to PPP on day 6, which makes it less available for glycolysis and leads to a decrease 

of GAPDH concentration.   

Given that HP1 is transitioning faster than HP2 towards a high Qp, the ability to overexpress 

G6PD at the middle of the exponential phase could be a marker for identification of HPs. The 

results suggest that recombinant protein production could be the cause or the consequence 

of an increased activity in pentose phosphate pathway. Overexpression of G6PD has often 

been used to improve protein production in many hosts (Davy et al., 2017). 

The primary results of PPP are the generation of NADPH, which is used to prevent oxidative 

stress and also in fatty acid synthesis, and the production of precursors used in the synthesis 

of nucleotides and amino acids. Based on the NADPH outcome, two hypothesis could explain 

the difference of level of G6PD expression on day 6. Either HP1 has to cope with more 

oxidative stress than HP2, and then needs a higher amount of NAPDH on day 6, either HP1 is 

more efficient to orientate glucose 6 phosphate to PPP when oxidative stress increases in 

cells. 
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Figure 4-5: Normalized experimental and predicted enzymatic activity. 
The detection was based on indirect detection of NADH and the activity was measured in 

nmol/min/mg of proteins. The data are normalized to the highest activity measured for these tests. 
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3.3.6. Isocitrate dehydrogenase requires more experimental data to interpret 

difference in early days 

Isocitrate dehydrogenase (IDH) is an enzyme involved in the TCA cycle (Figure 4-4). Three 

isoforms are present in CHO cells and have been quantified (Figure 4-5). The IDH3 isoform 

catalyzes the oxidative decarboxylation of isocitrate, producing oxoglutarate, carbon dioxide 

and NADH. The isoforms 1 and 2 are NADP-dependent; IDH1 is located in the cytosol and 

peroxisome, and IDH2 in the mitochondrion. 

A fair prediction of IDH fluxes can be confirmed with the enzymatic assay, as the only 

difference is noticed for the activity of HP2 on day 3, which is more elevated than HP1. On 

days 6 and 9, experimental IDH activity is similar for both cell lines, whereas on day 3 HP2 

shows a higher activity. As citrate synthase is at constant high rate for both cell lines, this 

difference could be explained by a higher activity of the reaction upwards or downwards IDH 

for HP2 on day 3. Either aconitase activity concentration is higher, then producing higher 

amounts of IDH substrate, or oxoglutarate dehydrogenase is more concentrated and thus 

IDH’s product -oxoglutarate- turnover is higher than in HP1. 

3.3.7. Glutamate dehydrogenase highlights a significant difference between HP1 

and HP2 in terms of glutamate processing 

Glutamate dehydrogenase (GLUD) is an enzyme that reversibly converts glutamate to α-

ketoglutarate (Figure 4-4). Experimental results show that the enzyme is not initially detected 

in HP1, and its concentration increases until day 9, while GLUD shows a constant elevated 

activity for HP2 (Figure 4-5). This result is surprising because glutamine consumption rate is 

similar for both cell lines, and according to the high release of ammonium from day 0 to day 

3 glutamine seems indeed to be converted to glutamate (Suppl. Figure IV - 3). The data 

suggest that for HP2 all glutamate is converted by GLUD and injected into TCA cycle, while for 

HP1 glutamate is addressed into another pathway. 

3.4. Assessment of cell metabolism during exponential phase based on 

modeling predictions 

The previous section has shown that modeled pathways are verified with enzymatic activities 

for 2 HPs. Among the 10 reactions enzymatically measured, all the trends were comparable 
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with predicted flues over time, except for G6PD and GLUD. Thus, the predictions were 

assessed as reliable and were analyzed to highlight metabolic differences.   

3.4.1. Predicted intracellular fluxes show comparable metabolic activities 

First, a sensitivity analysis was performed on the predicted fluxes. Coefficients of variation 

were calculated for the three metabolic rates predicted per cell line, at each day, and Suppl. 

Figure IV - 4 displays the average CV from day 2 to 7 for each reaction.  Around 90% of the 

CVs are below 30% for each cell lines (89, 87, 92 and 92% of the reactions respectively for 

HP1, HP2, LP1 and LP2), which indicates a very low level of dispersion around the mean and 

a reproducible prediction (Reed et al., 2002). 

The average values of each predicted flux, calculated for each cell line, were then analyzed 

with a hierarchical clustering. Figure 4-6 shows the average predicted value over the six 

chosen days. According to the model, the central metabolism of HP1 and LP2 is the most 

comparable, particularly due to higher glycolysis activity which can be explained by a high 

experimental glucose uptake rate on the first days. As pyruvate is synthesized at a higher rate, 

pyruvate dehydrogenase is overall more active and the TCA cycle activity is also higher for 

those cell lines. LP2 shows a TCA cycle which seems to be more active than in the other 

cultures, predicted to be more intense on the upper part on average (malate dehydrogenase, 

citrate synthase, aconitate hydratase, isocitrate dehydrogenase). Predicted lipid metabolism 

is less intense for cell line HP2 than the other on average. The rate of synthesis of palmitoyl, 

which leads to sphingolipid synthesis, a major constituent of cell membranes, is the lowest 

for HP2 and LP1. Biosynthesis rate of some lipids is reduced for HP2, such as phosphatidic acid 

(Diacylglycerol kinase), triacylglycerol (Glycerol-3-phosphate acyltransferase) and glycerol 3-

phosphate mainly synthesized through glycolysis.  

The activity of the electron transport chain is displayed on Figure 4-6. B. Apart from LP2, which 

displays a slightly higher uptake rate of oxygen and activity of complex I and II, the four cell 

lines are predicted to have a very comparable activity on average from day 2 to 7. These 

predictions do not allow to infer a significant difference between high and low producers at 

the level of energy metabolism. This could mean that the low producers are either wasting 

energy, or a consequent part of this energy is used in a process that is not considered in the 

model, or cells are not producing as much ATP as predicted because of a bottleneck that is 

not considered in the model. The bottlenecks that are not included in this mathematical way 
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of modeling cell metabolism could be at the level of transcription and translation regulation 

(Davy et al., 2017), protein processing (Reinhart et al., 2014), feedback regulation of 

enzymatic reactions, or missing constraints for the availability of other nutrients.  

 

3.4.2. Predicted activity in lipid metabolism confirmed with difficulties 

encountered during harvest  

In order to explain the predicted results obtained for lipid metabolism, we compared the 

different approaches employed for the harvest step of the industrial processes. Harvest can 

differ significantly from a cell line to another, depending on the physical properties of the cell 

culture fluid at the end of the process, and the techniques applied for enhancing clarification 

performances are diverse. Some additional pre-treatments are often required prior to the 

traditional continuous centrifugation, depth filtration and sterile filtration steps that are 

performed in the end of the culture. These additional treatments can facilitate separation of 

cells and cell debris, and are often the only strategy for industrial companies to avoid early 

filter fouling. Among the techniques used, we can cite the addition of flocculants (Han et al., 

2003; Kang et al., 2013; Roush and Lu, 2008) such as polyamines (Peram et al., 2010), chitosan 

(Riske et al., 2007), and polydiallyldimethylammonium chloride (McNerney et al., 2015) that 

bind to negatively charged surfaces of cell debris. Acid precipitation is also another improved 

method for clarifying a cell culture (Lydersen et al., 1994), which involves addition of 

concentrated phosphoric acid in order to decrease pH and thus solubility, leading to 

precipitation of cell debris but not the antibody.  

During the harvest step of the process, the experimental difficulties observed for these cell 

lines can be interpreted with the predicted fluxes. HP2 is the only cell line that does not need 

any pre-treatment before harvest step at the end of the cell culture process. The other cell 

lines have shown early filter fouling due to increased amount of solids content, that are highly 

suspected to be lipids. In-house experiments have shown that after each pre-treatment, a 

significant reduction of total lipid quantification is observed (data not shown). The fact that 

HP2 does not require any pre-treatment may indicate that the cells total lipid content is less 

important than the other cell lines which is in agreement with the model’s predictions in 

terms of activity in lipid pathway.  
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A. 

 
B. 

 

 

Figure 4-6: A. Visualization of the metabolic rates for each cell lines (n=3), clustered 
according to the similarity between the average predicted value from day 2 to day 7 of the 
35 selected reactions; B.  Cell line clustering according to the average value from day 2 to 

day 7 of the predicted reactions rates (n=3) in electron transport chain. 
All the predicted flux rates are normalized. Hierarchical clustering follows the agglomerative strategy  

(Murtagh, 1983), where each observation starts in its own cluster, and at each step the Euclidian 
distance between each cluster is calculated to only merge the two clusters that are the closest 

together. 
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3.4.3. Predicted clustering of cell lines was confirmed with analysis of amino 

acid consumption rate and antibody protein sequence 

In order to investigate why the cell lines are clustered together, an analysis was performed 

on the input data of the model, namely the experimental flux rates that were used to 

constrain the model. The experimental amino acid consumption rates (Suppl. Figure IV - 5) 

reflect clustering results based on predicted fluxes (Figure 4-6). On day 2, 4 and 5, HP1 and 

LP2 are clustered together, which shows an overall similarity in amino acid requirements, and 

justify a high degree of comparability of predicted reaction rates in different metabolic 

pathways.  

To fully understand the clustering of the cell lines based on the predicted rates, the antibody 

amino acid sequence was analyzed for each cell line (Suppl. Figure IV - 6). It becomes apparent 

that HP1 and LP2 have the most similar amino acid composition of their antibody, and that 

HP2 is most comparable to LP1. This result is consistent with the clustering obtained for the 

predicted fluxes and the amino acid consumption for each cell line (Figure 4-6). This whole 

analysis reveals that the cell lines can be divided into two groups based on their metabolism 

driven by a similar amino acid requirement. 

As the intracellular predicted fluxes could not differentiate between high and low producers, 

a more detailed examination of the experimental amino acid uptake rates was performed to 

reveal any general feature of high or low producers. We observe that HP1 has a different 

behavior for aspartate and glutamate (Suppl. Figure IV - 7), which are produced until day 2 

and a switch occurs at day 3 where HP1 starts to consume these amino acids. We could 

hypothesize that HPs have an overproduction of oxaloacetate and α-ketoglutarate in the first 

days in the TCA cycle, resulting in a net aspartate and glutamate secretion. As day 3 

corresponds to glutamine depletion, the switch between production to secretion can be the 

time point where glutamine can no longer provide its anaplerotic role. For the other cell lines, 

their metabolism does not seem as efficient as HP1 when considering secretion of TCA cycle 

intermediates. According to the predicted fluxes, HP1 and LP2 have the highest activity in TCA 

cycle, however for LP2 on average none of these intermediates are secreted, thus the feed 

regime and composition are probably not overestimated in terms of nutrient concentration 

and rate of addition. 
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4. Discussion 
 

For predicted ATP synthase activity, we evaluated the proportion of ATP that could potentially 

be involved in amino acid transporters, as 537 amino acid transporters were deleted to 

simplify the model. We considered if this action could have a significant impact on predicted 

ATP turnover. Actually, although cell lines do not probably express the same set of amino acid 

transporters to support their growth (Hyde et al., 2003), human cancer cells have been shown 

to express 4 amino acid transporters in high levels (Bhutia et al., 2015).  None of these 

transporters are active transporters,  they are either symporters or exchangers coupled with 

amino acid or sodium substrate. Thus, the ATP consumption linked to amino acid influx could 

be negligible. Consequently, we can assume that the simplification in the model regarding the 

amino acid transportation system, with the removal of active ATP-dependent transporters, 

does not lead to a significative underestimation of the ATP consumption. 

Regarding PDH activity, we found it interesting to note that it is higher for HP1 than for HP2 

on day 3, whereas the same day the activity of citrate synthase is similar for both cell lines. 

As PDH produces acetyl-CoA that is the substrate of citrate synthase, we would have expected 

a higher citrate synthase activity in HP1. Some hypotheses could explained this result. One 

hypothesis is connected to the fate of amino acids linked to pyruvate and acetyl-CoA 

metabolism, and Suppl. Figure IV - 2 shows the experimental variation of their fluxes during 

the process. The amino acid precursors of pyruvate production in CHO cells are cysteine 

(Hecklau et al., 2016), alanine which can be converted in a reversible reaction to pyruvate by 

alanine transaminase (Duarte et al., 2014; Li et al., 2012), and serine (Vacanti et al., 2014). As 

such, glycine and threonine can be also used for pyruvate production as threonine can be 

catalyzed into glycine by threonine aldolase, and glycine to serine by glycine 

hydroxymethyltransferase. On day 3, HP1 consumes more cysteine and serine than HP2, but 

HP1 releases more glycine and does not consume alanine on the opposite of HP2. Amino acid 

consumption and production rates that could explain fluctuations in pyruvate availability are 

balanced, and thus are not sufficient to explain the difference observed with PDH activity on 

day 3.  

Another hypothesis formulated here is that a significant part of acetyl-CoA produced by PDH 

for HP1 can be converted to Malonyl-CoA and then redirected to fatty acid and steroid 
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synthesis. This assumption is enforced with the experimental isoleucine uptake rate, that can 

be degraded to acetyl-CoA, which is similar for both cell line on day 3 (Suppl. Figure IV - 2). 

Either HP1 increases an internal lipid pool by deriving fluxes towards malonyl CoA production, 

or HP2 catabolizes lipids from an intracellular pool to fuel its TCA cycle. Assuming that an 

increased intracellular lipid pool would lead to a higher cell volume and thus a higher cell 

diameter (Pan et al., 2017), HP2 accumulates more fatty acids than HP1 from day 6 to 9, but 

seems to consumes this lipid pool from day 10 until the end of the process as the final 

diameter is on average smaller than HP1 on day 14 (Suppl. Figure IV - 8). As HP2 activates 

glycolytic pathway at high rate around day 6 of the process, the more likely hypothesis would 

be that glucose is converted to build up a fatty acid storage, which is catabolized later on to 

fuel TCA cycle with pyruvate. Based on the fact that CS is a bottleneck, this cell line defines a 

metabolic strategy with accumulation of energy in the form of lipid droplets while the 

substrates are available in high quantities, because anyway pyruvate cannot be processed 

more efficiently in the TCA cycle. 

Enzymatic measurements of G6PD and GLUD reactions showed different trends than 

predictions. In order to understand the discrepancy, we compared our results to 13C labeling 

experiments and metabolic flux analysis performed with CHO cells in fed-batch culture.  

Our experimental measurements were confirmed for the reaction catalyzed by G6PD by (Ahn 

and Antoniewicz, 2012; Sengupta et al., 2011; Templeton et al., 2013). Indeed, the trend of 

G6PD flux is exactly the same as the experimental one in this study. Minimal activity is 

observed during early exponential phase, and increased flux is measured at the late 

exponential and stationary phase. This raises the question about the source of NADPH 

required for growth in vivo in early process stage, as shown by a high predicted G6PD flux in 

the beginning of the process. During cell growth, NADPH is not only required to maintain 

reduced glutathione pools, but also to support reductive biosynthesis such as lipid synthesis 

(Xie and Wang, 2000). Another pathway that could be mainly responsible for generating 

NADPH for growth is the conversion of serine to glycine, which has been shown by isotopic 

labeling to contribute to NADPH production through the reaction catalyzed by methylene 

tetrahydrofolate dehydrogenase (MTHFD2 and MTHFD2L) in the mitochondria (Lewis et al., 

2014).  
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As far as GLUD reaction is concerned, the trends reported in the literature with isotope 

labeling experiments confirm the predictions, not the experimental measurements (Nolan 

and Lee, 2011; Templeton et al., 2013). Although the measurement was performed with 

biological duplicates, we assumed that there was a loss of sample for the first time point 

measurement and thus that the first time point was very likely to be inaccurate.  

5. Conclusion 

This study demonstrates a generally reliable prediction of the intracellular fluxes based on a 

genome-scale model, which was only constrained with amino acids and by-products rates. As 

at least 70% of the predicted fluxes are in correlation with the enzymatic activities measured, 

the enzyme assays support the model flux predictions and validate the analysis performed on 

the predicted intracellular fluxes. 

A total of 59 intracellular reactions were examined from day 2 to 7 in different key pathways, 

namely glycolysis, the pentose phosphate pathway, TCA cycle, lipid metabolism, and oxidative 

phosphorylation. The predicted fluxes were relatively robust within the replicates, and 

indicated that the metabolism of HP1 and LP2 were the most comparable, essentially 

characterized by an intense TCA cycle activity. The clustering of the predicted fluxes was in 

correlation with the clustering performed on experimental nutrient consumption rates and 

with the clustering of the relative composition of amino acids in the antibody produced. The 

in silico analysis indicates that the cells clustered together have a similar amino acid 

requirement despite a different efficiency in antibody production. One assumption made 

from the analysis of experimental amino acid metabolism, is that HPs have a higher activity 

in TCA cycle in the first days resulting in a net production of aspartate and glutamate. 

HP2 was clustered separately than HP1 and LP2 based on an overall lower lipid activity from 

day 2 to 7. To summarize the experimental insights collected with enzymatic activities, 

industrial process adaptations and evolution of cell diameter during the process, the overall 

assumption for HP2 is divided into three phases: (i) at the beginning of the process, HP2 

accumulates less lipid than the other cell lines, (ii) HP2 starts intracellular lipid storage around 

day 6, and (iii) from day 10 the intracellular pool starts to be consumed, as its final cell 

diameter is lower than HP1, and also because HP2 is less difficult to harvest than HP1 at the 

end of the process.  
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Analysis of enzymatic activities could explain the difference of Qp observed in the beginning 

of the process, which is higher for HP1 than HP2. HP1 has a more efficient transition of fluxes 

from glycolysis to TCA cycle, and also has a more active PPP activity in this time frame. As a 

suggestion for industrial clone selection, we recommand to use PDH and G6P as markers for 

HPs. These enzymes could also be valuable metabolic targets, and overexpressed for 

improving cell’s performances. Additionally, experimental measurements of MDH activity 

suggest that this enzyme is a bottleneck, and Qp could be potentially improved when 

overexpressing this enzyme. 
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Chapter 5           

             

In silico suggestions for process 

optimization 
 

Calmels Cyrielle, Malphettes Laetitia, Rørdam Andersen Mikael 

 

 

 

Abstract 
 

A key driver of upstream process performances for mammalian cells is cell culture media, as 

significant effort and time are invested to select the optimal formulation leading to high 

yields. Many studies have been published to highlight the benefits of various media design 

and supplementation. However, the current experimental approach for medium optimization 

is time consuming and needs to be adapted for each recombinant cell line to meet its 

metabolic requirements, as cells from the same lineage can diverge significantly after being 

engineered. In the present study, we used a strategy involving genome-scale model 

predictions to optimize chemically defined feed and medium in order to improve monoclonal 

antibody production. As the predictions were in agreement with cellular features of a specific 

industrial cell line, the model was used to extract targets for nutrient supplementation during 

cell culture. We evaluated the impact of amino acid supplementation in feed, as well as the 

most optimal level of glutamine and asparagine to obtain better performances, especially by 

minimizing ammonium accumulation during production process. The results demonstrate an 

application of genome-scale models for medium optimization. 
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1. Introduction 
 

When considering the original environment of Chinese Hamster Ovary (CHO) cells, where cells 

are surrounded by a constant flow of blood filtrate and are provided with nutrients in pulses, 

we understand that the main approach to mimic comparable and optimal biological 

conditions in vitro is through media formulation. In order to survive in vitro and produce large 

amounts of therapeutic proteins, mammalian cells require nutrients such as carbohydrates, 

amino acids, vitamins, lipids and inorganic salts. Producing cells have a much higher demand 

for amino acids, as they are composed of 70% proteins on average (Bonarius et al., 1996; Xie 

and Wang, 1994), and also because the product of interest is a complex protein itself that is 

aimed at being produced in high quantities. Composition of cell culture medium has a direct 

impact on cellular metabolic regulations, which consequently influences production yields as 

well as quality of the recombinant protein produced; two major success criteria that will 

impact drug efficacy in patients. Biopharmaceutical companies have the choice between 

purchasing a commercial medium or developing in-house media platform. Although resource-

demanding, in-house medium development is often the most desired alternative, as 

companies are free from any dependencies, they have the opportunity to fine tune and do 

targeted optimization, and also develop practical in-house knowledge and expertise. The 

traditional strategy to address in-house medium development is based on a design-of -

experiment (DoE) rationale. Single components and media mixes are tested in combination 

to identify key components for optimization studies, using multivariate data analysis (Rouiller 

et al., 2013). However this current approach is labor intensive, time consuming and costly as 

considerable resources are required to cover all the parameters with statistical significance. 

Even though the best formulation can be identified empirically, the overall black-box 

approach is however not ideal. The probabilistic-derived information will not always lead to 

knowledge generation, and will not necessarily be successful for another cell line. Media 

formulation and feeding strategies have to be re-evaluated and optimized for a particular cell 

line, clone or process. In the case of unbalanced media components, cell’s performances can 

be negatively impacted, and adjustments can be made by considering some outputs during 

cell culture processes, such as by-product accumulation (Butler, 2005) or osmolality (Yu et al., 

2011). However, the ideal way of designing a medium would be by measuring a direct impact 

of the changes in media formulation on cell metabolism. Genome-scale models (GSM) are the 
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most accurate representation of metabolic reactions, and can predict flux distribution in 

different environmental conditions by varying nutrient consumption. GSMs represent an 

opportunity towards more rational design of medium, specifically based on cellular 

requirements to achieve the desired phenotype. Application of GSM for basic medium design 

has already been performed in different organisms (Baart et al., 2007; Chavali et al., 2008; 

Oliveira et al., 2005), and in CHO cells to give a framework for better understanding of multi-

omics attributes during cell culture experiments (Schaub et al., 2010). As medium 

optimization is labor intensive and GSMs have shown some successes with medium definition, 

we hypothesized that GSM could be of great use for process optimization, and more 

specifically to suggest how to adapt the feed composition to a specific cell line in a faster way. 

In this study, we used a tailored genome-scale model as a tool to improve existing media and 

feeding regimes in industrial bioprocesses. 

2. Material and methods 

2.1. Cell culture conditions 

Different bioreactor scales were used in this study. One CHO DG44 cell line producing a 

monoclonal antibody (mAb 1) was cultivated in 2L stirred tank glass bioreactors, in ambr™48 

(TAP -Sartorius Biosystems) -which is an automated system with 48 disposable 15 mL 

microbioreactor vessels-, and in 250 mL shake flasks (Corning).  

The 2L bioreactors cultivated in triplicates were controlled by supply towers (C-DCUII, 

Sartorius Stedim Biotech) and monitored by a multi-fermenter control system (MFCS, 

Sartorius). The impeller used was a 3-segment blade impeller. During the cultivation, the pH 

was fixed at 7.0 with an allowable variation of 0.2, and controlled by gassing CO2 and a sodium 

carbonate solution.  Dissolved oxygen was maintained at 40% of the saturation concentration.  

The scale independent factors, that were kept constant in all experiments, are pH, seeding 

density, temperature, culture duration, strategy for glucose supplementation, media and feed 

composition. Fed-batch cell culture experiments were run independently, for which cell 

phenotype, variation of extracellular metabolite concentrations, and process parameters 

were monitored. The cells were grown under serum free conditions in a proprietary and 

chemically defined media. Precultures were cultivated in increased volume capacity of 

Erlenmeyer flasks (Corning Inc, Germany) on a shaking device at 37°C and 5% CO2 in a humid 
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atmosphere. The starting culture volume  was identical for the different production runs 

within a same scale. The cultivation temperature was kept constant at 36.8°C. 

Continuous nutrient feeding was started 72 hours after inoculation, with predetermined rate 

using a proprietary, chemically defined concentrated feed. The feed rate was adapted every 

day, following a predefined feeding profile. In addition to this continuous feed, a bolus feed 

addition also started 72 hours after inoculation. Samples were taken once a day, before 

feeding. When the glucose concentration was below 5.6 g/L, a glucose solution of 500 g/L was 

added as a bolus.  

Scale-dependent factors are culture start volume, feed volumes additions, that are linearly 

adapted in down scales, and agitation speed and gazing which are determined theoretically 

or empirically. 

Specific growth rate was calculated for each experimental condition as in equation 1: 

 µ =  
𝛥ln (𝑉𝐶𝐶)

𝛥𝑡
  (1) 

The exponential growth equation is described by equation 2: 

 ln(X) = ln(X0) + μt  (2) 

 

where μ is the specific growth rate, X is the cell density at time t (i.e. cell mass or number per 

unit volume of culture medium), and X0 is the initial cell density at the onset of exponential 

growth. This equation was used to determine the specific growth rate from linear regression 

of cell density measurements over time. 

2.2. Analytical methods 

Samples from the bioreactor were taken daily for cell density and viability analysis using the VI-

CELL® XR (Beckman-Coulter, Inc., Brea, CA), based on the trypan blue exclusion method. 

Samples were centrifuged and supernatants were analyzed to quantify concentration of 

glucose, lactate, amino acid and monoclonal antibody. Glucose, lactate, glutamate, glutamine 

and ammonium concentrations were determined using a Cedex Bio HT Analyzer (Innovatis, 

Bielefeld, Germany) or a NOVA 400 BioProfile automated analyzer (Nova Biomedical, Waltham, 

MA). Cell culture supernatant samples were stored at -80°C or directly analyzed for product 

titer with a ForteBio Octet model analyzer (ForteBio, Inc., Menlo Park, CA) or protein A high 
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performance liquid chromatography (HPLC). Amino acids were analyzed by reversed-phase 

UPLC (Waters AccQ · Tagultra method) after ultra-filtration using Amicon Ultra-0.5 mL 

centrifugal filters (Merck Millipore, Billerica, MA). pH and DO were measured on-line and the 

measurement accuracy was verified through offline analysis of pH and partial pressure of CO2 

(pCO2) using a BioProfile pHOx® blood gas analyzer (Nova Biomedical Corporation, Waltham, 

MA). 

2.3. Enzymatic activity 

Asparaginase activity was measured in two other different cell lines, producing mAb2 and 

mAb3. They were cultivated in 2L bioreactors (in the same conditions as described in 2.1.), in 

duplicates, and samples were collected at day 3, 6 and 9 for enzymatic assays. 2 million viable 

cells were sampled and were immediately incubated in cold methanol (5 min, -20°C), in order 

to stop enzymatic reactions. Samples were then washed twice, by two centrifugation steps at 

3°C for 8 min, at 1400 rpm, and resuspension in cold PBS. Cell pellets were put in dry ice for 5 

min and stored at -80°C until needed. Samples were thawed and pellets were resuspended with 

cold corresponding assay buffer. Cells were lysed by sonication with 3 cycles of 30s pulse, 5s 

interval, on ice (Branson Sonifier 250). Cells were centrifuged (10 min, 10 000g, 3°C) and 

supernatant were transferred to new tubes to be used immediately for enzyme quantification. 

Levels of L-Asparaginase enzymatic activity were determined following the manufacturer’s 

protocol (Abcam, ab107922). The fluorescence was recorded every 50 s for 10 min on a Tecan 

Infinite 200 Microplate Fluorescence Reader. 

2.4. Modeling procedure 

2.4.1. Genome-scale model 

The genome-scale model used was the one that was presented in the first chapter (Calmels 

et al., 2018, under review with Metabolic Engineering). For the cell line modeled, the reaction 

responsible for antibody production in the model was tailored to the antibody produced by 

the cell line. The stoichiometric coefficients of the amino acids required to produce the IgG 

were changed to the one corresponding to the specific amino acid sequence of the antibody 

produced, thus generating a tailored genome-scale model. 
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2.4.2. Theoretical approach for modeling 

The modeling framework can be represented by a stoichiometric matrix (S) and a vector of 

reaction fluxes (v) indicating the reaction rates. The basic steady-state mass balance 

constraint can be enforced by the linear equation 5. Additional constraints can be introduced 

by restricting fluxes with upper or lower bounds through inequality 6. To find the flux 

distribution, parsimonious enzyme usage Flux Balance Analysis (pFBA) (Lewis et al., 2010) was 

employed. This optimization method is based on the assumption that the cell is using a 

minimum amount of enzymes to reach a maximized objective, under the hypothesis of 

steady-state. The mathematical formulation of the objective function is given by equation 3, 

and the requirement for the minimum absolute values among all the alternatives optima is 

described by equation 4. To find the flux distributions, the network is constrained by imposing 

lower and upper bounds for each flux, and by assuming a steady-state condition, which leads 

to the following optimization problem: 

 max 𝑐𝑣,   (3) 

 min ∑ |𝑣|,  (4)    

 𝑠. 𝑡.   𝑆𝑣 = 0 (5) 

   and, 

  𝑣𝑚𝑖𝑛 ≤ 𝑣 ≤ 𝑣𝑚𝑎𝑥  (6) 

 

Where cv corresponds to the objective function and c is a vector of weights, indicating how 

much each reaction contributes to the objective function. 

Linear programming was performed using Gurobi Optimizer (Gurobi Optimization Inc., 

Houston TX) in Python 2.7.12 (Python Software Foudation, Delaware, United States).  

 

2.4.3. Data processing and transforming primary data into flux constraints 

Substrate concentrations at each day of the cell culture were transformed into rates in mmol 

of product per gDW of cells per hour. The modeling time frame chosen was between day 0 

and up to day 9 of cell culture, which correspond to the exponential growth phase where the 

pseudo-steady-state is assumed. All the input flux rate values were calculated using an 

average dry cell weight of CHO cells as 330 pg/cell, as derived as an average of published 

values (Bonarius et al., 1996; Vriezen, 1998; Xie and Wang, 1994; Zupke and Stephanopoulos, 

1995). Daily experimental uptake or production rates of 24 metabolites in medium were 

calculated from experimental measurements, as followed: 
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𝑟𝐴,𝑖 =
𝑄𝐴,𝑖+1,𝐵𝐹 − 𝑄𝐴,𝑖,𝐴𝐹

𝑉𝐶𝐶𝑖 +  𝑉𝐶𝐶𝑖+1

2

 

Where rA,i indicates the rate of metabolite A at day i, and i = [0 , 14]; Q A,i+1,BF is the measured 

quantity of metabolite A at day i+1 before feeding; Q A,i,AF is the theoretical quantity of 

metabolite A at day i after feeding; and VCC is the cell number. Q A,i,AF is the sum of Q A,i+1,BF 

and the theoretical quantity of metabolite A added after feeding (Qth), calculated with the 

concentration of metabolite A in the feed and the volume of feed added: 

𝑄𝐴,𝑖,𝐴𝐹 =  𝑄𝐴,𝑖,𝐵𝐹 + 𝑄𝑡ℎ 

 

The calculated rates were post-processed with a smoother function in order to reduce 

experimental noise and normalized with one value corresponding to a specific growth rate of 

the mAb1 producing cell line. The experimental variation can be explained by several factors, 

including the sensibility and technical variability of the analytical quantification method, but 

also the degree of biological reproducibility inter-process.  

Experimental production and consumption rates calculated were smoothed using a kernel 

smoother statistical function, in order to avoid irregular data points and noisy observations 

obtained from experimental results (Hastie et al., 2009). The Kernel smoother method was 

applied on calculated experimental flux rates with the support of SAS software JMP 11 ©. The 

calculated and smoothed experimental values were then used to set the upper or lower limit 

of the consumption or production rate of the metabolites measured daily in the extracellular 

environment. Exceptions were made for ammonium, alanine, and lactate which were set to 

be equal to the experimental value in order to constrain the model with the metabolic switch 

between consumption and production.  

The final set of constrained metabolite exchanges comprised the uptake and secretion of 24 

metabolites. The limitations for uptake and production rates were set for each day of the time 

frame chosen for modeling the cell culture process. The objective function chosen was 

maximization of growth. Estimation of metabolic fluxes was performed using CobraPy 

(Ebrahim et al., 2013). 
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3. Results 

3.1. Optimization of amino acid composition in feed 

As medium optimization is a labor intensive and time consuming process, we hypothesized 

that a genome-scale model, which has been shown to give reliable predictions in other 

studies, could be a valuable tool for accelerating this industrial burden. The first step was to 

choose a set of historical data performed with a specific cell line to calibrate the model and 

evaluate how accurate the predictions were. 

3.1.1. Cell line specific data selected for modeling the process indicated good 

correlation 

A dataset from a CHO DG44 cell line producing an antibody mAb 1, cultivated in triplicates in 

2L bioreactors, was used to predict cell growth and specific productivity (Figure 5-1). The 

predictions could be extended until day 9 for the selected dataset, as cell death occurred 

later. The predicted growth rate showed a very good comparability with experimental 

observations, and specific productivity was in agreement as well from day 4 to 9, which is 

biologically more relevant as cells stop growing by biomass towards the end of the 

exponential phase (Pan et al., 2017).  

 
Figure 5-1: Predicted growth rate when the objective function chosen is biomass, and 

predictive Qp when the objective function chosen is IgG production (n=3). 
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3.1.2. Genome-scale model predicts an improved cell growth when increasing a 

specific set of amino acids 

Considering the predictions accurate for further investigation of a specific cell line cultivated 

in defined conditions, the next step was to change the constraints in the model, in order to 

simulate environmental changes in the medium. Indeed, the parameters set to obtain the 

prediction at each day were used as the starting point for evaluating the impact of increased 

amino acid uptake rate. 

Maximal bound of uptake was increased for all individual amino acids, one by one, to evaluate 

if according to the model a specific amino acid was limiting cell growth. The first amino acid 

that was found to slightly improve growth was phenylalanine. The same method was 

repeated again, with a fixed increased uptake rate for phenylalanine and enhanced uptake 

rate of each single other amino acids, to determine which amino acid could be the most 

essential for improved growth after phenylalanine. By doing so, a list of 10 amino acids was 

generated as potential critical nutrients, for which an increased uptake rate would be 

beneficial both to cell growth and productivity (Table 5-1). 

Table 5-1:  Amino acid sorted by their predictive impact on cell’s performances 

RANK ACCORDING TO PREDICTIVE IMPACT 
(ASCENDING) 

AMINO ACID 

1 Phenylalanine 
2 Histidine 
3 Threonine 
4 Valine 
5 Arginine 
6 Leucine 
7 Lysine 
8 Proline 
9 Methionine 

10 Isoleucine 
 

A double uptake rate of all of these amino acids was modeled, to evaluate the impact on cell 

growth and productivity but also on by-products and oxygen demands (Figure 5-2). 

Predictions obtained by the genome-scale model indicated a 1.5 times higher growth and a 

doubled specific productivity (Qp) from day 3 to 8. Thus, the bottlenecks revealed by the 

genome-scale model were related to amino acid consumption rate. In the meantime, 

ammonium production rate was predicted to be increased as well as carbon dioxide, 
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especially at the beginning of the process. As the predictive oxygen consumption rate is also 

increased with the improved feed, a higher oxygenation of the culture media may be 

required. 

 

Figure 5-2: Predictive data obtained from a proof of concept modeling of one experiment 
with increased uptake rate of 10 amino acids. 

 

3.1.3.  The predictions could be experimentally validated by enhancing amino 

acid concentrations in feeding solution 

Then, we assessed what type of experiment was required in order to experimentally validate 

the predicted enhancement of cell phenotype. Historical data for this cell line showed that 

the concentration of the amino acids listed in Table 1 were not completely depleted during 

the process, but were dramatically decreased around day 6 and remained low until the end 

of the culture, apart from proline (data not shown). Thus, the most simple and fast approach 

that we considered was focused on increasing directly the amino acid concentrations, and 

expecting for a subsequent increased uptake rate. According to Michaelis-Menten kinetics, 

initial high substrates concentrations lead to high enzymatic rates, and thus elevated 

concentrations of intracellular enzymes to process the nutrients (Liebermeister and Klipp, 

2006). We hypothesized that when substrate concentrations decrease, cells downregulate 
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their intracellular enzymatic activities to prevent a complete depletion of essential amino 

acids in the environment. To carry this argument further, in a published kinetic model (Nolan 

and Lee, 2011) the approach taken to model the uptake rate of a given metabolite is based 

on the dependencies of these metabolites to the intracellular reactions that use them as 

substrates, instead of their transporters. In that sense, the supplementation of these amino 

acids in feed could enhance intracellular activities and could be the easiest and fastest 

approach to validate the predictions. 

3.1.4.  Doubling the amino acid concentrations did not lead to the predicted 

improved phenotype 

As the output of a simulated double uptake rate of ten amino acids is characterized by a higher 

growth and titer, predictions highlight a possible optimization of the composition of the feed. 

The predicted optimization strategy was then tested experimentally.  

To do so, the selected amino acids (Table 5-1) were added twice the usual concentration in 

the feed, and the concentration was verified in each customized feed. In total 12 feed were 

prepared, 9 individually supplemented with the selected amino acids, and 3 feed that were 

supplemented with different combinations of all of them to account for combinatory effects. 

The experiment was conducted in 15 mL bioreactors in triplicates and the cell culture process 

attributes were compared to control conditions. The entire experiment was evaluated over 

the six first days of the culture, with a focus on day 4 to 6 after feeding is started (Figure 5-3. 

A.). 

Titer measurements showed enhancement for all of the conditions when compared to control 

(Figure 5-3. B.). However, viable cell count (VCC) was also increased so the resulting specific 

productivity per cell per day remained either identical, or lower than the control conditions. 

We can only note a slight improvement for the conditions with higher lysine, and with Mix 3, 

as Qp is on average above the control on day 4 and has a lower dispersion on day 5. As we 

wondered if we could observe an elevated osmotic pressure in cells, due to the increased 

feed concentration, the osmolality was measured during the process. On day 6 the osmolality 

measured is relatively similar in all conditions (Figure 5-4), thus we could exclude the impact 

of osmolality on cell viability due to extra amino acid additions.   
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Figure 5-3: A. Experimental results of cell culture in 15 mL bioreactors (n=3), with doubled 
the usual amount of one/several amino acids in the feeding solution. 

Mix 1: doubled Phe, His, Thr, Val, and Arg; Mix 2: doubled Leu, Lys, Pro, Met, and Ile; Mix 3: doubled 
Phe, His, Thr, Val, Arg, Leu, Lys, Met, Pro, Ile, and Asn. Values are normalized to the highest 

measurement of the control condition respectively for VCC and titer. B. Relative comparison of VCC, 

titer and Qp for each condition. Values are all normalized to the mean of the control at each day. 
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Figure 5-4: Normalized osmolality measured at day 6 of the process. 
Data is normalized to the average value obtained in control conditions. 

3.2. Medium optimization focused on variation of asparagine 

concentration 

Another angle for medium optimization was considered in this section. On the first hand, 

different levels of higher asparagine concentrations were tested, as elevated asparagine 

uptake rate predicted better intracellular performances. On the second hand, as extensive 

review has been done on the toxic effect of ammonium, we have decided to focus our study 

on ammonium reduction through a down-shift of asparagine concentration.  

3.2.1.  Rationale for asparagine supplementation in order to increase protein 

synthesis and cell growth 

Asparagine and glutamine are both nitrogen sources for cells, but asparagine can also be 

synthesized by glutamine with asparagine synthetase (Zhang et al., 2014). Cancer cells have a 

high demands for glutamine, and we can assume that glutamine is partially consumed to 

produce asparagine at the beginning of the process. As asparagine synthetase is ATP-

dependent, our reasoning was that supplying the medium with more asparagine could 

decrease the production of asparagine at high energetic cost, and thus save this energy for 

other metabolic processes involved in growth or protein production. Especially in the case of 

low glutamine concentration in the medium, cells compensate early glutamine depletion with 

higher asparagine uptake rate (Pavlova et al., 2018). Moreover, asparagine is involved in 

crucial mechanisms for cell growth and proliferation, as it coordinates nucleotide synthesis 

and regulates protein synthesis by acting as an amino acid exchange factor through 

mammalian target of rapamycin complex 1 (mTORC1) (Krall et al., 2016).  
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Previous in-house experiments have shown that supplementing higher asparagine quantities 

in the medium always led to a more elevated asparagine consumption rate. Thus it was 

decided to model the impact of higher asparagine consumption rate with the curated 

genome-scale model, to understand what could be the metabolic benefit for cells to consume 

more asparagine. The predicted metabolic state in TCA cycle is displayed on Figure 5-5. 

Interestingly, a great enhancement of the fluxes in TCA cycle and in the electron transport 

chain following asparagine supplementation was predicted only in the condition of low 

glutamine, at the beginning of the process. This result was due to a general higher synthesis 

rate of reducing power, as complex II was predicted at the same rate as the other conditions. 

In the case of higher asparagine uptake, the rate of synthesis of fumarate was increased 

(doubled in this specific case, as the input chosen to predict higher asparagine uptake rate 

corresponded to twice the rate of consumption of Asn in control conditions). To compensate 

for a lower influx of this TCA cycle intermediate, in the case of regular asparagine uptake, 

predictions showed increased fluxes through malate aspartate shuttle, as transporter for 

oxoglutarate and malate was much more activated, to maintain TCA cycle activity as high as 

possible. 

Higher glutamine uptake enhanced reactions on the lower part of the TCA cycle, as it 

increased oxoglutarate influx which was directly processed in the TCA cycle through 

oxoglutarate dehydrogenase. The main advantage of supplementation with glutamine was 

predicted to be on day 3, as ATP synthesis was higher thanks to supply of oxoglutarate. 

Based on literature review and on predicted metabolism, in the case of low glutamine we 

hypothesized that the metabolism of the cell could be enhanced by asparagine 

supplementation, and this strategy was tested experimentally.  
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Figure 5-5: Predicted fluxes in the case of higher asparagine uptake rates, with high or low 
glutamine uptake rates.  

Input data was taken from a shake flask experiment (n=2), in the case of higher asparagine 
consumption rate, experimental data was multiplied by a factor 2. 

 

3.2.2.  Experimental results with asparagine supplementation shows higher 

ammonium production and prolonged viability 

In-house experiments were conducted with doubled asparagine concentration in the 

medium, both in the case of high and low initial glutamine concentration. As displayed in 

Figure 5-6, supplementation of higher quantities of asparagine in the medium led to higher 

consumption rates. 



Page 137 of 225 
 

 

Figure 5-6: Experimental uptake rates of asparagine and glutamine, as well as ammonium 
production rate obtained in shake flasks (n=2) under the condition of high and low 

glutamine (Gln) concentration. 

The up-shift in asparagine consumption was accompanied by an increased production of 

ammonium (Figure 5-6).  In the case of the most higher asparagine supplementation, 

ammonium concentration reached three times the value of the control at the end of the 

process (Figure 5-7). Asparagine uptake rate was elevated at the beginning of the process, 

but seemed to be metabolized when glutamine was depleted, as the ammonium produced 

was significantly higher than the control by day 7. Consequently, cells preferentially used 

glutamine over asparagine at the beginning of the run.  

The impact of extra asparagine supply on cell growth can be observed from day 10, as death 

phase occurred at lower rate. Asparagine has already been shown to suppress glutamine 

depletion induced apoptosis (Zhang et al., 2014). However the final titer achieved was similar 

for all conditions, with a lower specific productivity for cells supplied with asparagine at the 

end of the run. In order to evaluate if the effect of asparagine supply potentially observed 

could be due to its metabolic product, aspartic acid, we also tested a feed with 4 times up-
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shift aspartate concentration. The final titer obtained is slightly increased, which can be due 

to a lower the ammonium production. 

 

Figure 5-7: Average experimental viable cell count, ammonium and antibody 
concentrations, normalized with highest experimental value obtained (n=2 for controls 

and Asn x8 in medium and x2 in feed, n=1 for other conditions). 
Control: fed-batch process conditions, either with low or high initial glutamine (Gln) concentration; 

Asn x4 in medium: asparagine supplementation 4 times higher than in the control production 

medium; Asn x8 in medium: asparagine supplementation 8 times higher than in the control 

production medium; Asn x8 in medium and x2 in feed: Asn x8 in medium, and asparagine 

supplementation in feeding solution to reach a concentration twice higher than in the control 

feeding solution; Asp x4: aspartate supplementation four times higher than in the control production 

medium. 

 

The experimental results did not confirm the energetic improvements observed with the 

genome-scale model when simulating elevated glutamine and asparagine uptake rates. The 

explanation could be that the negative impact of ammonium accumulation was not included 

in the model. Also, part of the predictions suggested a higher demand for oxygen uptake rate, 

but in the experiments the oxygenation strategy remained the same as for the controls.  
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3.2.3. Ammonium reduction as a global strategy to decrease ammonium 

production and to improve specific productivity: glutamine and asparagine 

chosen as targets based on model’s predictions 

Glutamine is a major energy and nitrogen source which is required for cell growth, and is also 

a precursor for amino-acids, nucleic acids and nucleotides synthesis (Zhang et al., 2017). It is 

usually supplied in the medium in concentrations ten times higher than other amino acids. In 

the cells, glutamine is converted in glutamate by glutaminase, generating ammonia, but can 

also be synthesized from glutamate by glutamine synthetase. As suggested by a study 

performed with CHO cells (Rajendra et al., 2012), glutamine reduction in the medium leads 

to a global reduction of ammonium production, and consequently an increased antibody 

production. The reported improved titer was assumed to be due to the beneficial impact of 

reduction of net ammonium production. Ammonium toxic effect can be explained by changes 

in the intracellular pH (Glacken, 1988; McQueen and Bailey, 1990), and energy depletion due 

to ion gradient maintenance across cytoplasmic membrane (Martinelle and Haggstrom, 1993; 

Mirabet et al., 1997). In the literature the detrimental effect of ammonium on cell growth and 

recombinant protein production is often reported (Chen and Harcum, 2005; Chen and 

Harcum, 2006; Cruz et al., 2000; Fan et al., 2015; Glacken et al., 1986; Ozturk et al., 1992; 

Reinhart et al., 2015; Schneider et al., 1996). The strategy chosen to enhance yield further 

was then focused on ammonium reduction. 

According to model predictions, the second most important source of ammonia production 

after glutamine was identified as asparaginase (Figure 5-8). 

Asparagine has often been correlated with accumulation of ammonia in cell culture medium 

(Selvarasu et al., 2012), however we could not validate with certainty that the enzyme 

involved in the reaction, L-asparaginase, was expressed in CHO cells. As this information could 

not be confirmed from literature, an enzymatic assay was performed on two different CHO 

DG44 cell lines in order to confirm the presence of the enzyme responsible for degradation 

of asparagine into aspartic acid and ammonium. Figure 5-9 reveals that asparaginase is indeed 

expressed during cell culture of two different other recombinant CHO cells.  
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Figure 5-8: Predicted distribution of main fluxes producing ammonium through the 

process. 
A threshold of 0.15 was applied to show the most relevant reactions contributing to ammonium 

production. Data shown is the average value of one cell line producing mAb1, cultivated in 2L 
bioreactors (n=3). 

 

Figure 5-9: Experimental activity of asparaginase for two other different cell lines. 
The cell lines were named high producer 1 (HP1) and high producer 2 (HP2); measurements were 

performed at different timepoints of a 2L bioreactor process (n=2). The experimental approach is 

detailed in section 2.3. 

 

3.2.4.  Aiming at a strong ammonium reduction by decreasing amount of both 

asparagine and glutamine did not have the expected impact 

We considered the most extreme strategy to reduce ammonia production, based on the fact 

that improved titer can be due to the reduction in the level of ammonia accumulation in 

culture media (Rajendra et al., 2012). Both glutamine and asparagine concentrations were 
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thus reduced, with different levels of reduction in the case of asparagine. An experiment was 

conducted with an initial low glutamine concentration, and decreased asparagine 

concentrations were tested both in media and in feed, at different levels (Figure 5-10).  

The results did not indicate significative changes compared to control condition. Cell growth 

was comparable to control condition, even if maximum viable cell count measured at day 8 

was decreased as asparagine concentration was reduced. The total number of viable cells was 

on average reduced from 6% for the first level of reduction tested in medium and feed, 11% 

for the second level of reduction and around 20% decreased for a combination of Asn reduced 

in feed and medium (Figure 5-11). Lower asparagine concentration impacted cell viability 

negatively. However, despite a lower total number of cells, the amount of antibody produced 

per cell and per day remained comparable. 

As for ammonium concentration, when Asn was reduced in the medium, we noticed a slight 

decrease of ammonium production rate on day 2. When Asn was reduced in the feed, we 

could see a slight decrease of ammonium production rate on day 4, 5 and 6. However, 

surprisingly ammonium production rate was increased from day 7 until the end of the process 

when Asn concentration was decreased in feed. As glutamine was exhausted in the medium 

at day 7, the last possible source for ammonium production was glutamate. In the case of 

lower Asn in feed, glutamate uptake rate was higher on day 4 and 5. We can hypothesize that 

cells accumulate glutamate and start consuming this intracellular pool from day 7 to fuel the 

TCA cycle with alpha-ketoglutarate, thus releasing ammonium. It could be a metabolic 

adaptation to a lower supply of asparagine, usually catabolized by cells to replenish the TCA 

cycle. 

In conclusion, this strategy led to a slight decrease of ammonium production when glutamine 

was low in the medium and asparagine was decreased in the feed. However, as an increased 

ammonium production was observed towards the end of the process, the potentially 

beneficial effects were cancelled, and did not cause improvement of growth or specific 

productivity. 
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Figure 5-10: Experimental results obtained with lower asparagine concentration. 
Asparagine was tested at 75 and 50% of its usual concentration in medium, and at 50 and 33% of its 

usual concentration in feed. A combinatory effect was tested with half of asparagine concentration 

in medium and feed. Negative rates indicate net consumption, while positive rates indicate net 

production. 
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Figure 5-11: A. Normalized viable cell count measured in the conditions tested. B. Table 
shows the maximum viable cell count at day 8, in relative percentage of control condition. 

4. Discussion  

4.1. Doubling the amino acid concentration in feeding solution did not 

lead to an increased amino acid uptake rate 

The explanation for the unchanged results obtained when doubling the amino acid 

concentration in the feeding solution is that the amino acids uptake rates were not increased 

and were all comparable to the control conditions until day 6 (data not shown). This shows 

that supplementation of amino acids did not increase consumption rates and thus did not 

have any positive impact on cell’s metabolism. As a slight improvement is observed on day 3 

following the addition of customized feed, an hypothesis is that a limiting parameter is 

impairing the beneficial effect of increased capacity for amino acid processing, such as limited 

oxygen uptake rate. Indeed, in this experiment the oxygenation set point was the same than 
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control conditions, and on day 5 the oxygen sparging capacity was at the maximum threshold. 

As the predictions given by the model showed a higher oxygen requirement, a new feed 

regime combining the optimized proposed feeds and an optimized oxygenation strategy 

could lead to improve results. 

The consumption rate of amino acids is dependent on many factors, such as the genetic 

composition of cells, gene expression profiles, cell cycle, medium composition and physical 

properties of the surrounding environment (Carinhas et al., 2013; Carrillo-Cocom et al., 2015; 

Fomina-Yadlin et al., 2014; Vallee et al., 2014; Yu et al., 2011). The risk that enhancing amino 

acid concentrations did not lead to any immediate measurable improvements was 

understood, despite the fact that flux analysis has previously been shown to be of great use 

for data interpretation and for optimizing CHO cell production process (Chong et al., 2012; 

Sellick et al., 2011; Selvarasu et al., 2012; Xing et al., 2011). The conclusion of this study is that 

genome-scale model applied with FBA is not sufficient as such to predict the impact of amino 

acid fluctuations in cell culture medium, as medium are technically optimized by adjusting 

nutrient quantities, and kinetics of consumption needs to be related to nutrient 

concentrations to validate genome-scale predictions with experimental results. Even though 

never applied for medium optimization, this could be theoretically realized with a dynamic 

model of CHO metabolism, which correlates concentration dependencies with predicted flux 

distribution (Hoffner et al., 2013; Nolan and Lee, 2011). However, such models require a 

critical level of knowledge regarding description and regulation of pathways, as well as 

experimental kinetic parameter values (Link et al., 2014). The strategy to apply for modeling 

feed optimization is a tradeoff between complexity, which leads to a higher level of details 

and more accurate dynamic predictions, and efficiency which is driven by observations built 

up on limited available constraints and rationale hypothesis. 

4.2. Glutamine and asparagine reduction were assumed to impact cell 

cycle phase, which is correlated to higher specific productivity  

Two synchronized events can explain the fact that glutamine reduction has been observed to 

improve specific productivity, and that asparagine reduction was expected to do so. The first 

one is simply that the products obtained from their catabolism, which are intermediates of 

the TCA cycle, are provided in enough quantities from catabolism of other amino acids. In the 
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case of glutamine, oxoglutarate intermediate has been proposed to be the crucial 

determinant of cellular glutamine dependency (Vander Heiden and DeBerardinis, 2017). The 

second hypothesis is that glutamine or asparagine depletion are suspected to impact cell cycle 

phase, which has been shown to be highly correlated with protein production. Indeed, 

Carvalhal et al. questioned whether cell growth arrest could be a valuable strategy to improve 

recombinant protein production in industrially relevant cell lines. Their study revealed that 

addition of nucleotides, nucleosides and bases in the medium can be used to improve protein 

production, as an accumulation of cells at the phase S of their cycle was observed and was 

linked to an improved specific productivity (Carvalhal et al., 2003). Induction of cell growth 

arrest at G1/S checkpoint has been correlated to increased heterologous protein expression 

in different other studies (Bi et al., 2004; Dez and Tollervey, 2004; Sunley and Butler, 2010). 

The mechanism is not very well understood, but as general observations cells are reported to 

be more metabolically active, larger in size and with intense ribosome biosynthesis at this 

phase of their cycle. 

The impact on amino acid depletion can also be compared to a list of different other 

controlled proliferation strategies aiming at arresting cell growth, that have been successfully 

tested for increased protein expression in cell culture process development (Sunley and 

Butler, 2010).  

Besides, while the reduction of glutamine concentration has been shown to have a positive 

effect on specific productivity, caution has to be taken as complete depletion of glutamine 

can lead to reduction of precursors required for product glycosylation (Burleigh et al., 2011). 

5. Conclusion 
 

A well balanced media is one of the most important factors to achieve a high titer antibody 

production process. In this work, a genome-scale model was used with an antibody producing 

cell line to study the impact of nutrient feeding, and understand production bottleneck to 

predict suitable strategies to improve current process through media optimization. A list of 

key nutrients, involving 10 amino acids, was identified as growth limiting factors from tailored 

genome-scale model’s predictions. The predictions could not be confirmed experimentally as 

the amino acid uptake rates were not increased, meaning that the industrial feeding solution 
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could not be optimized with this approach. In the case of asparagine, which is consumed in 

higher rates when supplemented, increased or decreased concentrations did not lead to 

improvement of specific productivity. 

As a reflection for future work, we can also question whether the constraints integrated in 

this genome-scale model were sufficient to use it as a tool for efficient media optimization. 

Neither component concentration dependent toxicity effects were taken into consideration 

in the predictions, nor potential high culture osmolality upon addition of the concentrated 

feed media. Although amino acids are principal components of biomass, different studies 

have highlighted the impact of other media components on cell’s performances, such as 

vitamins (Kim et al., 2005; Zang et al., 2011), metals which serve as co-factors for enzyme 

activation and play a key role in driving protein titer and protein quality (Gramer et al., 2011; 

Xu et al., 2018), lipids (Ali et al., 2018; Doolan et al., 2010), or antioxidant components (Hayes 

and McLellan, 2009). Genome-scale models are currently not suitable for modeling the impact 

of these components, as their contribution in flux solutions gives little weigh compared to 

fluxes in central carbon metabolism, mainly driven by carbohydrates and amino acid 

consumption. Efforts still have to be done to elucidate the relationship between nutrient 

supplement and its major impact on cells’ performances towards the bioprocess. 
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Chapter 6           

           

Conclusion 
 

I. Summary of results  

The main scope of this thesis was to apply and further develop a genome-scale CHO metabolic 

model to different CHO cell lines and recombinant protein production processes. A consensus 

genome-scale model, developed by a community of 40 scientists, was the starting point of 

this study. The initial model contained 4533 reactions describing metabolism and protein 

production of CHO cells. When initially applied in the conditions of industrial bioprocesses, 

with a high yielding cell line producing a monoclonal antibody, the predicted intracellular 

fluxes could not be interpreted because they consisted of very high localized nested fluxes 

that did not correspond to any of the metabolic flux analysis ever performed in CHO cells. In 

the chapter 1, the main motivation was to adapt the genome-scale model to improve the 

accuracy of the predicted metabolism.  

The first initiative can be considered as a technical curation of the model, aiming at simplifying 

the mathematical representation of the model, in such a way that the distribution of 

predicted fluxes could be compared and validated with current biological knowledge of CHO 

cells. The system of amino acid transportation from the extracellular compartment to the 

cytoplasm was considerably simplified. The initial model contained all known types of amino 

acid transporters in Cricetulus griseus, which are assigned to a large number of different 

families. However, the approach chosen for modeling with parsimonious flux balance analysis 

was not accurate enough to predict which transporter to activate in different conditions. Most 

importantly, we identified the amino acid transporters as being the main source of elevated 

isolated fluxes computed in the solution. As a matter of fact, the constraints required to 

predict the activation of one type over the other were not known and/or not included in the 

model. To fully understand why it is not relevant to keep such a high level of detail in the 

genome-scale model, we must remember that in vivo, the selection of amino acid transport 

system is based on several dynamic parameters such as maintenance of gradients (substrate 



Page 148 of 225 
 

concentration, electrochemical gradient, balance of osmatic pressure and intracellular pH); 

the size and hydrophobicity of the molecules; degree of saturation of the transporters; 

interdependence of secondary and tertiary active transporters, or inhibition/stimulation 

mechanisms which are not even well understood for all the transporters. As these parameters 

are too complex to integrate in the model, we decided to keep only one type of transporter 

for each amino acid, which consequently led to disappearance of infeasible cycles linked to 

amino acid uptake fluxes. 

In a second step, we observed that in some cases identical reactions allocated to different 

compartments could be activated together at high rates. This could be visually identified in 

predictive flux distributions with the presence of internal cycles, defined by their capacity of 

revolving independently of the rest of the network at high rates, involving with them other 

metabolites. This identical sets of reactions were leading to errors in the estimation of the 

objective function and redox balancing. They were manually identified and one version was 

kept based on a literature and database research to select the true biological reaction to be 

activated. When no information could be found for the reactions involving either NADPH or 

NADH as cofactor, the choice was made using the rationale that an NADH-driven reaction is 

more likely as the total concentration of NAD+/NADH in most tissues is about ten times higher 

than that of NADP+/NADPH. 

On the other hand, modifications were made in the model to extend its capacity for 

specifically modeling industrial production cell lines. One of their main characteristics is their 

requirements for high oxygenation levels during cell cultures, which has been linked to 

increased oxidative stress damages, detrimental to cell growth. The oxidative stress pathway 

was not comprehensively activated in the predictions during cell culture, as a whole branch 

was missing, namely the one including the renewal of reduced glutathione for detoxification 

of hydrogen peroxide issued from the electron transport chain. Thus we evaluated that a 

considerable proportion of reducing power was not modeled accurately, knowing that the 

reducing power is highly involved in the regeneration of reduced glutathione. In order to 

activate the reaction involving glutathione as an detoxifying agent, a simplified version of the 

antioxidant defense system was included by fusing the catalase and glutathione peroxidase 

reactions. This modification allowed to compute a more realistic NADPH/NADP+ requirement, 
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as the higher the oxygen consumption rate, the higher the generation of reactive oxygen 

species, and thus the higher the need for reducing power. 

In-house lipidomics data, as well as recent published studies, have shown the importance of 

lipid metabolism for the phenotype of CHO cells cultivated in fed-batch production. There is 

experimental evidence that lipids accumulate in the cells towards the end of the process. This 

information was included in the model with the addition of a constraint on minimum 

production rate of triglycerides, which had a direct impact on predictive lactate production 

rate that became quantitatively comparable to measured rates without subverting the flux 

rate distribution solution. 

The improved model was also modified by considering specific metabolic traits observed in 

high producing cell lines. The curated model was tested with exometabolomics data collected 

for an industrial cell line, and cell metabolism was computed for each individual time point 

starting from day 2 to day 7. The model was semi-constrained by setting the maximal uptake 

rate of each nutrient equal to the experimentally measured rate, and the bounds were 

changed accordingly at each day. In order to validate the predictions, the predicted amino 

acid uptake rates were compared to the experimental data. Predicted growth rate showed a 

very good squared correlation coefficient of 0.91 with experimental growth, and 96% of the 

extracellular metabolites measured showed a coefficient higher than 0.8. Based on this high 

correlation, the analysis of the metabolic network was considered valid from day 2 to 7, and 

the curated model could be used for intracellular analysis of cell metabolism. In conclusion, 

the improved model was modified both in order to cope with constraints that are either not 

available or not applied in the chosen mathematical representation of the metabolic network, 

and to consider specific metabolic traits observed in high producing cell lines. 

The logical follow-up to model curation, tackled in the second chapter, was to apply this 

model and the modeling approach to a higher number of industrial cell lines. We chose a set 

of four industrial cell lines, including three replicates of each, that exhibit different 

performances in terms of specific antibody production to be analyzed through the prism of 

the detailed curated metabolic network. The predicted growth rate corresponded very well, 

with a correlation coefficient of around 0.9 on average for all the cell lines. Ten intracellular 

fluxes were verified by comparing the predicted rates of the 2 high producers with enzymatic 

activities measured at different days of the process, in duplicates, and normalized to the total 
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protein quantity to get a relative overview of the evolution of the enzyme concentrations. 

This comparison with enzymatic activities demonstrated a generally reliable prediction of the 

intracellular fluxes based on a genome-scale model, which was only constrained with amino 

acids and by-products rates. As around 70% of the predicted fluxes were in correlation with 

the enzymatic activities measured, the enzymatic assays supported the model flux predictions 

and validated the analysis performed on the predicted intracellular fluxes. These results are 

the brilliant example of a first successful application of the genome-scale model to platform 

cell lines. 

Following the validation of predicted fluxes with experimental measurements, a total of 59 

intracellular reactions were examined from day 2 to 7 in different key pathways, namely 

glycolysis, the pentose phosphate pathway, TCA cycle, lipid metabolism, and oxidative 

phosphorylation. The variation of predicted fluxes was relatively low within the replicates. 

The analysis of the different pathways and comparison between cell lines did not highlight 

obvious similitudes between producers of the same level. Instead, it indicated that the 

metabolism of HP1/LP2 and HP2/LP1 were the most comparable. The clustering of the 

predicted fluxes was in correlation with the clustering performed on experimental nutrient 

consumption rates and with the clustering of the relative composition of amino acids in the 

antibody produced. The in silico analysis indicates that the cells clustered together had a 

similar amino acid requirement despite a different efficiency in antibody production. One 

hypothesis made from the analysis of experimental amino acid metabolism, is that HPs have 

a higher activity in TCA cycle in the first days resulting in a net production of aspartate and 

glutamate. 

A main difference observed in the clustering of the predicted intracellular fluxes for the four 

cell lines was that HP2 had an overall lower activity in lipid metabolic pathways from day 2 to 

7. To summarize the experimental insights collected with enzymatic activities, cell 

characteristics and adjustments required in industrial process, the overall hypothesis for HP2 

is divided into three phases: (i) at the beginning of the process, HP2 accumulates less lipids 

that the other cell lines, (ii) HP2 starts intracellular lipid storage around day 6, and (iii) from 

day 10 the intracellular pool starts to be consumed, as its final cell diameter is lower than 

HP1, and also because HP2 is less difficult to harvest than HP1 at the end of the process.  
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The experimental analysis of enzymatic activities performed for the two high producers could 

explain the difference of Qp observed in the beginning of the process, which was higher for 

HP1 than HP2. HP1 had a more efficient transition of fluxes from glycolysis to TCA cycle, and 

also had a more active PPP activity in this time frame. As a suggestion for industrial clone 

selection, we recommend to use PDH and G6P as markers for HPs. These enzymes could also 

be valuable metabolic targets, and overexpressed for improving cell’s performances. 

Additionally, experimental measurements of MDH activity suggested that this enzyme is a 

bottleneck, and Qp could be potentially improved when overexpressing this enzyme. 

Once the model was validated, another scope of this project was to use the mathematical 

simulations to examine the potential for improvement of the capabilities of the CHO platform. 

This aspect of the project was addressed and detailed in chapter 3. Experimental data of two 

different cell lines were used and included in the curated genome-scale model, which was the 

starting point of the study consisting in capturing the current performances of the cell lines 

in a computational framework that we have previously demonstrated as reliable. Based on 

this snapshot of cell performances, we have simulated different nutrient uptake rates in order 

to identify possible roots for process optimization. A list of ten amino acids was identified as 

growth limiting factors from tailored genome-scale model’s predictions. We decided to 

experimentally test these predictions by increasing the amino acid concentrations in the 

feeding solution. However, as the experimental amino acid uptake rates were not increased, 

the industrial feeding solution could not be optimized with this approach.  

In-house experiments allowed the identification of an amino acid that was constantly 

consumed at higher rates when present in higher concentrations in the surrounding 

environment of the cells. Indeed, as asparagine was the only amino acid that cells consumed 

in higher rates when it was more concentrated in the medium, we could verify the impact of 

a higher consumption rate by supplementing directly asparagine in the medium, and compare 

the experimental results with predictions from model. A higher asparagine consumption rate 

accompanied with a lower initial glutamine uptake rate was predicted to enhance metabolic 

fluxes in the early stage of the process through TCA cycle and thus activity in the electron 

transport chain. The experiment performed in shake flasks showed that a higher asparagine 

uptake rate was beneficial for cell growth in the late stage of the process, as the slope of 

decreasing number of viable cells was more smoothed than the control condition. Most of all, 
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the results obtained from this experiment indicated a significantly higher ammonium 

production following asparagine supplementation. We hypothesized that this 

overaccumulation of ammonium was responsible for a decrease in cells performance, as 

ammonium has been well documented as detrimental for specific antibody productivity. 

Thus, again through medium optimization, we also explored the possibility of an increased 

specific productivity by reduction of net ammonium production rate. The model was used to 

identify the main sources of ammonium production during cell culture process, namely 

glutamine and asparagine, which were experimentally reduced. This strategy led to a slight 

decrease of ammonium production when glutamine was low in the medium and asparagine 

was decreased in the feed. However, as an increased ammonium production was observed 

towards the end of the process, the potentially beneficial effects were cancelled, and did not 

cause improvement of growth or specific productivity. 

 

II. Main conclusions 

As a more global conclusion, we would like to summarize the key findings of this entire study 

by addressing three main contributions we have brought to the scientific community : 

(i) Development of a genome-scale model and adaptation to the metabolism of high 

yielding industrial cell lines 

We have developed and manually curated a genome-scale model consisting of 3,942 

metabolic reactions, covering the metabolism of amino acid, carbohydrate, cofactor and 

vitamins, nucleotide, lipid, energy, glycosylation and regulation of oxidative stress. This model 

was adapted to the metabolism of high yielding cells that are used in industrial bioprocesses, 

regarding the antioxidant defense pathway and the adjustment for lipid accumulation. We 

were able to model both the impact of individual cell lines, and the modifications needed to 

suit the productivity of pharmaceutical proteins. The model was eagerly awaited by the 

scientific community to support CHO cell culture bioprocesses, for a range of broad 

applications such as metabolic engineering, or interpretation of experimental data related to 

growth and multiple other omics data. 
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(ii) Successful validation of the model and application to CHO production platform for 

analysis of intracellular fluxes 

The model was validated by comparing the predicted extracellular and intracellular fluxes to 

experimental values. To compensate for the inability to predict as a function of time, a 

methodology was found to predict cell metabolism at different days of cell culture. Not only 

one, but five cell lines and replicates were tested and showed good comparability with the 

experimental data. The model was used to predicted data at different scales, from 100 mL to 

2L bioreactor scale. As a reliable predictive capacity of the model was demonstrated, the 

model could be applied to CHO production platform for the analysis of intracellular fluxes and 

their evolution during the early stage of bioprocesses. This is a major advance for the CHO 

bioprocessing landscape, considering that only initial models of metabolism were previously 

published, and we have demonstrated here that this curated model could be successfully 

utilized for industry. The availability of a model to support industrial bioprocess development 

for suggestion of metabolic targets and for interpretation of phenotype of commercial cell 

lines expressing different recombinant products represents another milestone for CHO 

genome-scale science.  

(iii) Application of the model demonstrated for characterization of CHO metabolism 

during exponential growth phase, for targets suggestion in cell line engineering 

and global process improvement 

The model was used to describe fluxes in different pathways and to suggest for targets in cell 

line engineering and clone selection. The final model represents an efficient tool to guide 

experimental work and reduce cost and time of tedious laboratory experiments. However, 

additional tools may be applied to predict the effect of perturbations of feeding rates or 

nutrient uptake on cell phenotype. This pioneering work is an opening for promising 

applications of genome-scale model, where an enhanced understanding of the CHO host 

organism combined with a more detailed modeling of the surrounding environment will lead 

to the increase of the capability and robustness of industrial CHO platform. 
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III. Future work 
 

The following two sections will present some suggestions of the future work that can be 

performed to continue what has been presented here. 

i.  Extend the modeling capacities 

First of all, this study has been performed using a genome-scale model tailored to a CHO DG44 

cell line. However, several other cell lines are widely used for the production of 

biopharmaceuticals, such as CHO-K1, CHO-S or CHO-DUKX, which all present genetic 

heterogeneity and unique set of mutations that influence the performance of bioprocess 

operations (Lewis et al., 2013; Wurm and Hacker, 2011; Xu et al., 2011). A recent study 

compared cell culture attributes of different cell lines, cultivated under different conditions, 

and ranged them according to their best cell-specific productivities (Reinhart et al., 2018). As 

CHO-K1 was shown to have a higher mAb expression than the other cell lines, including CHO 

DG44 which was used in this study, it would be interesting to model all the cell lines with their 

individual genetic differences, and simulate their phenotypes prior to cell line selection to 

evaluate the best choice for the production of a therapeutic protein. We could apply the same 

study that was performed here to the two other available genome-scale models, specific to 

CHO-S and CHO-k1 (Hefzi et al., 2016). 

Another aspect that could be integrated in the model is the consideration of amino acid 

storage during cell culture. Presence of intracellular amino acid pools in CHO cells have 

already been demonstrated (Lu et al., 2005), and the fluctuations of these pools depend both 

on amino acid availability in the medium and on the amount of transporters expressed by the 

cell (Salazar et al., 2016). Experimental quantification of the intracellular pools and of the rate 

at which cells consume these pools could be extremely interesting, because it could allow us 

to model bioprocesses in the case of early depletion of some metabolites in the medium. 

Currently, depletion of essential amino acids in the medium cannot be modeled and does not 

allow to understand consecutive metabolic adaptations of the cells. It could be used to have 

a more complete vision of the available cell’s resources at different time points of the process, 

especially since in some cases, early metabolite depletions has been linked to enhanced 

specific productivity (Kumar et al., 2007). Similarly, quantification of intracellular oxidized and 
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reduced glutathione would add a more detailed level of regulation of the predicted pathway 

for oxidative stress. 

We could also consider extending the input parameters of the model further, such as the 

impact of the variation of nutrient availability the medium and the inhibitory effect of by-

products and other metabolites on cells. The integration of such a complex regulatory level 

of information could be done in theory by using dynamic flux balance analysis (Hoffner et al., 

2013), which is an extension to flux balance analysis. However, practically this requires a 

number of parameters which limit their application to small, well-characterized systems 

(Jouhten et al., 2012; Mahadevan et al., 2002). A comprehensible requirement for the future 

is to monitor any advance in the field of genome-scale modeling, as for now, owing to 

technical limitations, it is not possible to model neither signaling and regulation in genome-

scale models of CHO cells (Hyduke and Palsson, 2010), nor mechanisms of cell death. Indeed, 

mathematical models of apoptosis have been developed to offer a comprehensive view of 

the intracellular signaling network of apoptosis, however their use in specific culture settings 

is limited since they cannot be correlated with cell density or extracellular metabolic 

substrates and products (Meshram et al., 2011; Spencer and Sorger, 2011). 

ii.  Improvement of CHO production platform 

As genome-scale models are knowledge-based models, one of their major interests in the 

scientific field is their application to extract biological insights from omics data (Hyduke et al., 

2013). To improve knowledge discovery, multiple types of complementary analysis can be 

performed on CHO cells during cell culture processes at different time points, such as 

transcriptomics and proteomics. Examples of rational bioprocess improvements using omics 

data are multiple with CHO cells. Transcriptomics and proteomics analysis have been used to 

show up-regulation of lipid metabolism in high producers (Schaub et al., 2010), to increase 

cell viability (Druz et al., 2011), to identify genetic targets associated with growth rate (Doolan 

et al., 2010), and to provide additional insight into the mode of action of some nutrients 

present in the medium (He et al., 2018; Yuk et al., 2014). To enhance the model’s predictive 

power, omics data can be used to further constrain the possible solution space (Lewis et al., 

2012; Palsson, 2002). They can be used to modify the network's reactions either by 

inactivating them entirely or by constraining their activity levels (Shlomi et al., 2008). It could 
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be useful to understand how cells adapt in response to particular environmental changes, and 

to validate that the internal state computed by the model corresponds to the true metabolic 

state of the cell.  

Moreover, regarding the application of genome-scale models to medium optimization, we 

could consider a novel approach recently published that highlights the potential of using 

context-specific models (Richelle et al., 2018). This approach suggests to infer the 

functionalities of a cell or tissue from omics data, and guide the construction or simplification 

of an existing model based on the specific identified functions. 

We could also constrain the model further based on 13C-Metabolic flux analysis, which is a 

standard technique used to quantify in vivo metabolic fluxes. Considering the metabolic 

targets identified in this study, such as malate dehydrogenase, an accurate simulation of the 

intracellular state of the cell would allow to predict which fluxes could be overexpressed, 

deleted or funneled to overcome the bottleneck experimental identified in high producers. 

As the more constraints are added in the model, the better the quality of the predictions, a 

future consideration would be to measure the maximal oxygen capacity of the cells, ideally at 

different days of the process and for different cell lines in order to compare their respiratory 

capacity. In this study, we considered that oxygen uptake was unconstrained, which would be 

quite relevant to verify experimentally. 

Cell line engineering techniques could be applied to validate the targets and hypotheses 

underlined in this study. Additionally, in order to validate or eliminate the list of amino acid 

consumption rates for which enhancement was predicted to improve cells performances by 

the model, we could consider to engineer cells to upregulate amino acid transporters. As an 

inspiring example, this approach was successfully undertaken with CHO cells with the 

overexpression of a taurine transporter (Tabuchi et al., 2010). 

The most evident part of our future work will be to keep on collecting experimental data on 

different cell lines, in different conditions and to integrate these data in curated and tailored 

genome-scale models. In this way, we will create a database of predicted intracellular fluxes 

that will be extensively used for cell line characterization and to provide more insights for 

pharmaceutical bioprocesses.  
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Appendix 
 

I. Supplementary material for Chapter 3 
 

 

Experiment 1 (R square= 0.43)  Experiment 2 (R square= 0.60) 

  
Experiment 3 (R square= 0.89)  Experiment 4 (R square= 0.36) 

  

 
 

Suppl. Figure III - 1: Bivariate fit of calculated arginine experimental consumption rates by 
days for each single experiment run independently. 

The example of arginine illustrates the approach for processing experimental data prior to model at 
different days of cell culture. Experimental quantification of metabolites (Ala, ammonium, Antibody, 
Arg, Asn, Asp, Cys, glucose, Glu, Gln, Gly, His, Ile, lactate, Leu, Lys, Met, Phe, Pro, Ser, Thr, Trp, Tyr, 

Val) were used to determine experimental uptake and production rates in mmol/gDW/h. Viable cell 
count was used to calculate experimental growth rate. The calculated rates were smoothed using a 

kernel smoother function from day 1 to 13 as shown in this figure. Smoothness (alpha): 0.5. 
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Suppl. Figure III - 2: Inconsistencies in prediction of flux values due to presence of cytosolic 

fumarase reaction in the model. 
Flux rates are normalized according to experimental growth rate of cell line CHO DG44_mAb1 at day 

2. (A) Modeling conditions correspond to day 3 of cell culture process of CHO DG44_mAb 1. When 
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glucose uptake rate is constrained to be strictly equal to the experimental value, futile cycles appear 

and allow the TCA cycle to function independently of pyruvate availability. (B) When glucose uptake 

rate is only constrained to be less or equal than the experimental value, predictions are false in the 

presence of cytosolic fumarase in the model. 

 

 

Suppl. Figure III - 3: Comparison of the predicted activity in complex II over time (n=3), 
with the curated and initial genome-scale model. 

 

 

 

Suppl. Figure III - 4: Experimental measurement of total lipid concentration and 
triacylglycerol concentration in industrial cell lines producing a different monoclonal 

antibody, at different days of a 15mL automated fed-batch process (n=2). 
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Suppl. Figure III - 5: Experimental viable cell count and titer evolution collected from the 
fed-batch culture (n=4) of the industrial antibody producing cell line. 

Growth rate predictions are based on data from day 2 to 7, as delimited by the shadowed part. 

 

 

 
 

Suppl. Figure III - 6: Predicted reactions involved in alanine catabolism. 
Serine pyruvate transaminase reaction : pyruvate_c + serine_L_c  alanine_c + 3-

hydroxypyruvate_c. 
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Suppl. Figure III - 7: Predicted distribution of main fluxes producing and consuming 

ammonium through the process. 

 
Suppl. Figure III - 8: Average normalized experimental ammonium flux rate (n=2). 

Control: fed-batch process conditions; Asn x4 in medium: asparagine supplementation in production 
medium prior to inoculation to reach a concentration four times higher than in the control production 
medium; Asn x8 in medium: asparagine supplementation in production medium prior to inoculation to 
reach a concentration eight times higher than in the control production medium; Asn x8 in medium and 

x2 in feed: asparagine supplementation in production medium prior to inoculation to reach a 
concentration eight times higher than in the control production medium, asparagine supplementation in 

feeding solution to reach a concentration twice higher than in the control feeding solution. 
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A   

 

 

 

 

 

 

B 

 

Suppl. Figure III - 9: (A) Normalized glutamate consumption reaction rates directed for 
different cellular fates. (B) Summary of reactions consuming glutamate as percentage of 

net glutamate consumption rate. 
TCA cycle: group of reactions using glutamate as a substrate for synthesis of TCA cycle intermediates 

(activity of phosphoserine transaminase, glutamate dehydrogenase and aspartate transaminase 
producing 2-oxoglutarate to replenish the TCA cycle); Protein synthesis: group of reactions using 

glutamate as a substrate for protein synthesis (formation of biomass, production of heavy and light 
chain of the antibody); GLNS: glutamine synthetase (GLNS) reaction using glutamate as a substrate 

for synthesis of glutamine. 
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II. Supplementary material for Chapter 4 
 

 

 

Suppl. Figure IV - 1: Correlation coefficient (r²) of predicted growth with experimental 
data. Growth rate was predicted from day 2 to 7, using maximization of biomass 

production as the objective function. 
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Suppl. Figure IV - 2: Experimental consumption and production rate of glucose, pyruvate, 
lactate and amino acids (n=2). 

For pyruvate and lactate, negative values indicate consumption whereas positive values correspond 
to a net production. Alanine, Cysteine, Glycine, Serine and Threonine are linked to pyruvate 
metabolism whereas Isoleucine be converted into acetyl CoA and fed into the TCA cycle by 

condensing with oxaloacetate to form citrate. Values are all normalized to the highest consumption 
rate measured. 
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Suppl. Figure IV - 3: Experimental glutamine consumption rate and ammonium secretion 
rate (n=2). 

For glutamine and ammonium, values are normalized with the highest value reached for both cell 
lines.  
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Suppl. Figure IV - 4: Average coefficients of variations (CVs) from day 2 to 7. 
CV is defined as the standard deviation divided by the mean value of triplicates, reported here as a 

percentage. 
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Suppl. Figure IV - 5: Hierarchical clustering of the average flux profiles for the 4 cell lines. 
The clustering process calculates the distance between each cluster based on the Centroid’s method, 
and combine the clusters that are the closest together (Agglomerative procedure (Murtagh, 1983)). 
The objective was to identify the metabolic signatures of high producers, when clustered together. 

Negative values for uptake, positive values for production rate. 

ALA, Alanine uptake rate; NH3, Ammonia flux rate; ARG, Arginine uptake rate; ASN, Asparagine uptake 

rate; ASP, Aspartate uptake rate; CYS, Cysteine uptake rate; GLC, Glucose uptake rate; GLU, Glutamate 

uptake rate; GLN, Glutamine uptake rate; GLY, Glycine uptake rate; HIS, Histidine uptake rate; ILE, 

Isoleucine uptake rate; LAC, Lactate flux rate; LEU, Leucine uptake rate; LYS, Lysine uptake rate; MET, 

Methionine uptake rate; PHE, Phenylalanine uptake rate; PRO, Proline uptake rate; SER, Serine uptake 

rate; THR, Threonine uptake rate; TRP, Tryptophan uptake rate; TYR, Tyrosine uptake rate; VAL, Valine 

uptake rate. 
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Suppl. Figure IV - 6: Amino acid composition in the sequence of the monoclonal antibody 
produced by each cell line, in relative percentage of total amino acids. 

 

 

 

Suppl. Figure IV - 7: Normalized amino acid efflux and influx rates (positive value for 
efflux, negative for influx). 
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Suppl. Figure IV - 8: Normalized cell diameter (n=3) experimentally measured. 
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III. Supplementary table of all reactions modified 
 

  
  

  

Type of correction applied 
  

  

Reaction name Reaction ID 
Initial reaction 

in model 
Reaction 
removed 

Reaction 
added 

Parameters 
changed 

Reaction 
after 

modification 
Justification 

glucose transport (uniport) 
GLCt1r 

glc_D_e <=> 
glc_D_c 

    
Lower bound 

= 0 
glc_D_e --> 

glc_D_c Unidrectional transporters 

D-glucose transport in via 
proton symport 

GLCt2r 
glc_D_e + h_e 
<=> glc_D_c + 
h_c 

    Lower bound 
= 0 

glc_D_e + 
h_e --> 

glc_D_c + h_c Unidrectional transporters 

D-glucose transport in via 
proton symport 

GLCt2_2 

glc_D_e + 2.0 
h_e <=> 
glc_D_c + 2.0 
h_c 

    
Lower bound 

= 0 

glc_D_e + 2.0 
h_e --> 

glc_D_c + 2.0 
h_c Unidrectional transporters 

RE1342 

RE1342C 

nad_c + 
sbt_D_c <=> 
glc_D_c + h_c + 
nadh_c 

    
Lower bound 

= 0 

nad_c + 
sbt_D_c --> 

glc_D_c + h_c 
+ nadh_c Unidrectional transporters 

D-fructose transport via 
sodium cotransport 

FRUt4 
fru_e + na1_e 
<=> fru_c + 
na1_c 

    Lower bound 
= 0 

fru_e + 
na1_e --> 

fru_c + na1_c Unidrectional transporters 

D-fructose transport in via 
uniport 

FRUt1r 
fru_e <=> fru_c 

    
Lower bound 

= 0 
fru_e --> 

fru_c Unidrectional transporters 

glucose transport via 
membrane vesicle 

GLCMter 
glc_D_r --> 
glc_D_e 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.18.6.3 

r1143 
 asp_L_e + 
na1_e --> 
asp_L_c + na1_c 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.18.6.3 

r1144 
 glu_L_e + 
na1_e --> 
glu_L_c + na1_c 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2079 
 acac_c + pyr_e 
--> acac_e + 
pyr_c 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2080 
 ac_e + acac_c -
-> ac_c + acac_e 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2081 
 acac_c + for_e -
-> acac_e + 
for_c 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2082 
 acac_c + ppa_e 
--> acac_e + 
ppa_c 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2083 

 acac_c + 
lac_L_e --> 
acac_e + 
lac_L_c 

X   

  

  

Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2084 
 acac_c + retn_e 
--> acac_e + 
retn_c 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2085 
 2hb_e + acac_c 
--> 2hb_c + 
acac_e 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2086 
 2hb_c + pyr_e -
-> 2hb_e + 
pyr_c 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2087 
 2hb_c + ac_e --
> 2hb_e + ac_c 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2088 
 2hb_c + for_e -
-> 2hb_e + 
for_c 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2089 
 2hb_c + ppa_e 
--> 2hb_e + 
ppa_c 

X   
  

  
Compensation for insufficient constraints 
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 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2090 
 2hb_c + 
lac_L_e --> 
2hb_e + lac_L_c 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2091 
 2hb_c + but_e -
-> 2hb_e + 
but_c 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2092 
 2hb_c + retn_e 
--> 2hb_e + 
retn_c 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2093 
 akg_c + pyr_e -
-> akg_e + 
pyr_c 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2094 
 ac_c + pyr_e --
> ac_e + pyr_c 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2096 
 ppa_c + pyr_e -
-> ppa_e + 
pyr_c 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2097 
 lac_L_c + pyr_e 
--> lac_L_e + 
pyr_c 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2098 
 but_c + pyr_e -
-> but_e + pyr_c 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2099 
 pyr_e + retn_c 
--> pyr_c + 
retn_e 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2100 
 bhb_c + pyr_e -
-> bhb_e + 
pyr_c 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2101 
 ac_c + akg_e --
> ac_e + akg_c 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2102 
 akg_e + for_c --
> akg_c + for_e 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2103 
 akg_e + ppa_c -
-> akg_c + 
ppa_e 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2104 
 acac_c + akg_e 
--> acac_e + 
akg_c 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2105 
 akg_e + lac_L_c 
--> akg_c + 
lac_L_e 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2106 
 akg_e + but_c -
-> akg_c + 
but_e 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2107 
 akg_e + retn_c 
--> akg_c + 
retn_e 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2108 
 akg_e + bhb_c -
-> akg_c + 
bhb_e 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2109 
 2hb_c + akg_e -
-> 2hb_e + 
akg_c 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2110 
 ac_e + for_c --> 
ac_c + for_e 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2111 
 ac_e + ppa_c --
> ac_c + ppa_e 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2112 
 ac_e + lac_L_c -
-> ac_c + 
lac_L_e 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2113 
 ac_e + but_c --
> ac_c + but_e 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2114 
 ac_e + retn_c --
> ac_c + retn_e 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2115 
 ac_e + bhb_c --
> ac_c + bhb_e 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2116 
 for_e + ppa_c -
-> for_c + ppa_e 

X   
  

  
Compensation for insufficient constraints 
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 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2117 
 for_e + lac_L_c 
--> for_c + 
lac_L_e 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2118 
 but_c + for_e --
> but_e + for_c 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2119 
 for_e + retn_c -
-> for_c + 
retn_e 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2120 
 bhb_c + for_e -
-> bhb_e + 
for_c 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2121 
 lac_L_c + 
ppa_e --> 
lac_L_e + ppa_c 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2122 
 but_c + ppa_e -
-> but_e + 
ppa_c 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2123 
 ppa_e + retn_c 
--> ppa_c + 
retn_e 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2124 
 bhb_c + ppa_e 
--> bhb_e + 
ppa_c 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2125 
 acac_e + but_c 
--> acac_c + 
but_e 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2126 
 acac_e + bhb_c 
--> acac_c + 
bhb_e 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2127 
 but_c + lac_L_e 
--> but_e + 
lac_L_c 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2128 

 lac_L_e + 
retn_c --> 
lac_L_c + 
retn_e 

X   

  

  

Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2129 
 bhb_c + 
lac_L_e --> 
bhb_e + lac_L_c 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2130 
 but_e + retn_c 
--> but_c + 
retn_e 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2131 
 bhb_c + but_e -
-> bhb_e + 
but_c 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2132 
 bhb_c + retn_e 
--> bhb_e + 
retn_c 

X   
  

  
Compensation for insufficient constraints 

 Major Facilitator(MFS) 
TCDB:2.A.1.13.1 

r2133 
 2hb_c + bhb_e 
--> 2hb_e + 
bhb_c 

X   
  

  
Compensation for insufficient constraints 

 transport of L-Isoleucine 
by LAT1 in association with 
4F2hc, across the apical 
surface of the 
memebranes and Amino 
Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

ILELAT1tc 
 ile_L_e + 
leu_L_c --> 
ile_L_c + 
leu_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1635 

 cys_L_e + 
leu_L_c --> 
cys_L_c + 
leu_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1636 

 cys_L_e + 
pro_L_c --> 
cys_L_c + 
pro_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1637  asn_L_c + 
cys_L_e --> 

X   
  

  
Compensation for insufficient constraints 
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asn_L_e + 
cys_L_c 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1638 

 cys_L_e + 
val_L_c --> 
cys_L_c + 
val_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1639 

 cys_L_e + 
thr_L_c --> 
cys_L_c + 
thr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1640 

 cys_L_e + 
hom_L_c --> 
cys_L_c + 
hom_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1641 

 cys_L_e + 
ile_L_c --> 
cys_L_c + 
ile_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1642 

 leu_L_e + 
pro_L_c --> 
leu_L_c + 
pro_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1643 

 asn_L_c + 
leu_L_e --> 
asn_L_e + 
leu_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1645 

 leu_L_e + 
thr_L_c --> 
leu_L_c + 
thr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1646 

 hom_L_c + 
leu_L_e --> 
hom_L_e + 
leu_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1648 

 asn_L_c + 
pro_L_e --> 
asn_L_e + 
pro_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1649 

 pro_L_e + 
val_L_c --> 
pro_L_c + 
val_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1650 

 pro_L_e + 
thr_L_c --> 
pro_L_c + 
thr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1651 

 hom_L_c + 
pro_L_e --> 
hom_L_e + 
pro_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1652 

 ile_L_c + 
pro_L_e --> 
ile_L_e + 
pro_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1653 

 asn_L_e + 
val_L_c --> 
asn_L_c + 
val_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1654 

 asn_L_e + 
thr_L_c --> 
asn_L_c + 
thr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1655 

 asn_L_e + 
hom_L_c --> 
asn_L_c + 
hom_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1656 

 asn_L_e + 
ile_L_c --> 
asn_L_c + 
ile_L_e 

X   

  

  

Compensation for insufficient constraints 
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 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1657 

 thr_L_c + 
val_L_e --> 
thr_L_e + 
val_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1658 

 hom_L_c + 
val_L_e --> 
hom_L_e + 
val_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1659 

 ile_L_c + 
val_L_e --> 
ile_L_e + 
val_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1660 

 hom_L_c + 
thr_L_e --> 
hom_L_e + 
thr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1661 

 ile_L_c + 
thr_L_e --> 
ile_L_e + 
thr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1662 

 hom_L_e + 
ile_L_c --> 
hom_L_c + 
ile_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r1992 
 gly_c + lys_L_e 
--> gly_e + 
lys_L_c 

X   
  

  
Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r1993 

 ala_L_c + 
lys_L_e --> 
ala_L_e + 
lys_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r1994 

 gln_L_c + 
lys_L_e --> 
gln_L_e + 
lys_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r1995 

 lys_L_e + 
ser_L_c --> 
lys_L_c + 
ser_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r1996 

 lys_L_e + 
met_L_c --> 
lys_L_c + 
met_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r1997 

 lys_L_e + 
trp_L_c --> 
lys_L_c + 
trp_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r1998 

 lys_L_e + 
phe_L_c --> 
lys_L_c + 
phe_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r1999 

 lys_L_e + 
tyr_L_c --> 
lys_L_c + 
tyr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2000 

 cys_L_c + 
lys_L_e --> 
cys_L_e + 
lys_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2001 

 leu_L_c + 
lys_L_e --> 
leu_L_e + 
lys_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2002 

 lys_L_e + 
pro_L_c --> 
lys_L_c + 
pro_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2003  asn_L_c + 
lys_L_e --> 

X   
  

  
Compensation for insufficient constraints 
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asn_L_e + 
lys_L_c 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2004 

 lys_L_e + 
val_L_c --> 
lys_L_c + 
val_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2005 

 lys_L_e + 
thr_L_c --> 
lys_L_c + 
thr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2006 

 hom_L_c + 
lys_L_e --> 
hom_L_e + 
lys_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2007 

 ile_L_c + 
lys_L_e --> 
ile_L_e + 
lys_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2008 
 arg_L_e + gly_c 
--> arg_L_c + 
gly_e 

X   
  

  
Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2009 

 ala_L_c + 
arg_L_e --> 
ala_L_e + 
arg_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2010 

 arg_L_e + 
gln_L_c --> 
arg_L_c + 
gln_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2011 

 arg_L_e + 
ser_L_c --> 
arg_L_c + 
ser_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2012 

 arg_L_e + 
met_L_c --> 
arg_L_c + 
met_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2013 

 arg_L_e + 
trp_L_c --> 
arg_L_c + 
trp_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2014 

 arg_L_e + 
phe_L_c --> 
arg_L_c + 
phe_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2015 

 arg_L_e + 
tyr_L_c --> 
arg_L_c + 
tyr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2016 

 arg_L_e + 
cys_L_c --> 
arg_L_c + 
cys_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2017 

 arg_L_e + 
leu_L_c --> 
arg_L_c + 
leu_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2018 

 arg_L_e + 
pro_L_c --> 
arg_L_c + 
pro_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2019 

 arg_L_e + 
asn_L_c --> 
arg_L_c + 
asn_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2020 

 arg_L_e + 
val_L_c --> 
arg_L_c + 
val_L_e 

X   

  

  

Compensation for insufficient constraints 
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 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2021 

 arg_L_e + 
thr_L_c --> 
arg_L_c + 
thr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2022 

 arg_L_e + 
hom_L_c --> 
arg_L_c + 
hom_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2023 

 arg_L_e + 
ile_L_c --> 
arg_L_c + 
ile_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2024  gly_c + orn_e --
> gly_e + orn_c 

X   
  

  
Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2026 
 gln_L_c + 
orn_e --> 
gln_L_e + orn_c 

X   
  

  
Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2027 
 orn_e + 
ser_L_c --> 
orn_c + ser_L_e 

X   
  

  
Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2028 

 met_L_c + 
orn_e --> 
met_L_e + 
orn_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2029 
 orn_e + 
trp_L_c --> 
orn_c + trp_L_e 

X   
  

  
Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2030 

 orn_e + 
phe_L_c --> 
orn_c + 
phe_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2031 
 orn_e + tyr_L_c 
--> orn_c + 
tyr_L_e 

X   
  

  
Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2032 
 cys_L_c + 
orn_e --> 
cys_L_e + orn_c 

X   
  

  
Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2034 
 orn_e + 
pro_L_c --> 
orn_c + pro_L_e 

X   
  

  
Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2035 
 asn_L_c + 
orn_e --> 
asn_L_e + orn_c 

X   
  

  
Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2036 
 orn_e + val_L_c 
--> orn_c + 
val_L_e 

X   
  

  
Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2037 
 orn_e + 
thr_L_c --> 
orn_c + thr_L_e 

X   
  

  
Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2038 

 hom_L_c + 
orn_e --> 
hom_L_e + 
orn_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2039 
 ile_L_c + orn_e 
--> ile_L_e + 
orn_c 

X   
  

  
Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2040 
 gly_c + his_L_e 
--> gly_e + 
his_L_c 

X   
  

  
Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2041 

 ala_L_c + 
his_L_e --> 
ala_L_e + 
his_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2042 

 gln_L_c + 
his_L_e --> 
gln_L_e + 
his_L_c 

X   

  

  

Compensation for insufficient constraints 
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 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2043 

 his_L_e + 
ser_L_c --> 
his_L_c + 
ser_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2044 

 his_L_e + 
met_L_c --> 
his_L_c + 
met_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2045 

 his_L_e + 
trp_L_c --> 
his_L_c + 
trp_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2046 

 his_L_e + 
phe_L_c --> 
his_L_c + 
phe_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2047 

 his_L_e + 
tyr_L_c --> 
his_L_c + 
tyr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2048 

 cys_L_c + 
his_L_e --> 
cys_L_e + 
his_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2049 

 his_L_e + 
leu_L_c --> 
his_L_c + 
leu_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2050 

 his_L_e + 
pro_L_c --> 
his_L_c + 
pro_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2051 

 asn_L_c + 
his_L_e --> 
asn_L_e + 
his_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2052 

 his_L_e + 
val_L_c --> 
his_L_c + 
val_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2053 

 his_L_e + 
thr_L_c --> 
his_L_c + 
thr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2054 

 his_L_e + 
hom_L_c --> 
his_L_c + 
hom_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2055 

 his_L_e + 
ile_L_c --> 
his_L_c + 
ile_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2056 
 citr_L_e + gly_c 
--> citr_L_c + 
gly_e 

X   
  

  
Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2057 

 ala_L_c + 
citr_L_e --> 
ala_L_e + 
citr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2058 

 citr_L_e + 
gln_L_c --> 
citr_L_c + 
gln_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2059 

 citr_L_e + 
ser_L_c --> 
citr_L_c + 
ser_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2060  citr_L_e + 
met_L_c --> 

X   
  

  
Compensation for insufficient constraints 
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citr_L_c + 
met_L_e 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2061 

 citr_L_e + 
trp_L_c --> 
citr_L_c + 
trp_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2062 

 citr_L_e + 
phe_L_c --> 
citr_L_c + 
phe_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2063 

 citr_L_e + 
tyr_L_c --> 
citr_L_c + 
tyr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2064 

 citr_L_e + 
cys_L_c --> 
citr_L_c + 
cys_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2065 

 citr_L_e + 
leu_L_c --> 
citr_L_c + 
leu_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2066 

 citr_L_e + 
pro_L_c --> 
citr_L_c + 
pro_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2067 

 asn_L_c + 
citr_L_e --> 
asn_L_e + 
citr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2068 

 citr_L_e + 
val_L_c --> 
citr_L_c + 
val_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2069 

 citr_L_e + 
thr_L_c --> 
citr_L_c + 
thr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2070 

 citr_L_e + 
hom_L_c --> 
citr_L_c + 
hom_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r2071 

 citr_L_e + 
ile_L_c --> 
citr_L_c + 
ile_L_e 

X   

  

  

Compensation for insufficient constraints 

 transport of L-Valine by 
LAT1 in association with 
4F2hc, across the apical 
surface of the 
memebranes and Amino 
Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

VALLAT1tc 
 leu_L_c + 
val_L_e --> 
leu_L_e + 
val_L_c 

X   

  

  

Compensation for insufficient constraints 

 transport of L-Cysteine 
into the cell and efflux of L-
Phenylalanine out of the 
cell by LAT2 on the 
basolateral surfaces of 
kidney and intestine and 
Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

CYSPHELAT2tc 
 cys_L_e + 
phe_L_c --> 
cys_L_c + 
phe_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.15 

r0946 
 citr_L_c + 
orn_e --> 
citr_L_e + orn_c 

X   
  

  
Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1544 
 gln_L_c + gly_e 
--> gln_L_e + 
gly_c 

X   
  

  
Compensation for insufficient constraints 
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 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1546 
 gly_e + 
met_L_c --> 
gly_c + met_L_e 

X   
  

  
Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1547 
 gly_e + trp_L_c 
--> gly_c + 
trp_L_e 

X   
  

  
Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1548 
 gly_e + 
phe_L_c --> 
gly_c + phe_L_e 

X   
  

  
Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1549 
 gly_e + tyr_L_c 
--> gly_c + 
tyr_L_e 

X   
  

  
Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1551 
 gly_e + leu_L_c 
--> gly_c + 
leu_L_e 

X   
  

  
Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1552 
 gly_e + pro_L_c 
--> gly_c + 
pro_L_e 

X   
  

  
Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1553 
 asn_L_c + gly_e 
--> asn_L_e + 
gly_c 

X   
  

  
Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1554 
 gly_e + val_L_c 
--> gly_c + 
val_L_e 

X   
  

  
Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1556 

 gly_e + 
hom_L_c --> 
gly_c + 
hom_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1557 
 gly_e + ile_L_c 
--> gly_c + 
ile_L_e 

X   
  

  
Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1559 

 ala_L_e + 
ser_L_c --> 
ala_L_c + 
ser_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1560 

 ala_L_e + 
met_L_c --> 
ala_L_c + 
met_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1561 

 ala_L_e + 
trp_L_c --> 
ala_L_c + 
trp_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1562 

 ala_L_e + 
phe_L_c --> 
ala_L_c + 
phe_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1563 

 ala_L_e + 
tyr_L_c --> 
ala_L_c + 
tyr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1564 

 ala_L_e + 
cys_L_c --> 
ala_L_c + 
cys_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1565 

 ala_L_e + 
leu_L_c --> 
ala_L_c + 
leu_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1566 

 ala_L_e + 
pro_L_c --> 
ala_L_c + 
pro_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1567 

 ala_L_e + 
asn_L_c --> 
ala_L_c + 
asn_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1568  ala_L_e + 
val_L_c --> 

X   
  

  
Compensation for insufficient constraints 
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ala_L_c + 
val_L_e 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1569 

 ala_L_e + 
thr_L_c --> 
ala_L_c + 
thr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1570 

 ala_L_e + 
hom_L_c --> 
ala_L_c + 
hom_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1571 

 ala_L_e + 
ile_L_c --> 
ala_L_c + 
ile_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1573 

 gln_L_e + 
met_L_c --> 
gln_L_c + 
met_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1574 

 gln_L_e + 
trp_L_c --> 
gln_L_c + 
trp_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1575 

 gln_L_e + 
phe_L_c --> 
gln_L_c + 
phe_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1576 

 gln_L_e + 
tyr_L_c --> 
gln_L_c + 
tyr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1578 

 gln_L_e + 
leu_L_c --> 
gln_L_c + 
leu_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1579 

 gln_L_e + 
pro_L_c --> 
gln_L_c + 
pro_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1580 

 asn_L_c + 
gln_L_e --> 
asn_L_e + 
gln_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1581 

 gln_L_e + 
val_L_c --> 
gln_L_c + 
val_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1583 

 gln_L_e + 
hom_L_c --> 
gln_L_c + 
hom_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1584 

 gln_L_e + 
ile_L_c --> 
gln_L_c + 
ile_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1585 

 met_L_c + 
ser_L_e --> 
met_L_e + 
ser_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1586 

 ser_L_e + 
trp_L_c --> 
ser_L_c + 
trp_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1587 

 phe_L_c + 
ser_L_e --> 
phe_L_e + 
ser_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1588 

 ser_L_e + 
tyr_L_c --> 
ser_L_c + 
tyr_L_e 

X   

  

  

Compensation for insufficient constraints 
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 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1589 

 cys_L_c + 
ser_L_e --> 
cys_L_e + 
ser_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1590 

 leu_L_c + 
ser_L_e --> 
leu_L_e + 
ser_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1591 

 pro_L_c + 
ser_L_e --> 
pro_L_e + 
ser_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1592 

 asn_L_c + 
ser_L_e --> 
asn_L_e + 
ser_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1593 

 ser_L_e + 
val_L_c --> 
ser_L_c + 
val_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1594 

 ser_L_e + 
thr_L_c --> 
ser_L_c + 
thr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1595 

 hom_L_c + 
ser_L_e --> 
hom_L_e + 
ser_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1596 

 ile_L_c + 
ser_L_e --> 
ile_L_e + 
ser_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1597 

 met_L_e + 
trp_L_c --> 
met_L_c + 
trp_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1598 

 met_L_e + 
phe_L_c --> 
met_L_c + 
phe_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1599 

 met_L_e + 
tyr_L_c --> 
met_L_c + 
tyr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1600 

 cys_L_c + 
met_L_e --> 
cys_L_e + 
met_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1602 

 met_L_e + 
pro_L_c --> 
met_L_c + 
pro_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1603 

 asn_L_c + 
met_L_e --> 
asn_L_e + 
met_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1604 

 met_L_e + 
val_L_c --> 
met_L_c + 
val_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1605 

 met_L_e + 
thr_L_c --> 
met_L_c + 
thr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1606 

 hom_L_c + 
met_L_e --> 
hom_L_e + 
met_L_c 

X   

  

  

Compensation for insufficient constraints 
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 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1607 

 ile_L_c + 
met_L_e --> 
ile_L_e + 
met_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1608 

 phe_L_c + 
trp_L_e --> 
phe_L_e + 
trp_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1609 

 trp_L_e + 
tyr_L_c --> 
trp_L_c + 
tyr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1610 

 cys_L_c + 
trp_L_e --> 
cys_L_e + 
trp_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1611 

 leu_L_c + 
trp_L_e --> 
leu_L_e + 
trp_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1612 

 pro_L_c + 
trp_L_e --> 
pro_L_e + 
trp_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1613 

 asn_L_c + 
trp_L_e --> 
asn_L_e + 
trp_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1614 

 trp_L_e + 
val_L_c --> 
trp_L_c + 
val_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1615 

 thr_L_c + 
trp_L_e --> 
thr_L_e + 
trp_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1616 

 hom_L_c + 
trp_L_e --> 
hom_L_e + 
trp_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1617 

 ile_L_c + 
trp_L_e --> 
ile_L_e + 
trp_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1621 

 phe_L_e + 
pro_L_c --> 
phe_L_c + 
pro_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1625 

 hom_L_c + 
phe_L_e --> 
hom_L_e + 
phe_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1627 

 cys_L_c + 
tyr_L_e --> 
cys_L_e + 
tyr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1628 

 leu_L_c + 
tyr_L_e --> 
leu_L_e + 
tyr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1629 

 pro_L_c + 
tyr_L_e --> 
pro_L_e + 
tyr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1630 

 asn_L_c + 
tyr_L_e --> 
asn_L_e + 
tyr_L_c 

X   

  

  

Compensation for insufficient constraints 
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 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1631 

 tyr_L_e + 
val_L_c --> 
tyr_L_c + 
val_L_e 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1632 

 thr_L_c + 
tyr_L_e --> 
thr_L_e + 
tyr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1633 

 hom_L_c + 
tyr_L_e --> 
hom_L_e + 
tyr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Amino Acid-Polyamine-
Organocation (APC) 
TCDB:2.A.3.8.1 

r1634 

 ile_L_c + 
tyr_L_e --> 
ile_L_e + 
tyr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 
r1664 

 lys_L_e + orn_c 
--> lys_L_c + 
orn_e 

X   
  

  
Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1665 

 his_L_c + 
lys_L_e --> 
his_L_e + 
lys_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1666 

 citr_L_c + 
lys_L_e --> 
citr_L_e + 
lys_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 
r1667 

 arg_L_e + 
orn_c --> 
arg_L_c + orn_e 

X   
  

  
Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1668 

 arg_L_e + 
his_L_c --> 
arg_L_c + 
his_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1669 

 arg_L_e + 
citr_L_c --> 
arg_L_c + 
citr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 
r1670 

 his_L_c + orn_e 
--> his_L_e + 
orn_c 

X   
  

  
Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1671 

 citr_L_c + 
his_L_e --> 
citr_L_e + 
his_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1672 

 ala_L_c + gly_e 
+ na1_e --> 
ala_L_e + gly_c 
+ na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1673 

 gln_L_c + gly_e 
+ na1_e --> 
gln_L_e + gly_c 
+ na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1674 

 gly_e + na1_e + 
ser_L_c --> 
gly_c + na1_c + 
ser_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1675 

 gly_e + 
met_L_c + 
na1_e --> gly_c 
+ met_L_e + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1676 

 gly_e + na1_e + 
trp_L_c --> 
gly_c + na1_c + 
trp_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1677 

 gly_e + na1_e + 
phe_L_c --> 
gly_c + na1_c + 
phe_L_e 

X   

  

  

Compensation for insufficient constraints 
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 Y+LAT2 Utilized transport 

r1678 

 gly_e + na1_e + 
tyr_L_c --> gly_c 
+ na1_c + 
tyr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1679 

 cys_L_c + gly_e 
+ na1_e --> 
cys_L_e + gly_c 
+ na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1680 

 gly_e + leu_L_c 
+ na1_e --> 
gly_c + leu_L_e 
+ na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1681 

 gly_e + na1_e + 
pro_L_c --> 
gly_c + na1_c + 
pro_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1682 

 asn_L_c + gly_e 
+ na1_e --> 
asn_L_e + gly_c 
+ na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1683 

 gly_e + na1_e + 
val_L_c --> 
gly_c + na1_c + 
val_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1684 

 gly_e + na1_e + 
thr_L_c --> 
gly_c + na1_c + 
thr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1685 

 gly_e + 
hom_L_c + 
na1_e --> gly_c 
+ hom_L_e + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1686 

 gly_e + ile_L_c 
+ na1_e --> 
gly_c + ile_L_e + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1687 

 ala_L_e + gly_c 
+ na1_e --> 
ala_L_c + gly_e 
+ na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1690 

 ala_L_e + 
met_L_c + 
na1_e --> 
ala_L_c + 
met_L_e + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1691 

 ala_L_e + 
na1_e + trp_L_c 
--> ala_L_c + 
na1_c + trp_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1692 

 ala_L_e + 
na1_e + 
phe_L_c --> 
ala_L_c + na1_c 
+ phe_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1693 

 ala_L_e + 
na1_e + tyr_L_c 
--> ala_L_c + 
na1_c + tyr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1695 

 ala_L_e + 
leu_L_c + na1_e 
--> ala_L_c + 
leu_L_e + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1696 

 ala_L_e + 
na1_e + 
pro_L_c --> 
ala_L_c + na1_c 
+ pro_L_e 

X   

  

  

Compensation for insufficient constraints 
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 Y+LAT2 Utilized transport 

r1698 

 ala_L_e + 
na1_e + val_L_c 
--> ala_L_c + 
na1_c + val_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1700 

 ala_L_e + 
hom_L_c + 
na1_e --> 
ala_L_c + 
hom_L_e + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1701 

 ala_L_e + 
ile_L_c + na1_e 
--> ala_L_c + 
ile_L_e + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1702 

 gln_L_e + gly_c 
+ na1_e --> 
gln_L_c + gly_e 
+ na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1705 

 gln_L_e + 
met_L_c + 
na1_e --> 
gln_L_c + 
met_L_e + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1706 

 gln_L_e + 
na1_e + trp_L_c 
--> gln_L_c + 
na1_c + trp_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1707 

 gln_L_e + 
na1_e + 
phe_L_c --> 
gln_L_c + na1_c 
+ phe_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1708 

 gln_L_e + 
na1_e + tyr_L_c 
--> gln_L_c + 
na1_c + tyr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1710 

 gln_L_e + 
leu_L_c + na1_e 
--> gln_L_c + 
leu_L_e + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1711 

 gln_L_e + 
na1_e + 
pro_L_c --> 
gln_L_c + na1_c 
+ pro_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1713 

 gln_L_e + 
na1_e + val_L_c 
--> gln_L_c + 
na1_c + val_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1715 

 gln_L_e + 
hom_L_c + 
na1_e --> 
gln_L_c + 
hom_L_e + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1716 

 gln_L_e + 
ile_L_c + na1_e 
--> gln_L_c + 
ile_L_e + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1717 

 gly_c + na1_e + 
ser_L_e --> 
gly_e + na1_c + 
ser_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1720 

 met_L_c + 
na1_e + ser_L_e 
--> met_L_e + 
na1_c + ser_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 
r1721 

 na1_e + 
ser_L_e + 

X   
  

  
Compensation for insufficient constraints 
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trp_L_c --> 
na1_c + ser_L_c 
+ trp_L_e 

 Y+LAT2 Utilized transport 

r1722 

 na1_e + 
phe_L_c + 
ser_L_e --> 
na1_c + 
phe_L_e + 
ser_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1723 

 na1_e + 
ser_L_e + 
tyr_L_c --> 
na1_c + ser_L_c 
+ tyr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1725 

 leu_L_c + 
na1_e + ser_L_e 
--> leu_L_e + 
na1_c + ser_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1726 

 na1_e + 
pro_L_c + 
ser_L_e --> 
na1_c + 
pro_L_e + 
ser_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1728 

 na1_e + 
ser_L_e + 
val_L_c --> 
na1_c + ser_L_c 
+ val_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1730 

 hom_L_c + 
na1_e + ser_L_e 
--> hom_L_e + 
na1_c + ser_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1731 

 ile_L_c + na1_e 
+ ser_L_e --> 
ile_L_e + na1_c 
+ ser_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1732 

 gly_c + 
met_L_e + 
na1_e --> gly_e 
+ met_L_c + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1733 

 ala_L_c + 
met_L_e + 
na1_e --> 
ala_L_e + 
met_L_c + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1734 

 gln_L_c + 
met_L_e + 
na1_e --> 
gln_L_e + 
met_L_c + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1735 

 met_L_e + 
na1_e + ser_L_c 
--> met_L_c + 
na1_c + ser_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1736 

 met_L_e + 
na1_e + trp_L_c 
--> met_L_c + 
na1_c + trp_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1737 

 met_L_e + 
na1_e + 
phe_L_c --> 
met_L_c + 
na1_c + 
phe_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 
r1738 

 met_L_e + 
na1_e + tyr_L_c 

X   
  

  
Compensation for insufficient constraints 
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--> met_L_c + 
na1_c + tyr_L_e 

 Y+LAT2 Utilized transport 

r1739 

 cys_L_c + 
met_L_e + 
na1_e --> 
cys_L_e + 
met_L_c + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1740 

 leu_L_c + 
met_L_e + 
na1_e --> 
leu_L_e + 
met_L_c + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1741 

 met_L_e + 
na1_e + 
pro_L_c --> 
met_L_c + 
na1_c + 
pro_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1742 

 asn_L_c + 
met_L_e + 
na1_e --> 
asn_L_e + 
met_L_c + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1743 

 met_L_e + 
na1_e + val_L_c 
--> met_L_c + 
na1_c + val_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1744 

 met_L_e + 
na1_e + thr_L_c 
--> met_L_c + 
na1_c + thr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1745 

 hom_L_c + 
met_L_e + 
na1_e --> 
hom_L_e + 
met_L_c + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1746 

 ile_L_c + 
met_L_e + 
na1_e --> 
ile_L_e + 
met_L_c + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1747 

 gly_c + na1_e + 
trp_L_e --> 
gly_e + na1_c + 
trp_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1748 

 ala_L_c + 
na1_e + trp_L_e 
--> ala_L_e + 
na1_c + trp_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1749 

 gln_L_c + 
na1_e + trp_L_e 
--> gln_L_e + 
na1_c + trp_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1750 

 na1_e + 
ser_L_c + 
trp_L_e --> 
na1_c + ser_L_e 
+ trp_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1751 

 met_L_c + 
na1_e + trp_L_e 
--> met_L_e + 
na1_c + trp_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 
r1752 

 na1_e + 
phe_L_c + 
trp_L_e --> 

X   
  

  
Compensation for insufficient constraints 
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na1_c + 
phe_L_e + 
trp_L_c 

 Y+LAT2 Utilized transport 

r1753 

 na1_e + 
trp_L_e + 
tyr_L_c --> 
na1_c + trp_L_c 
+ tyr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1754 

 cys_L_c + 
na1_e + trp_L_e 
--> cys_L_e + 
na1_c + trp_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1755 

 leu_L_c + 
na1_e + trp_L_e 
--> leu_L_e + 
na1_c + trp_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1756 

 na1_e + 
pro_L_c + 
trp_L_e --> 
na1_c + 
pro_L_e + 
trp_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1757 

 asn_L_c + 
na1_e + trp_L_e 
--> asn_L_e + 
na1_c + trp_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1758 

 na1_e + 
trp_L_e + 
val_L_c --> 
na1_c + trp_L_c 
+ val_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1759 

 na1_e + 
thr_L_c + 
trp_L_e --> 
na1_c + thr_L_e 
+ trp_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1760 

 hom_L_c + 
na1_e + trp_L_e 
--> hom_L_e + 
na1_c + trp_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1761 

 ile_L_c + na1_e 
+ trp_L_e --> 
ile_L_e + na1_c 
+ trp_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1762 

 gly_c + na1_e + 
phe_L_e --> 
gly_e + na1_c + 
phe_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1763 

 ala_L_c + 
na1_e + 
phe_L_e --> 
ala_L_e + na1_c 
+ phe_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1764 

 gln_L_c + 
na1_e + 
phe_L_e --> 
gln_L_e + na1_c 
+ phe_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1765 

 na1_e + 
phe_L_e + 
ser_L_c --> 
na1_c + 
phe_L_c + 
ser_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1766 

 met_L_c + 
na1_e + 
phe_L_e --> 
met_L_e + 
na1_c + 
phe_L_c 

X   

  

  

Compensation for insufficient constraints 
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 Y+LAT2 Utilized transport 

r1767 

 na1_e + 
phe_L_e + 
trp_L_c --> 
na1_c + 
phe_L_c + 
trp_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1768 

 na1_e + 
phe_L_e + 
tyr_L_c --> 
na1_c + 
phe_L_c + 
tyr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1769 

 cys_L_c + 
na1_e + 
phe_L_e --> 
cys_L_e + na1_c 
+ phe_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1770 

 leu_L_c + 
na1_e + 
phe_L_e --> 
leu_L_e + na1_c 
+ phe_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1771 

 na1_e + 
phe_L_e + 
pro_L_c --> 
na1_c + 
phe_L_c + 
pro_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1772 

 asn_L_c + 
na1_e + 
phe_L_e --> 
asn_L_e + 
na1_c + 
phe_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1773 

 na1_e + 
phe_L_e + 
val_L_c --> 
na1_c + 
phe_L_c + 
val_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1774 

 na1_e + 
phe_L_e + 
thr_L_c --> 
na1_c + 
phe_L_c + 
thr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1775 

 hom_L_c + 
na1_e + 
phe_L_e --> 
hom_L_e + 
na1_c + 
phe_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1776 

 ile_L_c + na1_e 
+ phe_L_e --> 
ile_L_e + na1_c 
+ phe_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1777 

 gly_c + na1_e + 
tyr_L_e --> 
gly_e + na1_c + 
tyr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1778 

 ala_L_c + 
na1_e + tyr_L_e 
--> ala_L_e + 
na1_c + tyr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1779 

 gln_L_c + 
na1_e + tyr_L_e 
--> gln_L_e + 
na1_c + tyr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 
r1780 

 na1_e + 
ser_L_c + 

X   
  

  
Compensation for insufficient constraints 
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tyr_L_e --> 
na1_c + ser_L_e 
+ tyr_L_c 

 Y+LAT2 Utilized transport 

r1781 

 met_L_c + 
na1_e + tyr_L_e 
--> met_L_e + 
na1_c + tyr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1782 

 na1_e + 
trp_L_c + 
tyr_L_e --> 
na1_c + trp_L_e 
+ tyr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1783 

 na1_e + 
phe_L_c + 
tyr_L_e --> 
na1_c + 
phe_L_e + 
tyr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1784 

 cys_L_c + 
na1_e + tyr_L_e 
--> cys_L_e + 
na1_c + tyr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1785 

 leu_L_c + 
na1_e + tyr_L_e 
--> leu_L_e + 
na1_c + tyr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1786 

 na1_e + 
pro_L_c + 
tyr_L_e --> 
na1_c + 
pro_L_e + 
tyr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1787 

 asn_L_c + 
na1_e + tyr_L_e 
--> asn_L_e + 
na1_c + tyr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1788 

 na1_e + 
tyr_L_e + 
val_L_c --> 
na1_c + tyr_L_c 
+ val_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1789 

 na1_e + 
thr_L_c + 
tyr_L_e --> 
na1_c + thr_L_e 
+ tyr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1790 

 hom_L_c + 
na1_e + tyr_L_e 
--> hom_L_e + 
na1_c + tyr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1791 

 ile_L_c + na1_e 
+ tyr_L_e --> 
ile_L_e + na1_c 
+ tyr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1792 

 cys_L_e + gly_c 
+ na1_e --> 
cys_L_c + gly_e 
+ na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1796 

 cys_L_e + 
met_L_c + 
na1_e --> 
cys_L_c + 
met_L_e + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1797 

 cys_L_e + 
na1_e + trp_L_c 
--> cys_L_c + 
na1_c + trp_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 
r1798 

 cys_L_e + 
na1_e + 

X   
  

  
Compensation for insufficient constraints 



Page 210 of 225 
 

phe_L_c --> 
cys_L_c + na1_c 
+ phe_L_e 

 Y+LAT2 Utilized transport 

r1799 

 cys_L_e + 
na1_e + tyr_L_c 
--> cys_L_c + 
na1_c + tyr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1800 

 cys_L_e + 
leu_L_c + na1_e 
--> cys_L_c + 
leu_L_e + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1801 

 cys_L_e + 
na1_e + 
pro_L_c --> 
cys_L_c + na1_c 
+ pro_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1803 

 cys_L_e + 
na1_e + val_L_c 
--> cys_L_c + 
na1_c + val_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1805 

 cys_L_e + 
hom_L_c + 
na1_e --> 
cys_L_c + 
hom_L_e + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1806 

 cys_L_e + 
ile_L_c + na1_e 
--> cys_L_c + 
ile_L_e + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1807 

 gly_c + leu_L_e 
+ na1_e --> 
gly_e + leu_L_c 
+ na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1808 

 ala_L_c + 
leu_L_e + 
na1_e --> 
ala_L_e + 
leu_L_c + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1809 

 gln_L_c + 
leu_L_e + 
na1_e --> 
gln_L_e + 
leu_L_c + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1810 

 leu_L_e + 
na1_e + ser_L_c 
--> leu_L_c + 
na1_c + ser_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1811 

 leu_L_e + 
met_L_c + 
na1_e --> 
leu_L_c + 
met_L_e + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1812 

 leu_L_e + 
na1_e + trp_L_c 
--> leu_L_c + 
na1_c + trp_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1813 

 leu_L_e + 
na1_e + 
phe_L_c --> 
leu_L_c + na1_c 
+ phe_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1814 

 leu_L_e + 
na1_e + tyr_L_c 
--> leu_L_c + 
na1_c + tyr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 
r1815 

 cys_L_c + 
leu_L_e + 
na1_e --> 

X   
  

  
Compensation for insufficient constraints 
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cys_L_e + 
leu_L_c + na1_c 

 Y+LAT2 Utilized transport 

r1816 

 leu_L_e + 
na1_e + 
pro_L_c --> 
leu_L_c + na1_c 
+ pro_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1817 

 asn_L_c + 
leu_L_e + 
na1_e --> 
asn_L_e + 
leu_L_c + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1818 

 leu_L_e + 
na1_e + val_L_c 
--> leu_L_c + 
na1_c + val_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1819 

 leu_L_e + 
na1_e + thr_L_c 
--> leu_L_c + 
na1_c + thr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1820 

 hom_L_c + 
leu_L_e + 
na1_e --> 
hom_L_e + 
leu_L_c + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1821 

 ile_L_c + 
leu_L_e + 
na1_e --> 
ile_L_e + 
leu_L_c + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1822 

 gly_c + na1_e + 
pro_L_e --> 
gly_e + na1_c + 
pro_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1823 

 ala_L_c + 
na1_e + 
pro_L_e --> 
ala_L_e + na1_c 
+ pro_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1824 

 gln_L_c + 
na1_e + 
pro_L_e --> 
gln_L_e + na1_c 
+ pro_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1825 

 na1_e + 
pro_L_e + 
ser_L_c --> 
na1_c + 
pro_L_c + 
ser_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1826 

 met_L_c + 
na1_e + 
pro_L_e --> 
met_L_e + 
na1_c + 
pro_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1827 

 na1_e + 
pro_L_e + 
trp_L_c --> 
na1_c + 
pro_L_c + 
trp_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1828 

 na1_e + 
phe_L_c + 
pro_L_e --> 
na1_c + 
phe_L_e + 
pro_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 
r1829 

 na1_e + 
pro_L_e + 

X   
  

  
Compensation for insufficient constraints 
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tyr_L_c --> 
na1_c + 
pro_L_c + 
tyr_L_e 

 Y+LAT2 Utilized transport 

r1830 

 cys_L_c + 
na1_e + 
pro_L_e --> 
cys_L_e + na1_c 
+ pro_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1831 

 leu_L_c + 
na1_e + 
pro_L_e --> 
leu_L_e + na1_c 
+ pro_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1832 

 asn_L_c + 
na1_e + 
pro_L_e --> 
asn_L_e + 
na1_c + 
pro_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1833 

 na1_e + 
pro_L_e + 
val_L_c --> 
na1_c + 
pro_L_c + 
val_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1834 

 na1_e + 
pro_L_e + 
thr_L_c --> 
na1_c + 
pro_L_c + 
thr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1835 

 hom_L_c + 
na1_e + 
pro_L_e --> 
hom_L_e + 
na1_c + 
pro_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1836 

 ile_L_c + na1_e 
+ pro_L_e --> 
ile_L_e + na1_c 
+ pro_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1837 

 asn_L_e + gly_c 
+ na1_e --> 
asn_L_c + gly_e 
+ na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1841 

 asn_L_e + 
met_L_c + 
na1_e --> 
asn_L_c + 
met_L_e + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1842 

 asn_L_e + 
na1_e + trp_L_c 
--> asn_L_c + 
na1_c + trp_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1843 

 asn_L_e + 
na1_e + 
phe_L_c --> 
asn_L_c + na1_c 
+ phe_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1844 

 asn_L_e + 
na1_e + tyr_L_c 
--> asn_L_c + 
na1_c + tyr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1846 

 asn_L_e + 
leu_L_c + na1_e 
--> asn_L_c + 
leu_L_e + na1_c 

X   

  

  

Compensation for insufficient constraints 
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 Y+LAT2 Utilized transport 

r1847 

 asn_L_e + 
na1_e + 
pro_L_c --> 
asn_L_c + na1_c 
+ pro_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1848 

 asn_L_e + 
na1_e + val_L_c 
--> asn_L_c + 
na1_c + val_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1850 

 asn_L_e + 
hom_L_c + 
na1_e --> 
asn_L_c + 
hom_L_e + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1851 

 asn_L_e + 
ile_L_c + na1_e 
--> asn_L_c + 
ile_L_e + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1852 

 gly_c + na1_e + 
val_L_e --> 
gly_e + na1_c + 
val_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1853 

 ala_L_c + 
na1_e + val_L_e 
--> ala_L_e + 
na1_c + val_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1854 

 gln_L_c + 
na1_e + val_L_e 
--> gln_L_e + 
na1_c + val_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1855 

 na1_e + 
ser_L_c + 
val_L_e --> 
na1_c + ser_L_e 
+ val_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1856 

 met_L_c + 
na1_e + val_L_e 
--> met_L_e + 
na1_c + val_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1857 

 na1_e + 
trp_L_c + 
val_L_e --> 
na1_c + trp_L_e 
+ val_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1858 

 na1_e + 
phe_L_c + 
val_L_e --> 
na1_c + 
phe_L_e + 
val_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1859 

 na1_e + 
tyr_L_c + 
val_L_e --> 
na1_c + tyr_L_e 
+ val_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1860 

 cys_L_c + 
na1_e + val_L_e 
--> cys_L_e + 
na1_c + val_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1861 

 leu_L_c + 
na1_e + val_L_e 
--> leu_L_e + 
na1_c + val_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1862 

 na1_e + 
pro_L_c + 
val_L_e --> 
na1_c + 
pro_L_e + 
val_L_c 

X   

  

  

Compensation for insufficient constraints 
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 Y+LAT2 Utilized transport 

r1863 

 asn_L_c + 
na1_e + val_L_e 
--> asn_L_e + 
na1_c + val_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1864 

 na1_e + 
thr_L_c + 
val_L_e --> 
na1_c + thr_L_e 
+ val_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1865 

 hom_L_c + 
na1_e + val_L_e 
--> hom_L_e + 
na1_c + val_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1866 

 ile_L_c + na1_e 
+ val_L_e --> 
ile_L_e + na1_c 
+ val_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1867 

 gly_c + na1_e + 
thr_L_e --> 
gly_e + na1_c + 
thr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1871 

 met_L_c + 
na1_e + thr_L_e 
--> met_L_e + 
na1_c + thr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1872 

 na1_e + 
thr_L_e + 
trp_L_c --> 
na1_c + thr_L_c 
+ trp_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1873 

 na1_e + 
phe_L_c + 
thr_L_e --> 
na1_c + 
phe_L_e + 
thr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1874 

 na1_e + 
thr_L_e + 
tyr_L_c --> 
na1_c + thr_L_c 
+ tyr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1876 

 leu_L_c + 
na1_e + thr_L_e 
--> leu_L_e + 
na1_c + thr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1877 

 na1_e + 
pro_L_c + 
thr_L_e --> 
na1_c + 
pro_L_e + 
thr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1879 

 na1_e + 
thr_L_e + 
val_L_c --> 
na1_c + thr_L_c 
+ val_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1880 

 hom_L_c + 
na1_e + thr_L_e 
--> hom_L_e + 
na1_c + thr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1881 

 ile_L_c + na1_e 
+ thr_L_e --> 
ile_L_e + na1_c 
+ thr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1882 

 gly_c + 
hom_L_e + 
na1_e --> gly_e 
+ hom_L_c + 
na1_c 

X   

  

  

Compensation for insufficient constraints 
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 Y+LAT2 Utilized transport 

r1883 

 ala_L_c + 
hom_L_e + 
na1_e --> 
ala_L_e + 
hom_L_c + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1884 

 gln_L_c + 
hom_L_e + 
na1_e --> 
gln_L_e + 
hom_L_c + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1885 

 hom_L_e + 
na1_e + ser_L_c 
--> hom_L_c + 
na1_c + ser_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1886 

 hom_L_e + 
met_L_c + 
na1_e --> 
hom_L_c + 
met_L_e + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1887 

 hom_L_e + 
na1_e + trp_L_c 
--> hom_L_c + 
na1_c + trp_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1888 

 hom_L_e + 
na1_e + 
phe_L_c --> 
hom_L_c + 
na1_c + 
phe_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1889 

 hom_L_e + 
na1_e + tyr_L_c 
--> hom_L_c + 
na1_c + tyr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1890 

 cys_L_c + 
hom_L_e + 
na1_e --> 
cys_L_e + 
hom_L_c + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1891 

 hom_L_e + 
leu_L_c + na1_e 
--> hom_L_c + 
leu_L_e + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1892 

 hom_L_e + 
na1_e + 
pro_L_c --> 
hom_L_c + 
na1_c + 
pro_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1893 

 asn_L_c + 
hom_L_e + 
na1_e --> 
asn_L_e + 
hom_L_c + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1894 

 hom_L_e + 
na1_e + val_L_c 
--> hom_L_c + 
na1_c + val_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1895 

 hom_L_e + 
na1_e + thr_L_c 
--> hom_L_c + 
na1_c + thr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1896 

 hom_L_e + 
ile_L_c + na1_e 
--> hom_L_c + 
ile_L_e + na1_c 

X   

  

  

Compensation for insufficient constraints 
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 Y+LAT2 Utilized transport 

r1897 

 gly_c + ile_L_e 
+ na1_e --> 
gly_e + ile_L_c + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1898 

 ala_L_c + 
ile_L_e + na1_e 
--> ala_L_e + 
ile_L_c + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1899 

 gln_L_c + 
ile_L_e + na1_e 
--> gln_L_e + 
ile_L_c + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1900 

 ile_L_e + na1_e 
+ ser_L_c --> 
ile_L_c + na1_c 
+ ser_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1901 

 ile_L_e + 
met_L_c + 
na1_e --> 
ile_L_c + 
met_L_e + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1902 

 ile_L_e + na1_e 
+ trp_L_c --> 
ile_L_c + na1_c 
+ trp_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1903 

 ile_L_e + na1_e 
+ phe_L_c --> 
ile_L_c + na1_c 
+ phe_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1904 

 ile_L_e + na1_e 
+ tyr_L_c --> 
ile_L_c + na1_c 
+ tyr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1905 

 cys_L_c + 
ile_L_e + na1_e 
--> cys_L_e + 
ile_L_c + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1906 

 ile_L_e + 
leu_L_c + na1_e 
--> ile_L_c + 
leu_L_e + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1907 

 ile_L_e + na1_e 
+ pro_L_c --> 
ile_L_c + na1_c 
+ pro_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1908 

 asn_L_c + 
ile_L_e + na1_e 
--> asn_L_e + 
ile_L_c + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1909 

 ile_L_e + na1_e 
+ val_L_c --> 
ile_L_c + na1_c 
+ val_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1910 

 ile_L_e + na1_e 
+ thr_L_c --> 
ile_L_c + na1_c 
+ thr_L_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1911 

 hom_L_c + 
ile_L_e + na1_e 
--> hom_L_e + 
ile_L_c + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1912 

 gly_e + lys_L_c 
+ na1_e --> 
gly_c + lys_L_e 
+ na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1913 

 arg_L_c + gly_e 
+ na1_e --> 
arg_L_e + gly_c 
+ na1_c 

X   

  

  

Compensation for insufficient constraints 
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 Y+LAT2 Utilized transport 
r1914 

 gly_e + na1_e + 
orn_c --> gly_c 
+ na1_c + orn_e 

X   
  

  
Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1915 

 gly_e + his_L_c 
+ na1_e --> 
gly_c + his_L_e 
+ na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1916 

 citr_L_c + gly_e 
+ na1_e --> 
citr_L_e + gly_c 
+ na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1917 

 ala_L_e + 
lys_L_c + na1_e 
--> ala_L_c + 
lys_L_e + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1918 

 ala_L_e + 
arg_L_c + na1_e 
--> ala_L_c + 
arg_L_e + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1919 

 ala_L_e + 
na1_e + orn_c --
> ala_L_c + 
na1_c + orn_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1920 

 ala_L_e + 
his_L_c + na1_e 
--> ala_L_c + 
his_L_e + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1921 

 ala_L_e + 
citr_L_c + 
na1_e --> 
ala_L_c + 
citr_L_e + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1922 

 gln_L_e + 
lys_L_c + na1_e 
--> gln_L_c + 
lys_L_e + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1923 

 arg_L_c + 
gln_L_e + na1_e 
--> arg_L_e + 
gln_L_c + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1924 

 gln_L_e + 
na1_e + orn_c --
> gln_L_c + 
na1_c + orn_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1925 

 gln_L_e + 
his_L_c + na1_e 
--> gln_L_c + 
his_L_e + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1926 

 citr_L_c + 
gln_L_e + na1_e 
--> citr_L_e + 
gln_L_c + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1928 

 arg_L_c + 
na1_e + ser_L_e 
--> arg_L_e + 
na1_c + ser_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1929 

 na1_e + orn_c 
+ ser_L_e --> 
na1_c + orn_e + 
ser_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1930 

 his_L_c + 
na1_e + ser_L_e 
--> his_L_e + 
na1_c + ser_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1931 

 citr_L_c + 
na1_e + ser_L_e 
--> citr_L_e + 
na1_c + ser_L_c 

X   

  

  

Compensation for insufficient constraints 
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 Y+LAT2 Utilized transport 

r1932 

 lys_L_c + 
met_L_e + 
na1_e --> 
lys_L_e + 
met_L_c + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1933 

 arg_L_c + 
met_L_e + 
na1_e --> 
arg_L_e + 
met_L_c + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1934 

 met_L_e + 
na1_e + orn_c --
> met_L_c + 
na1_c + orn_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1935 

 his_L_c + 
met_L_e + 
na1_e --> 
his_L_e + 
met_L_c + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1936 

 citr_L_c + 
met_L_e + 
na1_e --> 
citr_L_e + 
met_L_c + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1937 

 lys_L_c + na1_e 
+ trp_L_e --> 
lys_L_e + na1_c 
+ trp_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1938 

 arg_L_c + 
na1_e + trp_L_e 
--> arg_L_e + 
na1_c + trp_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1939 

 na1_e + orn_c 
+ trp_L_e --> 
na1_c + orn_e + 
trp_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1940 

 his_L_c + 
na1_e + trp_L_e 
--> his_L_e + 
na1_c + trp_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1941 

 citr_L_c + 
na1_e + trp_L_e 
--> citr_L_e + 
na1_c + trp_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1942 

 lys_L_c + na1_e 
+ phe_L_e --> 
lys_L_e + na1_c 
+ phe_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1943 

 arg_L_c + 
na1_e + 
phe_L_e --> 
arg_L_e + na1_c 
+ phe_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1944 

 na1_e + orn_c 
+ phe_L_e --> 
na1_c + orn_e + 
phe_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1945 

 his_L_c + 
na1_e + 
phe_L_e --> 
his_L_e + na1_c 
+ phe_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1946 

 citr_L_c + 
na1_e + 
phe_L_e --> 
citr_L_e + 

X   

  

  

Compensation for insufficient constraints 
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na1_c + 
phe_L_c 

 Y+LAT2 Utilized transport 

r1947 

 lys_L_c + na1_e 
+ tyr_L_e --> 
lys_L_e + na1_c 
+ tyr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1948 

 arg_L_c + 
na1_e + tyr_L_e 
--> arg_L_e + 
na1_c + tyr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1949 

 na1_e + orn_c 
+ tyr_L_e --> 
na1_c + orn_e + 
tyr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1950 

 his_L_c + 
na1_e + tyr_L_e 
--> his_L_e + 
na1_c + tyr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1951 

 citr_L_c + 
na1_e + tyr_L_e 
--> citr_L_e + 
na1_c + tyr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1952 

 cys_L_e + 
lys_L_c + na1_e 
--> cys_L_c + 
lys_L_e + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1953 

 arg_L_c + 
cys_L_e + 
na1_e --> 
arg_L_e + 
cys_L_c + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1954 

 cys_L_e + 
na1_e + orn_c --
> cys_L_c + 
na1_c + orn_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1955 

 cys_L_e + 
his_L_c + na1_e 
--> cys_L_c + 
his_L_e + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1956 

 citr_L_c + 
cys_L_e + 
na1_e --> 
citr_L_e + 
cys_L_c + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1957 

 leu_L_e + 
lys_L_c + na1_e 
--> leu_L_c + 
lys_L_e + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1958 

 arg_L_c + 
leu_L_e + 
na1_e --> 
arg_L_e + 
leu_L_c + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1959 

 leu_L_e + 
na1_e + orn_c --
> leu_L_c + 
na1_c + orn_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1960 

 his_L_c + 
leu_L_e + 
na1_e --> 
his_L_e + 
leu_L_c + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1961 

 citr_L_c + 
leu_L_e + 
na1_e --> 
citr_L_e + 
leu_L_c + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 
r1962 

 lys_L_c + na1_e 
+ pro_L_e --> 

X   
  

  
Compensation for insufficient constraints 
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lys_L_e + na1_c 
+ pro_L_c 

 Y+LAT2 Utilized transport 

r1963 

 arg_L_c + 
na1_e + 
pro_L_e --> 
arg_L_e + na1_c 
+ pro_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1964 

 na1_e + orn_c 
+ pro_L_e --> 
na1_c + orn_e + 
pro_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1965 

 his_L_c + 
na1_e + 
pro_L_e --> 
his_L_e + na1_c 
+ pro_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1966 

 citr_L_c + 
na1_e + 
pro_L_e --> 
citr_L_e + 
na1_c + 
pro_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1967 

 asn_L_e + 
lys_L_c + na1_e 
--> asn_L_c + 
lys_L_e + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1968 

 arg_L_c + 
asn_L_e + 
na1_e --> 
arg_L_e + 
asn_L_c + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1969 

 asn_L_e + 
na1_e + orn_c --
> asn_L_c + 
na1_c + orn_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1970 

 asn_L_e + 
his_L_c + na1_e 
--> asn_L_c + 
his_L_e + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1971 

 asn_L_e + 
citr_L_c + 
na1_e --> 
asn_L_c + 
citr_L_e + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1972 

 lys_L_c + na1_e 
+ val_L_e --> 
lys_L_e + na1_c 
+ val_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1973 

 arg_L_c + 
na1_e + val_L_e 
--> arg_L_e + 
na1_c + val_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1974 

 na1_e + orn_c 
+ val_L_e --> 
na1_c + orn_e + 
val_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1975 

 his_L_c + 
na1_e + val_L_e 
--> his_L_e + 
na1_c + val_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1976 

 citr_L_c + 
na1_e + val_L_e 
--> citr_L_e + 
na1_c + val_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1977 

 lys_L_c + na1_e 
+ thr_L_e --> 
lys_L_e + na1_c 
+ thr_L_c 

X   

  

  

Compensation for insufficient constraints 
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 Y+LAT2 Utilized transport 

r1978 

 arg_L_c + 
na1_e + thr_L_e 
--> arg_L_e + 
na1_c + thr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1979 

 na1_e + orn_c 
+ thr_L_e --> 
na1_c + orn_e + 
thr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1980 

 his_L_c + 
na1_e + thr_L_e 
--> his_L_e + 
na1_c + thr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1981 

 citr_L_c + 
na1_e + thr_L_e 
--> citr_L_e + 
na1_c + thr_L_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1982 

 hom_L_e + 
lys_L_c + na1_e 
--> hom_L_c + 
lys_L_e + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1983 

 arg_L_c + 
hom_L_e + 
na1_e --> 
arg_L_e + 
hom_L_c + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1984 

 hom_L_e + 
na1_e + orn_c --
> hom_L_c + 
na1_c + orn_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1985 

 his_L_c + 
hom_L_e + 
na1_e --> 
his_L_e + 
hom_L_c + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1986 

 citr_L_c + 
hom_L_e + 
na1_e --> 
citr_L_e + 
hom_L_c + 
na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1987 

 ile_L_e + 
lys_L_c + na1_e 
--> ile_L_c + 
lys_L_e + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1988 

 arg_L_c + 
ile_L_e + na1_e 
--> arg_L_e + 
ile_L_c + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1989 

 ile_L_e + na1_e 
+ orn_c --> 
ile_L_c + na1_c 
+ orn_e 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1990 

 his_L_c + 
ile_L_e + na1_e 
--> his_L_e + 
ile_L_c + na1_c 

X   

  

  

Compensation for insufficient constraints 

 Y+LAT2 Utilized transport 

r1991 

 citr_L_c + 
ile_L_e + na1_e 
--> citr_L_e + 
ile_L_c + na1_c 

X   

  

  

Compensation for insufficient constraints 

glyceraldehyde-3-
phosphate dehydrogenase 

GAPDH 

  

  X 

  

g3p_c + 
nad_c + pi_c -
-> 13dpg_c + 
h_c + nadh_c EC:1.2.1.12 

pyruvate kinase 
PYK 

  
  X 

  

adp_c + h_c + 
pep_c --> 

atp_c + pyr_c EC:2.7.1.40 

http://www.kegg.jp/dbget-bin/www_bget?ec:1.2.1.12
http://www.kegg.jp/dbget-bin/www_bget?ec:2.7.1.40
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NADH dehydrogenase, 
mitochondrial 

NADH2_u10m 

  

  X 

  

5 h_m + 
nadh_m + 
q10_m --> 
4.0 h_im + 
nad_m + 
q10h2_m EC 1.6.5.3 

Pyruvate dehydrogenase 

PDHm 

  

  X 

  

coa_m + 
nad_m + 

pyr_m <=> 
accoa_m + 
co2_m + 
nadh_m EC 1.2.4.1    

Glycerol-3-phosphate 
dehydrogenase 

G3PD 

  

  X 

  

dhap_c + 
nadh_c --> 
glyc3p_c + 

nad_c EC 1.1.1.8 

glutathione peroxidase 
and catalase 

GTHP_CAT 

  

  X 

  

2.0 gthrd_c + 
3.0 h2o2_c --
> gthox_c + 
4.0 h2o_c + 

o2_c 
Balanced reaction between Catalase and 
Glutathione peroxidase 

glutathione peroxidase 
and catalase, mitochondria 

GTHP_CAT_m 

  

  X 

  

2.0 gthrd_m 
+ 3.0 h2o2_m 
--> gthox_m 
+ 4.0 h2o_m 

+ o2_m 
Balanced reaction between Catalase and 
Glutathione peroxidase 

L-asparaginase 
(mitochondrial) 

ASNNm 

asn_L_m + 
h2o_m --> 
asp_L_m + 
nh4_m 

X   

  

  
EC 3.5.1.1 : asparaginase not reported in 
mammalian organisms. If present, not likely in 
mitochondria. 

RE3347 

RE3347C 

fad_c + h_c + 
nadh_c --> 
fadh2_c + 
nad_c 

X   

  

  Reaction to suppress in order to direct fadh2 
produced by succinate dehydrogenase to 
complex I of oxidative phosphorylation 

fumarase 
FUM 

fum_c + h2o_c -
-> mal_L_c 

X   
  

  
Fumarase not in cytosol 

RE0383 

 RE0383C 

 guln_c + 
nadp_c --> 
glcur_c + h_c + 
nadph_c 

X   

  

  
Gulonate reductase not present in Cricetulus 
griseus (E.C. 1.1.1.19) 

gulonate dehydrogenase, 
endoplasmic reticulum 

 GULNDer 
 glcur_r + h_r + 
nadph_r --> 
guln_r + nadp_r 

X   

  

  Gulonate reductase not present in Cricetulus 
griseus (E.C. 1.1.1.19) 

L-aminoadipate-
semialdehyde 
dehydrogenase (NADH), 
mitochondrial 

 AASAD3m 

 L2aadp6sa_m + 
h2o_m + 
nad_m --> 
L2aadp_m + 2.0 
h_m + nadh_m 

X   

  

  AASAD3 equivalent human enzyme mainly 
localized in cytosol (DOI: 
10.1074/jbc.M305459200) 

3-oxoacid CoA-transferase 

 OCOAT1m 

 acac_m + 
succoa_m --> 
aacoa_m + 
succ_m 

X   

  

  
3-oxoacid CoA-transferase not present in 
Cricetulus griseus (EC 2.8.3.5) 

Isocitrate:NADP+ 
oxidoreductase 
(decarboxylating) Citrate 
cycle (TCA cycle) 
EC:1.1.1.42 

 r0422 
 icit_c + nadp_c 
--> HC01434_c 
+ h_c + 
nadph_c 

X   

  

  

EC:1.1.1.42 not present in Cricetulus griseus  

Isocitrate:NADP+ 
oxidoreductase 
(decarboxylating) Citrate 
cycle (TCA cycle) 
EC:1.1.1.42 

 r0424 
 icit_x + nadp_x 
--> HC01434_x 
+ h_x + 
nadph_x 

X   

  

  

EC:1.1.1.42 not present in Cricetulus griseus  

Hydroxymethylglutaryl 
CoA synthase (ir) 

 HMGCOASim 

 aacoa_m + 
accoa_m + 
h2o_m --> 
coa_m + h_m + 
hmgcoa_m 

X   

  

  
Enzyme present in CHO cells but hypothesis of 
complex regulation for cholesterol synthesis by 
insulin or growth factors (DOI: 10.1046/j.1523-
1747.2000.00822.x) 
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24-dehydrocholesterol 
reductase [Precursor] 

 DHCR241r 

 fadh2_r + 
zymst_r --> 
fad_r + 
zymstnl_r 

X   

  

  Enzyme present in CHO cells (EC 1.3.1.72) but 
complex regulation for cholesterol synthesis. 
Was using 100% of fadh2 produced. 

24-dehydrocholesterol 
reductase [Precursor] 

 DHCR242r  chlstol_r + 
fadh2_r --> 
fad_r + lthstrl_r 

X   

  

  Enzyme present in CHO cells (EC 1.3.1.72) but 
complex regulation for cholesterol synthesis. 
Was using 100% of fadh2 produced. 

UTP:pyruvate O2-
phosphotransferase 
EC:2.7.1.40 

 r0165 
 h_c + pep_c + 
udp_c --> pyr_c 
+ utp_c 

X   

  

  Preferentially used in bacteria (doi:  
10.1128/MMBR.00024-06) 

Facilitated diffusion 

 r0911 

 glu_L_m + 
pro_L_c <=> 
glu_L_c + 
pro_L_m 

X   

  

  

Compensation for insufficient constraints 

oxaloacetate 
decarboxylase 

 OAADC 
 h_c + oaa_c --> 
co2_c + pyr_c 

    
Compartment 

= 
mitochondria                           

 h_m + 
oaa_m <-- 
co2_m + 
pyr_m 

EC 4.1.1.3 reversibility of the reaction not 
specified. Reaction accounted for based on 
NMR data (DOI:10.1016/j.ymben.2009.10.007) 
but when accounting for pyruvate carboxylase 
net flux goes from pyruvate decarboxylation to 
oxaloacetate. 

    
Upper bound 

= 0 

    
Lower bound 

= -1000 

Complex II reaction for 
respiratory chain 

FADH2ETC 

fadh2_m + 
q10_m --> 
fad_m + 
q10h2_m 

    
Lower bound 

= 0.1 
mmol/gDW/h 

fadh2_m + 
q10_m --> 
fad_m + 

q10h2_m 
A low lower bound was set to force activation of 
this reaction (PMID: 1918790; PMID: 12853322) 

catalase 

 CATm 
 2.0 h2o2_m --> 
2.0 h2o_m + 
o2_m 

X   

  

  
This enzyme is present in CHO cell but it is 
silenced in the model in order to activate 
GTHP_CAT 

catalase A, peroxisomal 

 CATp 
 2.0 h2o2_x --> 
2.0 h2o_x + 
o2_x 

X   

  

  
This enzyme is present in CHO cell but it is 
silenced in the model in order to activate 
GTHP_CAT 

hydrogen-
peroxide:hydrogen-
peroxide oxidoreductase 
EC:1.11.1.6 

 CAT 
 2.0 h2o2_c --> 
2.0 h2o_c + 
o2_c 

X   

  

  
This enzyme is present in CHO cell but it is 
silenced in the model in order to activate 
GTHP_CAT 

glutathione:NAD+ 
oxidoreductase Glutamate 
metabolism EC:1.8.1.7 

 r0021 

 2.0 gthrd_c + 
nad_c <=> 
gthox_c + h_c + 
nadh_c 

X   

  

  
This enzyme is present in CHO cell but it is 
silenced in the model in order to activate 
GTHP_CAT 

glutathione:NAD+ 
oxidoreductase Glutamate 
metabolism EC:1.8.1.7 

 r0022 

 2.0 gthrd_m + 
nad_m <=> 
gthox_m + h_m 
+ nadh_m 

X   

  

  
This enzyme is present in CHO cell but it is 
silenced in the model in order to activate 
GTHP_CAT 

H2O exchange  EX_h2o_e_ 

 h2o_e <=> 

X   

  

  

In the cell water influx or efflux is dictated by 
concentration gradients of metabolites (hence 
variability observed with osmolality 
measurements). In the model the diffusion 
forces are not considered. What is aimed at by 
the program is to produce the maximum 
amount of substrates for growth using the 
minimum number of reactions. So, when 
keeping this transporter, as water is already a 
by-products of a lot of essential reactions, the 
model uses paired reactions forming a loop 
involving production of excess water that can be 
evacuated in one step with this transporter. 
Eliminating it does not comprise the efficency of 
the model as water can be balanced trhough 
activation of many co transporters, and it avoids 
to manual find the internal cycles that give 
inconsistencies.  
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cytochrome c oxidase, 
mitochondrial Complex IV 

 CYOOm2_cho 

 4.0 focytC_m + 
8.0 h_m + o2_m 
--> 4.0 ficytC_m 
+ 2.0 h2o_m + 
4.0 h_im 

X   

  

Reaction ID 
kept : 

CYOOm3_cho 

Only the reaction generating superoxide anion 
in the mitochondrial complex of the electron 
transport chain is kept (CYOOm3_cho), 
otherwise with pFBA it cannot be activated at 
all. 

Superoxide anion 
exchange 

 EX_o2s_e_ 

 o2s_e --> 

X   

  

  

 ROS are unstable molecule that react with any 
close metabolite to stabilize, so their secretion 
cannot be representative of the biological 
reality 

Hydrogen peroxide 
exchange 

EX_h2o2_e_ 

 h2o2_e --> 

X   

  

  

 ROS are unstable molecule that react with any 
close metabolite to stabilize, so their secretion 
cannot be representative of the biological 
reality 

methylenetetrahydrofolate 
dehydrogenase (NADP) 

 MTHFD 

 mlthf_c + 
nadp_c <=> 
methf_c + 
nadph_c 

X   

  

Reaction ID 
kept : 

MTHFDm 

EC 1.5.1.5: coenzyme of the reaction is 
NADP/NADPH, localized in mitochondria (doi: 
10.1074/jbc.M110.196840) 

methylenetetrahydrofolate 
dehydrogenase (NAD) 

MTHFD2 

 mlthf_c + 
nad_c <=> 
methf_c + 
nadh_c 

X   

  

Reaction ID 
kept : 

MTHFDm 

EC 1.5.1.5: coenzyme of the reaction is 
NADP/NADPH, localized in mitochondria (doi: 
10.1074/jbc.M110.196840) 

methylenetetrahydrofolate 
dehydrogenase (NAD), 
mitochondrial 

MTHFD2m 

 mlthf_m + 
nad_m <=> 
methf_m + 
nadh_m 

X   

  

Reaction ID 
kept : 

MTHFDm 

EC 1.5.1.5: coenzyme of the reaction is 
NADP/NADPH, localized in mitochondria (doi: 
10.1074/jbc.M110.196840) 

5,6-Dihydrouracil:NAD+ 
oxidoreductase Pyrimidine 
metabolism EC:1.3.1.1 

 r0236 
 56dura_c + 
nad_c <=> h_c + 
nadh_c + ura_c 

X   

  

Reaction ID 
kept : DURAD 

Coenzyme NADP/NADPH for homo sapiens and 
mus musculus 

xylitol:NAD oxidoreductase 
Pentose and glucuronate 
interconversions 
EC:1.1.1.15 

 r0784 

 nad_c + xylt_c 
<=> h_c + 
nadh_c + 
xylu_L_c 

X   

  

Reaction ID 
kept : XYLUR EC 1.1.1.10 : Coenzyme NADP/NADPH for homo 

sapiens and mus musculus 

NADPH:6,7-
dihydropteridine 
oxidoreductase Folate 
biosynthesis EC:1.5.1.34 

 r0398 

 dhbpt_c + h_c 
+ nadph_c <=> 
nadp_c + 
thbpt_c 

X   

  

Reaction ID 
kept : DHPR EC 1.5.1.34 : Coenzyme NAD/NADH for homo 

sapiens and  Rattus norvegicus 

D-lactaldehyde 
dehydrogenase 

 LALDD 

 lald_D_c + 
nadp_c <=> h_c 
+ mthgxl_c + 
nadph_c 

X   

  

Reaction ID 
kept : 

LALDO2x 
EC 1.1.1.78 : Coenzyme NAD/NADH for Rattus 
norvegicus 

3alpha,7alpha-Dihydroxy-
5beta-cholestane:NADP+ 
oxidoreductase (B-
specific); 3alpha,7alpha-
Dihydroxy-5beta-
cholestane:NADP+ 
oxidoreductase Bile acid 
biosynthesis EC:1.1.1.50 

 r0747 
 nadp_c + 
xol7ah2_c <=> 
h_c + nadph_c 
+ xol7ah_c 

X   

  

Reaction ID 
kept : 

AKR1C41 

EC 1.1.1.50 : both coenzymes used in related 
organisms 

p-Cumic alcohol:NADP+ 
oxidoreductase Glycine, 
serine and threonine 
metabolism EC:1.2.1.8 

 r0553 

 betald_c + 
h2o_c + nadp_c 
<=> glyb_c + 2.0 
h_c + nadph_c 

X   

  

Reaction ID 
kept : 

BETALDHx 
EC 1.2.1.8 : Coenzyme NAD/NADH for Rattus 
norvegicus 

3alpha,7alpha,12alpha-
Trihydroxy-5beta-
cholestane:NADP+ 
oxidoreductase (B-
specific); 
3alpha,7alpha,12alpha-
Trihydroxy-5beta-
cholestane:NADP+ 
oxidoreductase Bile acid 
biosynthesis EC:1.1.1.50 

 r0750 

 nadp_c + 
xoltriol_c <=> 
h_c + nadph_c 
+ xoldioloneh_c 

X   

  

Reaction ID 
kept : 

AKR1C42 

EC 1.1.1.50 : both coenzymes used in related 
organisms 

retinal dehydrogenase 
(NADPH) 

 RADH4 

 h2o_c + 
nadp_c + 
retinal_cis_13_c 
<=> 
13_cis_retn_c + 

X   

  

Reaction ID 
kept : RADH3 

EC 1.2.1.36 : Coenzyme NAD/NADH for Mus 
musculus 
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2.0 h_c + 
nadph_c 

trans-4-Hydroxy-L-
proline:NADP+ 5-
oxidoreductase Arginine 
and proline metabolism 
EC:1.5.1.2 

 r0617 
 4hpro_LT_c + 
nadp_c <=> 
1p3h5c_c + 2.0 
h_c + nadph_c 

X   

  

Reaction ID 
kept : r0615 

EC 1.5.1.2 : both coenzymes used in related 
organisms 

RE1711 

 RE1711C 

 CE1918_c + 
nadp_c <=> 
5hoxindact_c + 
h_c + nadph_c 

X   

  

Reaction ID 
kept : 

RE1711C_2 
EC 1.1.1.1 : both coenzymes present 

retinal dehydrogenase 
(NADPH) 

 RADH2 

 h2o_c + 
nadp_c + 
retinal_c <=> 
2.0 h_c + 
nadph_c + 
retn_c 

X   

  

Reaction ID 
kept : RADH 

EC 1.2.1.36 : Coenzyme NAD/NADH for Mus 
musculus 

5,6-Dihydrothymine:NAD+ 
oxidoreductase Pyrimidine 
metabolism EC:1.3.1.1 

r0330 

 56dthm_c + 
nad_c <=> h_c + 
nadh_c + 
thym_c 

X   

  

Reaction ID 
kept : 

DURAD2 
EC 1.3.1.2 : Coenzyme NADP/NADPH for homo 
sapiens and mus musculus 

5,6-Dihydrothymine:NAD+ 
oxidoreductase Pyrimidine 
metabolism EC:1.3.1.1 

r0331 

h_c + nadh_c + 
thym_c   <=>  
56dthm_c + 
nad_c 

X   

  

Reaction ID 
kept : 

DURAD2 
EC 1.3.1.2 : Coenzyme NADP/NADPH for homo 
sapiens and mus musculus 

dihydrouracil 
dehydrogenase (NADP) 

DURAD 

 56dthm_c + 
nadp_c <=> h_c 
+ nadph_c + 
thym_c 

X   

  

Reaction ID 
kept : 

DURAD2 
EC 1.3.1.2 : Coenzyme NADP/NADPH for homo 
sapiens and mus musculus 

lanosterol D24-reductase 
Biosynthesis of steroids 
EC:1.3.1.72 

 r0783 

 lthstrl_r + 
nadp_r <=> 
chlstol_r + h_r + 
nadph_r 

X   

  

Reaction ID 
kept : 

DHCR242r 
EC 1.3.1.21 : Coenzyme NADP/NADPH for homo 
sapiens and mus musculus 

glucose-6-phosphate 
dehydrogenase, 
endoplasmic reticulum 

 G6PDH1rer 
 g6p_r + nad_r 
<=> 6pgl_r + 
h_r + nadh_r 

X   

  

Reaction ID 
kept : 

G6PDH2rer 
EC 1.1.1.49 : Coenzyme NADP/NADPH for homo 
sapiens and mus musculus 

Active transport 

 r1464 
 acac_c + pyr_m 
<=> acac_m + 
pyr_c 

X   

  

  Compensation for insufficient constraints 
diverting fluxes in TCA cycle 

Mitochondrial Carrier (MC) 
TCDB:2.A.29.7.2 

 r2373 
 akg_c + cit_m 
<=> akg_m + 
cit_c 

X   

  

  Compensation for insufficient constraints 
diverting fluxes in TCA cycle 

UTP:D-fructose-6-
phosphate 1-
phosphotransferase 
EC:2.7.1.11 

 r0191 
 f6p_c + utp_c --
> fdp_c + h_c + 
udp_c 

X   

  

Reaction ID 
kept : PFK 

EC 2.7.1.11 : ATP is the natural substrate 

dATP:pyruvate O2-
phosphotransferase Purine 
metabolism EC:2.7.1.40 

 r0280 
 dadp_c + h_c + 
pep_c --> 
datp_c + pyr_c 

X   

  

  EC 3.1.3.49 : present in Rattus norvegicus. 
Activation depends on other type of constraints. 

proline oxidase (NAD), 
mitochondrial 

 PRO1xm 

 nad_m + 
pro_L_m --> 
1pyr5c_m + 2.0 
h_m + nadh_m 

X   

  

Reaction ID 
kept : PRO1x Cellular localization in cytosol 

(https://doi.org/10.1371/journal.pone.0045190) 

pyrroline-5-carboxylate 
reductase (m) 

 P5CRxm 

 1pyr5c_m + 2.0 
h_m + nadh_m 
--> nad_m + 
pro_L_m 

X   

  

Reaction ID 
kept : P5CRx Cellular localization in cytosol 

(https://doi.org/10.1371/journal.pone.0045190) 

L-glutamate 5-
semialdehyde 
dehydratase, reversible 

 G5SADr  glu5sa_c <=> 
1pyr5c_c + 
h2o_c + h_c 

X   

  

Reaction ID 
kept :  

G5SADrm 

L-glutamate 5-semialdehyde dehydratase carry 
flux only in one cell compartment 
(mitochondria) due to the network topology 
(doi:  10.1016/j.bpj.2014.05.029) 

L-lactate dehydrogenase 

 LDH_Lm 

 lac_L_m + 
nad_m <=> h_m 
+ nadh_m + 
pyr_m 

X   

  

Reaction ID 
kept : LDH_L 

doi:  10.1113/jphysiol.2002.019216 
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