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Abstract 
Chinese hamster ovary (CHO) cells are the most popular expression system for the production 
of biopharmaceuticals. More than 80% of the approved monoclonal antibodies (mAbs) or 
immunoglobulin G (IgG) are produced with these cells. Glycosylation is a usual post-
translational modification important for therapeutic mAbs. It affects their stability, half-life and 
immunological activities. Substantial studies have shown that glycosylation can be affected by 
the culture conditions in manufacturing, e.g. pH, temperature and media components. To 
achieve a good control of the glycosylation, a number of mathematical models have been 
developed. However, most of them have been developed for the cell line engineering, while 
very few can be used to design the media components for matching a given glycoprofile. 

This thesis presents developments of mathematical modelling for glycosylation prediction and 
experimental design of feeding different combinations of carbon sources in CHO cell cultures. 
The first study investigates the impacts of mannose, galactose, fructose and fucose to the IgG 
glycoprofile. Specifically, we look at intracellular nucleotide sugars in fed-batch cultures, where 
glucose is absent and lactate is used as complementary carbon source. The second study is 
based on the concept of elementary flux mode (EFM) and the mass balance of the glycan 
residues. A mathematical model named Glycan Residue Balance Analysis (GReBA) is developed 
for the prediction of the glycosylation profiles of IgG in pseudo perfusion cultures by feeding 
combinations of glucose, mannose, galactose and lactate. The model is further optimized for a 
feeding strategy design of perfusion cell cultures to obtain a desired glycoprofile. In the last 
study, a probabilistic graphic model based on Bayesian network (BN) is developed for 
glycosylation prediction in cultures under different multiple variable factors affecting the 
glycosylation.    

The results show that the manipulation of different sugars in the media can be used to control 
the glycosylation. Both the GReBA and PGM models exhibit abilities for glycosylation prediction 
and experimental design. 

Key words: Chinese hamster ovary cells, glycosylation, IgG, mathematical modelling, 
experimental design, perfusion, carbon sources, GReBA, Bayesian network, probabilistic graphic 
model   

 

 

 

 

 

 



 
 

Sammanfattning 
Kinesiska hamsteräggstocks celler (CHO) är det mest populära uttryckssystemet för 
framställning av bioläkemedel, och mer än 80 % av de godkända monoklonala antikropparna 
(mAbs) produceras med denna cellinje. En vanlig post-translationell modifiering är glykosylering 
som är viktig för terapeutiska mAbs. Glykosylering kan påverka proteinets stabilitet, 
halveringstid och immunologiska aktivitet. Omfattande studier har visat att glykosylering kan 
påverkas av odlingsparametrarna vid tillverkning, t.ex. pH, temperatur och odlingsmediets 
komponenter. För att få en bra kontroll över glykosyleringen har matematiska modeller 
utvecklats. Emellertid har de flesta modeller varit utformade för cellinjeutveckling, medans få 
kan användas för att designa medium komponenter så att en viss mAb glykoprofil uppnås. 

Denna avhandling presenterar experimentella studier med tillsatser av olika kombinationer av 
kolkällor i CHO-cellkulturer och utvecklingen av matematiska modeller för glykosylerings 
förutsägelse. Den första studien undersöker effekterna av mannos-, galaktos-, fruktos- och 
fukos-tillsatser på mAb-glykoprofilerna. Vi undersöker mer specifikt de motsvarande 
intracellulära nukleotid-sockerarterna i cellkulturer, med avsaknad av glukos och laktat 
användes som komplementär kolkälla. Den andra studien är baserad på Elementary flux modes 
(EFM) konceptet och massbalansen för glykangrupper, där en matematisk modell med namnet 
Glycan Residue Balance Analysis (GReBA) utvecklats för förutsägelse av mAb 
glykosyleringsprofiler. Här används GReBA på pseudo-perfusionscellkulturer med 
kombinationer av följande tillsatser: glukos, mannos, galaktos och laktat. Modellen optimeras 
sedan ytterligare för att designa tillsats strategier till perfusionscellkulturer så att en önskad 
glykoprofil kunde matchas. I den sista studien utvecklas en grafisk sannolikhetsmodell (PGM) 
för förutsägelse av glykosylering i cellkulturerna med flera variabla faktorer. 

Resultaten visar att tillsatserna av olika sockerarter i mediet kan användas för att kontrollera 
glykosyleringen, och både GReBA och PGM modellerna visar bra förmåga för glykosylerings 
förutsägelse och experimentell design. 
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b Bias 

Camm Concentration of ammonium 

Ci Concentration of the carbon source i in the medium 

Clac Concentration of lactate 

D Perfusion rate 

f Flux of IgG coming into the critical glycan node of Bayesian network 

GARi Average percentage of the given residue i to all the glycans 
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I Concentration of competitive inhibitor 

K Kinetic parameter 

Ki Kinetic inhibition parameter 

Kij Inhibition coefficient of the carbon source j 

Ksj Saturation coefficient of the carbon source j 
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PG Percentages of afucosylated glycans 

PG0 Percentages of glycoform G0 

PG0F Percentages of glycoform G0F  

PG1 Percentages of glycoform G1 

PG1F Percentages of glycoform G1F  

PG2 Percentages of glycoform G2  

PG2F Percentages of glycoform G2F  
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Pman Percentages of high mannose glycans 
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qsugar Cell specific consumption rate of sugar 

r Reaction rate 

Rj 
Experimental measured percentage of glycoform j in Bayesian network 
model 
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S Substrate concentration 

w Weight 
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1 Introduction 
1.1 Outline of the thesis 

This thesis focuses on the development of mathematical modelling for the glycosylation of 
Immunoglobulins G (IgG) in Chinese Hamster Ovary (CHO) cell cultures. The first part of the 
thesis gives an introduction about mammalian cell culture techniques, the glycosylation of IgG 
and mathematical modelling used for cell culture processes. The second part presents the 
studies of the impacts of different carbon sources carbon sources in fed-batch, pseudo 
perfusion and perfusion cell cultures on the IgG glycosylation. Two mathematical models are 
then proposed and implemented as metabolic glycoengineering strategies to overcome the 
roadblock of the unpredicted nature of IgG glycoprofiles.  
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1.2 Biopharmaceutical industries 

The biopharmaceutical market has been strongly growing over the past decade. By 2018, 374 
biopharmaceutical products, including monoclonal antibodies (mAbs), clotting factors, 
enzymes, vaccines, nucleic acid-based products and engineered cell-based products, have been 
approved for the treatment of cancer, autoimmune diseases, diabetes, etc. Biopharmaceuticals 
represented eight of the top ten best selling drugs in 2018 (Philippidis, 2019). 

1.2.1 Therapeutic monoclonal antibody 

Due to the high specificity and binding capacity to a wide variety of molecules, mAbs are 
popularly used in targeted-therapy and diagnosis (Chames et al., 2009). As the largest category 
of the biological therapeutics, global sales of mAbs has reached 123 billion US dollars in 2017 
which represented 65.6% of the total biopharmaceutical sales (Ecker et al., 2015; Walsh, 2018).  

A full length human IgG is composed of two heavy chains and two light chains. The variable 
region of the antigen binding fragments (Fab) consists of three hypervariable complementarity-
determining regions (CDRs) which serve as antigen binding sites (Figure 1). The constant 
fragment, also named fragment crystallization region (Fc) of the IgG can activate the immune 
system response via the antibody-dependent cellular cytotoxity (ADCC) and the complement-
dependent cytotoxicity (CDC) (Breedveld, 2000; Weiner et al., 2010).      

 

 

Figure 1 The structure of Immunoglobulins G 

By 2019, there has been 79 therapeutic mAbs in total approved by the American Food and Drug 
Administration (FDA) (Lu et al., 2020). Orthocline OKT3 was the first approved therapeutic 
mAbs. It is a murine Ig2a immunoglobulin targeting CD3 on the surface of human T-cell for the 
prevention of kidney transplant rejection (Reichert, 2014). However, this product was 
withdrawn from market in 2010 for its side-effects (Zaza et al., 2014). Although several murine 
therapeutic mAbs have been successful in clinical diagnostics, there are two major problems 
limiting their applications in human therapy. Firstly, the murine Fc region cannot always trigger 
the human ADCC and CDC effects. Secondly, the murine antibodies can be recognized by the 
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human immune system, and result in immunogenicity (Clark, 2000). To benefit from the 
immunological functions and reduce the immunogenicity, chimeric antibodies were developed 
for human therapies by transplanting the murine variable regions to the constant regions of 
human antibody (Lu et al., 2020). For example, rituximab is a chimeric anti-CD20 therapeutic 
mAb approved by FDA in 1997 for non-Hodgkin’s lymphoma (Maloney et al., 1997). To further 
reduce non-human regions, humanized antibodies were developed and became more and 
more popular by only grafting the CDR from non-human antibodies to the human antibody 
frames (Safdari et al., 2013). 

Herceptin (also known as Trastuzumab) is a humanized therapeutic mAb developed by 
Genentech for breast cancer treatment by targeting the human epidermal growth factor 
receptor (HER2). HER2 tyrosine kinase receptor is overexpressed in approximately 20-25% of 
the early-stage breast cancers. By binding to HER2, Herceptin suppresses the HER2 mediated 
signaling through the phosphatidylinositol 3-kinase (PI3K) and mitogen-activated protein kinase 
(MAPK) cascades, which further induces cell apoptosis. Furthermore, the Fc region of Herceptin 
can also promote apoptosis of breast cancer cells via ADCC (Nahta and Esteva, 2006). Combined 
with chemotherapy, Herceptin can significantly improve the disease-free survival for patients 
with HER2-positive breast cancer (Romond et al., 2005). 

 

1.2.2 Mammalian cell expression systems 

Mammalian cell expression systems play a dominant role in the biopharmaceutical industry for 
their ability to produce recombinant proteins with human-like glycosylation compared to 
microorganisms (Lalonde and Durocher, 2017; Lebozec et al., 2018; Peter M.O’Callaghan, 2008). 
From 2015 to 2018, mammalian cells have been selected as the expression system for 79% of 
the newly approved biopharmaceuticals (Walsh, 2018).   

1.2.2.1 Chinese hamster ovary cells 

CHO cells are the most commonly used mammalian cell expression system. The original CHO 
cell line was firstly isolated from Chinese Hamster by Theodore Puck in 1956 (Puck et al., 1958). 
Since then several sub-clones of CHO cell lines have been derived from this original cell line for 
the production of biotherapeutics. CHO-K1 cell line was generated by Kao and Puck in 1968 
(Kao and Puck, 1968) and then a dihydrofolate reductase (DHFR) negative cell line CHO-DXB11 
was derived from CHO-K1 in 1980 by Urlaub and Chasin (Urlaub and Chasin, 1980). In 1983, 
Urlaub et al. developed another DHFR negative cell line CHO-DG44 (Urlaub et al., 1983). The 
CHO-S cell line derived in 1991 has a relatively higher growth rate but lower productivity 
(Reinhart et al., 2019).  

CHO cells were firstly used for the production of the recombinant tissue plasminogen activator 
(t-PA) in 1986 (Kim et al., 2012; Kunert and Reinhart, 2016), and today more than 70% of the 
biopharmaceuticals are produced with this cell line, e.g. Siltuximab, Rituximab,  Pertuzumab 
and Erythropoietin (EPO) (Lalonde and Durocher, 2017; Walsh, 2018). Several advantages of 
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CHO cells make these so popular. First of all, this cell line is adaptable to grow robustly in large 
scale suspension cultures with very high cell density (Jayapal et al., 2007; Kunert and Reinhart, 
2016; McGillicuddy et al., 2018).  Secondly, CHO cells produce glycoproteins with human-like 
glycan patterns, which lower the risk of immunogenicity (Fischer, 2015). Thirdly, this cell line is 
not susceptible to infection by human pathogenic virus (Xu et al., 2011). Additionally, over the 
past several decades, tremendous efforts have been put in cell line development for a higher 
recombinant protein yields and in medium development. Recently, the development of 
metabolic engineering, supplemented with many novel techniques, e.g. mathematical 
modelling, OMICS, Crisper-Case9, have pushed forward the field. Finally,  multiple novel vectors 
and gene amplification systems have become available for CHO cells satisfying the requirement 
of manufacturing (Kim et al., 2012). 

The copy number of plasmid with the gene integrated in the genome of CHO cells is an 
important factor for the productivity of recombinant protein. To amplify the copy number, two 
pressure selection systems have been mainly used for the selection of high producing cell line, 
i.e. the DHFR and glutamine synthetase (GS) system (Lalonde and Durocher, 2017). The DHFR 
gene in the integrated plasmid helps DHFR- cells synthesize dihydrofolate. The DHFR enzyme 
inhibitor methotrexate added in the media functions as a selection pressure to select cells with 
high copies of the integrated plasmid. Similar to the DHFR system, in absence of glutamine in 
the culture media, the glutamine synthesis of cells relies on the GS gene of the integrated 
plasmid. By adding the analogue of glutamate, methionine sulfoximine (MSX), cell lines with 
high copies of integrated plasmid can be selected (Fan et al., 2013).  With the development of 
cell line engineering, a series of novel expression systems have been introduced for the 
selection of high-producing cell lines, such as scaffold/matrix attachment regions (S/MARs) 
from Selexis, ubiquitous chromatin opening elements (UCOE) from Millipore and stabilizing and 
antirepressor (STAR) from Crucell (Agrawal and Bal, 2012). 

1.2.2.2 Other mammalian cell expression systems 

Even though CHO cells produce human-like glycans, they are still unable to exactly produce the 
same types of glycans as human cells. For example, N-glycolylneuraminic acid (Neu5Gc) glycan 
residue produced by CHO cells is undetectable in human. Although the ratio of Neu5Gc in 
glycans is very low in CHO cells, this still represents a risk of immunogenicity (Dumont et al., 
2016; Ghaderi et al., 2010). The alternative strategy is to use human cells for the production. 
The most commonly used human cell line for recombinant glycoproteins are HEK293 and HT-
1080, which were derived from human embryo kidney and fibrosarcoma origin respectively 
(Graham et al., 1977; Rasheed et al., 1974). The first biopharmaceutical produced by HEK293 
cells, Drotrecogin alfa, was approved in 2001 by FDA. In recent years, human cell lines have 
been used as expression system for some commercial therapeutic glycoproteins, e.g. rFVIIIFc 
and rFIXFc (Lalonde and Durocher, 2017). However, the lower productivity of recombinant 
glycoproteins in human cell lines has hampered their usage in industry (Kunert and Reinhart, 
2016; Schwarz et al., 2020). 
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Murine myeloma cell line NS0 and Sp2/0 are also used for the therapeutic mAbs production, 
such as Palivizumab, Necitumumab and Cetuximab (Lalonde and Durocher, 2017). However, 
due to the high level of immunogenic glycan epitopes displayed on mAbs, i.e. galactose-α 1,3-
Gal (α-gal) and Neu5Gc, the commercial usage of murine myeloma cells is less popular than 
CHO cells (Kunert and Reinhart, 2016). 

 

1.2.3 Cell cultivation modes 

The conventional mammalian cell culture modes include batch, fed-batch, chemostat and 
perfusion (Figure 2) (Jain and Kumar, 2008). Batch culture is a closed system with a fixed 
volume. The cell growth in the process can be classified into four phases: lag phase, exponential 
growth phase, stationary phase, and death phase. Due to the nutrients limitation, this system 
usually can only be maintained for one week before significant drop in cell viability (Abu-Absi et 
al., 2014). 

Fed-batch process is the most commonly used cultivation mode for biopharmaceutical 
production. The nutrients addition together with the dilution of the by-products during the 
process can substantially prolong the culture duration and enhance the productivity. It was 
reported that a titer of 13 g/L and 25 MVC/mL peak cell density were achieved in an 18 days 
fed-batch culture (Huang et al., 2010). Furthermore, compared to continuous process, fed-
batch cultures generally result in a higher volumetric productivity, and the simplicity of the 
process operation makes it easier to transfer to production (Jain and Kumar, 2008; Whitford, 
2006).   

 

Figure 2 Illustration of the mammalian cell cultivation modes. 
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One of the drawbacks of fed-batch culture is that at the end of the process, the cell viability 
significantly decreases as the result of by-product accumulation and nutrient limitation. Thus, 
continuous cultivation has gained more interest in industry (Radhakrishnan et al., 2018). 
Perfusion, during which the culture medium is continuously renewed, has the advantage to 
support highly effective productivity for small bioreactor size and equipment footprint. The 
small size gives higher compatibility with disposable technology, flexibility and transferability, 
and most importantly highly decreased capital expenditure. Chemostat is a continuous process 
with constant medium feeding and cell broth removing. However, due to the constant removal 
of cells and the low growth rate of mammalian cells, the cell density and volumetric 
productivity in this system are typically much lower than other culture modes (Hayter et al., 
1992; Hayter et al., 1993; Vergara et al., 2018).  

The use of cell separation devices, e.g. Alternating tangential flow filtration (ATF) system, allows 
the cells to be kept in bioreactor in perfusion process. With constant nutrient feeding and by-
product removal, the perfusion process provides a continuously renewed environment, leading 
to potentially very high cell density and volumetric productivity (Bielser et al., 2018). For 
example, it was reported that without cell bleeding, a cell density of more than 200 MVC/mL in 
perfusion was achieved in a wave-bag bioreactor (Clincke et al., 2013). Furthermore, a high cell 
viability throughout the culture can reduce the impurities caused by the cells, such as DNA and 
host cell proteins (HCP), which could decrease the burden on the downstream process (Chen, 
2018). Although high amount of media is required for perfusion, the medium cost per gram 
products is similar to fed-batch cultures (Xu et al., 2017). Nowadays, perfusion processes have 
been applied to produce a variety of biopharmaceuticals, such as coagulation factors, enzymes 
and monoclonal antibodies. Nevertheless, it has been claimed that complex operation and high 
risk for contamination during the long process limit perfusion to completely replace fed-batch 
in industry (Bielser et al., 2018).  

Benefitting of continuous medium renewal but with easier processing operation, the 
concentrated fed-batch (CFB) has gained more interests these recent years. In this process, 
instead of only retaining the cells, the microfiltration also retains the products of interest in the 
bioreactors, while the by-products, such as lactate and ammonium, are removed. Furthermore, 
the cells are not partially removed in the CFB, so the process duration is typically similar to the 
traditional fed-batch cultures, but a higher peak cell density and product titer can be achieved 
(Yang et al., 2016). However, a study conducted by Xu et al (Xu et al., 2017) has showed that 
the CFB has a higher cost per gram products when it is compared to the fed-batch culture and 
to the perfusion culture.    
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Figure 3 Pseudo-perfusion cell cultures in spintubes 

Pseudo perfusion is an operation mode used as tool for process development. This allows to 
investigate the impact of variables on the cell behavior under steady states. In pseudo-
perfusion mode, medium is renewed by centrifugation and part of the cells are removed to 
daily reach a target cell density to mimic steady state (Figure 3). This scale-down system allows 
multiple experiments running in parallel with fewer resources (De Jesus et al., 2004; Hagrot et 
al., 2017), and the cell metabolism and productivity are comparable to the perfusion cultures 
performed in bioreactors (Gomez et al., 2017). This method is often used for culture condition 
screening at early stage of bioprocess or medium development.    

 

1.2.4 Cell culture media 

The cell culture media provides cells nutrients for propagation and production. In the early 
days, the media usually contained serum or tissue extracts to support the cell growth and/or 
protect cells from shear stress (Ritacco et al., 2018). In 1955, Harry Eagle developed the first 
medium, “Eagle’s Minimal Essential Medium” (EMEM). By adding serum, this medium could 
support cell growth with a doubling time of 18 to 24 h (Eagle, 1955; Eagle, 1959). However, the 
animal-derived raw materials in the media represent a risk to introduce virus, mycoplasma, 
bacterial endotoxin and immunogenic contaminants, which pose safety concerns for the 
manufacturing of therapeutic products (Ling, 2015). For these reasons, the replacement by 
chemically-defined media was highly needed. In 1965, the first chemically-defined serum-free 
medium (CDSFM) F12 was developed for CHO cell culture by Ham et al(Ham, 1965). The 
chemically-defined media also avoid batch-to-batch variation from undefined raw materials. 
Furthermore, the absence of large molecule proteins of the serum could also alleviate the 
downstream process burdens (McGillicuddy et al., 2018). The development and optimization of 
CDSFM has been undergoing over decades to support higher cell density, growth rate and 
recombinant protein titer and lower by-products productions. Nowadays, a typical CDSFM is 
usually formulate with nine main categories of components: energy sources, amino acids, 
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vitamins, trace elements, lipids, salts, polyamines, growth factors and physical protectant 
(Figure 4).   

 

Figure 4 Composition of chemically-defined media 

1.2.4.1 Sugars in media 

Sugars are the main energy and carbon sources for cells in media. About 10 to 25% of carbons 
in the mammalian cell dry weight is derived from sugars (Hagrot et al., 2017; Hosios et al., 
2016). Glucose is the most commonly used sugar for mammalian cell cultures. By being 
transformed into pyruvate via glycolysis and further oxidized in the tricarboxylic acid (TCA) 
cycle, 1 mol glucose can generate 36 mol ATP (Ahn and Antoniewicz, 2012). Due to this high 
transport efficiency, it has been demonstrated that the cell growth rate is not affected even 
though the glucose concentration is as low as 1.22 mM (Lu et al., 2005). However, cell growth 
inhibition has been observed in a chemostat study when the glucose concentration was higher 
than 30 mM (Vergara et al., 2018). When excessive glucose is fed to cells, the accumulated 
pyruvate from the glycolysis transforms into lactate, which is toxic to the cells (Gambhir et al., 
2003). The produced lactate can be taken up by the cells and oxidized in the TCA cycle for 
energy production when sugars are depleting in the culture (Zagari et al., 2013).   

Galactose is a usual sugar supplemented in mammalian cell cultures. Similar to glucose, 
galactose can also be transformed to fructose-6-phosphate and converted into pyruvate via 
glycolysis (Fan et al., 2015b). Several studies have showed that feeding glucose with galactose 
can significantly improve the galactosylation of IgG by increasing the synthesis of intracellular 
UDP-galactose in the cytoplasm (Karst et al., 2017; Kildegaard et al., 2016; Wilkens et al., 2011; 
Wong et al., 2010). It has also been reported that galactose could increase the sialylation, due 
to the fact that better galactosylation provides more targets in the glycans for the addition of 
sialic acid (Liu et al., 2015). However, because of its low transport rate (about 0.4 
pmol/cell/day), galactose could not maintain the cell growth when it has been used as the only 
sugar in cell cultures (Altamirano et al., 2000; Huang et al., 2015). Feeding galactose with 
lactate was reported as an alternative strategy to use galactose as sole sugar source, in culture 
where lactate was used as a complement of energy source. This resulted in similar cell growth 
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rate and IgG productivity compared to the culture with glucose feeding but with a lower 
ammonium production (Torres et al., 2019). 

Mannose is another alternative carbon source for cell cultures. With comparable transport rate 
as glucose, mannose can be used as the only sugar for cell cultures (Altamirano et al., 2000). 
Fed-batch cultures with feeding only mannose showed similar cell growth rate and IgG 
productivity compared to cultures with glucose (Huang et al., 2015). In a chemostat study, 
replacement of glucose with mannose led to a 15-20% higher cell density but 25-30% lower 
lactate productivities (Berrios et al., 2011).  

Fructose and maltose have also been studied to replace glucose in cell cultures. However, due 
to their very low uptake rates by the cells (Leong et al., 2018; Tazawa et al., 2005), these sugars 
could not support healthy growth when fed as the only sugar (Altamirano et al., 2000; Huang et 
al., 2015), and no significant improvement of the culture was observed when maltose was fed 
with glucose (Leong et al., 2017).   

1.2.4.2 Other components in media 

Besides sugars, amino acids are another class of key nutrients in cell cultures. These function as 
the building blocks of the proteins, e.g. enzymes, transporters and signaling molecules (Pereira 
et al., 2018; Salazar et al., 2016). As main carbon and nitrogen source, around 40% of the cell 
dry weight is derived from amino acids (Hosios et al., 2016). Several studies have shown that 
the concentrations and ratio of amino acids have significant influence on the cell growth rate, 
productivity and glycosylation (Fan et al., 2015b; Hagrot et al., 2017; Torkashvand et al., 2015; 
Xing et al., 2011). Amino acids are categorized into essential amino acids and non-essential 
amino acids. Essential amino acids include valine, histidine, leucine, isoleucine, lysine, 
methionine, threonine, phenylalanine and tryptophan. These amino acids cannot be 
synthesized by mammalian cells, meaning they are necessarily required in media. Non-essential 
amino acids include alanine, arginine, asparagine, aspartic acid, cysteine, glutamic acid, 
glutamine, glycine, proline, serine, and tyrosine. Although these amino acids can be synthesized 
from other amino acids, the cell culture media usually contain most of them to support a better 
culture performance and constant metabolism (Ritacco et al., 2018).    

The culture media generally contain a number of metals, acting as the co-factors of intracellular 
enzymes and chaperones, e.g. calcium, Copper, Iron, Zinc, Manganese, etc. These metals have 
large impacts on cell behaviors and product quality attributes. For example, manganese is the 
cofactor for Nacetylglucosaminyltransferases I/II and b-1,4-galactosyltransferase. Several 
studies have shown that the addition of Mn2+ improved the galactosylation of recombinant 
glycoproteins in CHO cell cultures (Crowell et al., 2007; Ehret et al., 2019; Hutter et al., 2017; 
Karst et al., 2017). Calcium is the cofactor of the carbohydrate binding chaperones, calnexin and 
calreticulin, which help secretory proteins correctly fold by binding to their glycans in the 
endoplasmic reticulum (Lamriben et al., 2016). It was reported that the addition of Copper or 
Zinc could significantly enhance the cell growth and protein production (Kim and Park, 2016; 
Yuk et al., 2015). Additionally, although present in very low concentrations, vitamins and 
growth factors play important roles in cell cultures (Liu and Wu, 2009; Miki and Takagi, 2015). 



 
10 

For example, biotin, folic acid and insulin could substantially improve the cell viability and 
productivity (Morris and Schmid, 2000). Some other medium components such as lipid and 
nucleotides, and their impacts on cell cultures are summarized by Pereira S et al (Pereira et al., 
2018).  

1.2.4.3 Media development 

The complex composition of the mammalian cell culture media makes the media optimization 
challenging. The traditional one-factor-at-a-time (OFAT) approach only varies the concentration 
of one medium component at one time. This method requires tremendous efforts and cannot 
identify the interaction between different components (Ritacco et al., 2018). Nowadays 
statistical design approaches, e.g. Plackett-Burman or Central Composite, are widely used in 
medium optimization (Ling, 2015). These methods allow to optimize several components in a 
few trials, and therefore can significantly reduce the number of experiments while enabling the 
identification of the co-effects between components. Recently, issued from a clearer 
knowledge about the metabolism of mammalian cells, some mathematical models based on 
stoichiometric nutrient balance, e.g. Metabolic Flux Analysis (MFA) and Flux Balance Analysis 
(FBA), have been used in medium development. This model-based optimization will be further 
discussed in Chapter 1.4.  

 

1.2.5 Quality of therapeutics   

A major concern for process design is the critical quality attributes (CQA) of therapeutic 
products, since these are closely related to the clinical efficiency and safety. Generally, the 
CQAs of biopharmaceuticals produced by mammalian cell system include size-related variants, 
charge-related variants, impurities, glycosylation, etc (Eon-Duval et al., 2012). These can affect 
the biological activity, pharmacokinetics (PK), immunogenicity and toxicity of the products (Alt 
et al., 2016).  

1.2.5.1 Aggregation 

The product aggregation is a common phenomenon in manufacturing. It can happen during 
both cell culture and/or purification process, resulting from high product concentration, 
improper pH condition or ionic strength, shear force, temperature or hydrophobic properties 
(Remmele et al., 2006; Vazquez-Rey and Lang, 2011; Wang et al., 2010). The aggregation of 
biopharmaceuticals can elicit an immune response. For example, it has been reported that the 
aggregation of human growth hormone (hGH) triggers an immune response in patients (Moore 
and Leppert, 1980). Several methods, like the size-exclusion chromatography or sodium 
dodecyl sulfate-polyacrylamide gel electrophoresis, have been used for the detection of 
aggregation (Torkashvand and Vaziri, 2017). 
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1.2.5.2 Charge variants 

Three charge variant types of mAbs can be separated by ion exchange chromatography: main 
species, acidic species and basic species. The main species of mAbs generally contains three 
kinds of modification: the elimination of the C-terminal lysine of the heavy chain, the cyclization 
of the N-terminal glutamine or glutamate and the glycosylation at asparagine 297 in the CH2 
domain (Torkashvand and Vaziri, 2017). The acidic species are the variants with a relatively 
lower pI value, which can be caused by deamidation of asparagine residues, glycation or 
fragmentation. The basic species are the isoforms with an increased pI value, normally resulting 
from the incomplete removal of C-terminal lysine, incomplete cyclization of N-terminal 
glutamine or glutamate (Singh et al., 2016). It was reported that the concentration of copper 
(Kaschak et al., 2014) and temperature (Kishishita et al., 2015) in the cell culture have an 
influence on the distributions of charge variants. 

1.2.5.3 Process related impurities 

The DNA and HCP released from the dead cells are the two main process-related impurities of 
the product of interest. Although the DNA and HCP are removed during the downstream 
process, an insufficient removal can still have a potential risk for tumorigenic activity and 
immunologic reactions (Eon-Duval et al., 2012). Recently, impurities in phospholipase B-like 2 
(PLBL2) product produced in CHO cells was reported to trigger the immune response in 90% of 
the subjects in the phase III clinical trial of Lebrikizumab (Fischer et al., 2017). 

1.2.5.4 Glycosylation 

Glycosylation is a common modification of proteins produced by mammalian cells. It can be 
analyzed by HPLC or capillary electrophoresis (CE) (Planinc et al., 2016; Torkashvand and Vaziri, 
2017; Wang et al., 2020; Zhang et al., 2016b).  According to the sites anchoring on the protein, 
the glycans are classified into N-linked (oligosaccharides attached to the nitrogen atom of 
asparagine) and O-linked glycosylation (oligosaccharides attached to the oxygen atom of serine 
or threonine) (Eon-Duval et al., 2012). The typical N-linked glycans contain five different 
residues, including N-acetylglucosamine (GlcNAc), mannose, galactose, fucose and N-
Acetylneuraminic acid (sialic acid) (Planinc et al., 2016). The number of detected glycoform is up 
to more than 7000 (Spahn and Lewis, 2014). Based on the structure, these N-linked glycan 
patterns can be further divided into three main groups: oligo-mannose glycans, complex 
glycans and hybrid glycans (Figure 5). The oligo-mannose glycans only contain mannose 
branches, while the complex glycans usually contain galactose, fucose and sialic acid units, and 
hybrid glycans contain both high mannose and complex oligosaccharide chains (Kobata, 2000; 
Tejwani et al., 2018). 

Glycosylation is considered as a critical quality attributes of biopharmaceuticals (Sha et al., 
2016). For example, there is a constant N-linked glycosylation site at asparagine (Asn) 297 in the 
fragment crystallisable (Fc) region of IgG, and it has impacts on its half-life, solubility, 
immunogenicity and efficacy (Higel et al., 2016; Hossler et al., 2009). Furthermore, the 
glycoprofile as well as other quality attributes of biosimilars are required to match the 
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originator drugs (da Silva et al., 2014). Therefore, a good control of the glycosylation is very 
important for the production process.  

 

Figure 5 Structure and components of N-linked high-mannose, complex and hybrid glycans 
produced by mammalian cells 
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1.3 N-linked Glycosylation of IgG 

1.3.1 N-linked glycosylation in mammalian cells 

The N-linked glycosylation is one of the most common post-translational modifications for 
proteins containing the glycosylation site consensus sequence Asn-X-Thr/Ser (X can be any 
amino acid except proline) (Pothukuchi et al., 2019). In mammalian cells, the newly synthesized 
secreted proteins or membrane proteins are translocated to the endoplasmic reticulum (ER) led 
by a signal peptide, where a lipid-linked oligosaccharide species (Glc3Man9GlcNAc2-PP-dolichol) 
is anchored to the glycosylation site under the catalysis of oligosaccharyltransferases. Three 
glucose residues and one mannose residues on the oligosaccharide are then trimmed by 
glucosidases I, II and ER mannosidase after the protein correctly folding. The glycoproteins with 
the oligosaccharide Man8GlcNAc2 (M8) are transported from the ER to the Golgi for further 
glycan decoration with trimming or adding different nucleotide sugar donors (NSDs). The five 
different intracellular NSDs (GDP-fucose, UDP-galactose, GDP-mannose, UDP-
acetylglucosamine and CMP-sialic acid) are synthesized from the carbon sources in the 
cytoplasm and transported into the Golgi apparatus by the SLC35 family of transporters 
(Blondeel and Aucoin, 2018; Hossler et al., 2009; Sha et al., 2016; Tejwani et al., 2018; Wang et 
al., 2018b) (Figure 6).   

In the Golgi, the glycosylation network is highly branched and extremely complicated. More 
than 7000 glycoforms can be synthesized through more than 22000 bioreactions (Spahn and 
Lewis, 2014). The network starts with mannose residues cleaved off from the M8, and then 
different NSDs are assembled to different positions of the oligosaccharide under the catalysis of 
a series of glycosidases and glycosyltransferases (Table 1) which are located in the Golgi 
(Hossler et al., 2006; Krambeck and Betenbaugh, 2005). The UDP-Gal can be transferred to the 
free GlcNAc residues on glycans under the catalysis of b-N-acetylglucosaminylglycopeptide b-
1,4-galactosyltransferase (GalT) in the Golgi, and normally one glycan of IgG produced by CHO 
cells can bear up to 2 galactose residues, though in most cases the glycans are always 
undergalactosylated (Raju, 2008). The GDP-fuc are transferred to the core GlcNAc by 6-a-L- 
fucosyltransferase (FucT) (Miyoshi et al., 1999), and about more than 90% of the IgG produced 
by CHO cells are fucosylated (Raju, 2000). The sialylated recombinant proteins usually only 
constitute a very low proportion (Eon-Duval et al., 2012). 

It is important to note that only very few glycans can achieve at the termini of the network, 
while most of the intermediates stop evolving midway and are secreted out of cells, which is 
the reason why the glycosylation of bioproducts are heterogenous.  
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Figure 6 Process of glycosylation. Firstly, the sugars taken by the cells are used for the synthesis 
of the glycan components in the cytoplasm. Then the glycan components are used to build the 
matured glycans in the Golgi apparatus   
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Table 1 The glycosylation related enzymes (Hossler et al., 2006; Tejwani et al., 2018) 

Glycosylation related enzymes Abbreviation Functions 

Oligosaccharyltransferase OST transfer Glc3Man9GlcNAc2-PP-dolichol to the 
glycosylation site in the ER 

α-Glucosidase AGL remove three glucose residues from 
Glc3Man9GlcNAc2 in the ER 

Endoplasmic reticulum mannosidase ER a-Man remove one mannose residues from 
Man9GlcNAc2 in the ER 

Mannosyl-oligosaccharide 1,2-α-mannosidase Man I remove free α-1,2-man 

Mannosyl-oligosaccharide 1,2-1,6-α-
mannosidase Man II remove free α-1,3-man, α-1,6-man with 

opposing β-1,2-GlcNAc 

α-1,3-mannosyl-glycoprotein 2-β-N-
acetylglucosaminyltransferase GnT I transfer UDP-GlcNAc to α-1,3 man branch via 

the β-1,2-linkage 

α-1,6-mannosyl-glycoprotein 2-β-N-
acetylglucosaminyltransferase GnT II transfer UDP-GlcNAc to a-1,6 man branch via 

the β-1,2-linkage 

β-1,4-mannosyl-glycoprotein 4-β-N-
acetylglucosaminyltransferase GnT III transfer UDP-GlcNAc to β-1,4 man branch via 

the β-1,4-linkage 

α-1,3-mannosyl-glycoprotein 4-β-N-
acetylglucosaminyltransferase GnT IV transfer UDP-GlcNAc to α-1,3 man branch via 

the β-1,4-linkage 

α-1,6-mannosyl-glycoprotein 6-β-N-
acetylglucosaminyltransferase GnT V transfer UDP-GlcNAc to α-1,6 man branch via 

the β-1,6-linkage 

6-α-L- fucosyltransferase FucT transfer GDP-Fuc to the core GlcNAc 

β-N-acetylglucosaminylglycopeptide β-1,4-
galactosyltransferase GalT transfer UDP-Gal to free GlcNAc on the 

oligosaccharide 

β-Galactoside α-2,3/6- sialyltransferase SiaT transfer CMP-Sia to free galactose on the 
oligosaccharide 
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1.3.2 Impacts of glycosylation patterns on biological functions 

Glycoproteins are one of the most common biopharmaceuticals, e.g. mAbs, EPO, tPA and 
Interferon gamma (IFN-g), and the glycosylation pattern is an important quality attribute to 
these therapeutics. Different structures and terminal residues of glycans have different effects 
on the solubility, serum half-life or immunological activities of glycoproteins (Blondeel and 
Aucoin, 2018; Hossler et al., 2009; Jefferis, 2009; Mimura et al., 2018; Raju, 2008).   

The terminal galactose residues of IgG could significantly improve CDC activity in vivo, since 
galactose is considered necessary for binding C1q, which is the complement cascade that 
mediate the CDC. For example, the CDC activity decreased to nearly half for the 
degalactosylated Rituxan (Hodoniczky et al., 2005). However, galactosylation did not show 
impacts on the ADCC or PK in other studies (Millward et al., 2008; Wright and Morrison, 1998).    

A number of studies have reported that the fucosylation of IgG could significantly affect the 
ADCC effect (Wang et al., 2018b). A study reported that the fucose residue could weaken the 
binding affinity of IgG to FcgRIIIa receptor on the natural killer (NK) cells by 50-fold (Shields et 
al., 2002), followed by an inhibitory effect on the ADCC (Satoh et al., 2006). For instance, a 
reduction of fucosylation in anti-human interleukin 5 receptor IgG showed 50-fold increase for 
ADCC, while a low fucosylated anti-CD20 IgG enhanced ADCC by 7 times (Shinkawa et al., 2003). 
This improvement is independent of the IgG subclass (Niwa et al., 2005). On another hand, the 
fucosylation of IgG has showed no impacts on the CDC (Yamane-Ohnuki et al., 2004). 
Additionally, it was reported that the IgG with the fucosylated glycans showed an enhanced 
effect on the thermal stability (Wada et al., 2019). 

High-mannose and bisecting GlcNAc glycans normally account for very low proportion in mAbs 
produced by CHO cells. IgG with either high mannose or bisecting GlcNAc glycans showed 
reduced serum half-life since the terminal mannose (Goetze et al., 2011; Wright and Morrison, 
1998) and GlcNAc (Jones et al., 2007) can bind to the specific mannose receptor which 
accelerates their blood clearance. However, other studies has claimed that a shorter half-life of 
IgG with high mannose glycans was observed in vivo resulting from the glycan cleavage, so the 
glycan structure did not have an obvious impact on the clearance (Chen et al., 2009; Millward 
et al., 2008). It is noticeable that these two types of glycans normally lack fucose and galactose 
residues, which might be a reason why the IgG with high mannose or bisecting GlcNAc showed 
increased ADCC and reduced CDC activity (Eon-Duval et al., 2012; Hodoniczky et al., 2005; 
Kanda et al., 2007; Umaña et al., 1999; Zhou et al., 2008). 

Sialic acid is the ultimate glycan residue, which attaches to the free galactose residue of the 
oligosaccharide chain (Raju, 2003; Raju and Lang, 2014; Wright and Morrison, 1997). There are 
two forms of sialic acid produced in mammalian cells: N-acetyl-neuraminic acid (Neu5Ac) and 
N-glycolyl-neuraminic acid (Neu5Gc), while only Neu5Ac can be synthesized in human cells. The 
glycoproteins containing high proportion of Neu5Ac can result in immunogenicity and would 
therefore accelerate the clearance (Ghaderi et al., 2010). The sialylation of IgG was reported to 
have a negative effect on ADCC, since the terminal sialic acid could lower the binding affinity of 
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the Fc region to the FcgRIIIa on the NK cells (Kaneko et al., 2006; Scallon et al., 2007). In 
addition to the influence on ADCC, due to the coverage on the galactose of the glycan, the sialic 
acid residues can abrogate the enhancement of CDC activity by galactose residues (Quast et al., 
2015). Additionally, as the nonsialylated proteins are more easily removed by the asialo-
glycoprotein receptors in liver, the glycoproteins with sialylation tend to have a longer half-life 
in vivo (Eon-Duval et al., 2012). For example, the residence time of the engineered high 
sialylated EPO was reported to increase by 30 to 200% (Egrie and Browne, 2001; Weikert et al., 
1999).                  

 

Table 2 impacts of different glycan residues and structures on the therapeutic efficiency 

  ADCC CDC Half-life 

Terminal galactose  +  
Core fucose -   

High mannose + - - 
bisecting GlcNAc  + - - 

Sialic acid -  -   +  
 

 

1.3.3 Influence of cultivation factors on the glycosylation 

Multiple studies have reported that the cultivation modes, process operating conditions and 
media supplements can affect the glycosylation profile (Blondeel and Aucoin, 2018; Hossler et 
al., 2009; Radhakrishnan et al., 2018; Sha et al., 2016). Due to the significant impacts on the 
therapeutic efficiency of glycoproteins, the control of glycosylation is an essential consideration 
in the bioprocess design.  

1.3.3.1 Impacts of cultivation modes 

Fed-batch and perfusion are the two most common cultivation modes for the production of 
glycoproteins, and different culture strategies would lead to different effects on the 
glycosylation (Seo et al., 2016). Compared to fed-batch, perfusion cell cultures generally lead to 
a more complete glycosylation, i.e. higher galactosylation and sialylation level, since the cells 
are cultivated in healthier conditions in perfusion due to the constant nutrient feeding and 
waste removing. In contrast, the nutrient depletion and by-product accumulation in the end of 
fed-batch can inhibit the glycosylation maturation (Lipscomb et al., 2005; Zhuang et al., 2017). 
It is important to note that different operating parameters can also result in different 
glycosylation profiles, e.g. the feeding strategy for fed-batch cultures, the cell density or 
perfusion rates for perfusion cultures (Fan et al., 2015a; Fan et al., 2015b; Hutter et al., 2018; 
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Karst et al., 2017; Villacres et al., 2015), meaning that the glycosylation of IgG is not 
systematically more completed in perfusion processes than in fed-batch cultures. For instance, 
no difference in glycosylation between fed-batch and perfusion was observed in a study by Lee 
et al (Lee et al., 2012).    

1.3.3.2 Impacts of cultivation conditions 

The cell culture conditions are optimized to achieved a higher productivity during the process 
development. Several process operating parameters are reported to have impacts on the 
glycosylation. Lowering the temperature is a commonly used strategy, which can improve the 
cell specific productivity, viability and decrease the lactate productivity (Chuppa et al., 1997; 
Nam et al., 2008). Several investigations have showed that mild hypothermia conditions can 
decrease intracellular nucleotide sugar concentrations and expression of GalT and SiaT, and 
therefore resulted in a reduced ratio of sialylation and galactosylation (Ahn et al., 2008; Sou et 
al., 2017; Sou et al., 2015; Trummer et al., 2006). However, an improved glycosylation site 
occupancy was observed in the production of t-PA with a lower culture temperature (Andersen 
et al., 2000). 

The process parameters, including pH, the dissolved oxygen (DO) levels, carbon dioxide partial 
pressure (pCO2) and osmolality can also impact the glycosylation. Several studies have reported 
that the pH of the cell culture could affect the glycosylation, while the effects differ for different 
cell lines. Three cell lines were investigated by Jiang and collaborators (Brunner et al., 2017; 
Jiang et al., 2018). In this study, the galactosylation was significantly enhanced with the increase 
of pH for one cell line, while the improvement of galactosylation for the other two cell lines was 
not substantial. An opposite effect was observed by Zheng et al, who reported that the 
proportion of galactosylation and afucosylation of the mAbs went up when a pH shift from 7.15 
to 6.85 was applied (Zheng et al., 2018). In another study, the highest percentage of 
monogalactosylated and digalactosylated glycans were produced at pH 6.9 and pH 7.4 
respectively, while the highest proportion of agalactosylated glycans was observed at pH 7.2, 
and pH 7.4 resulted in the highest Neu5Ac /Neu5Gc ratio (Müthing et al., 2003). Furthermore, it 
was also reported that the galactosylation of an IgG1 produced by murine hybridoma decreased 
with the reduction of DO (Kunkel et al., 1998), and the galactosylation level of mAbs was 
noticeably higher at low pCO2 conditions (Wang et al., 2018a). Finally, hyperosmotic culture 
conditions led to a decreased proportion of sialylated glycans due to the down regulation of 
related enzymes (Lee et al., 2017a), and fucosylation of IgG produced by a rat hybridoma cell 
line was inversely correlated to the osmolality of the culture medium (Konno et al., 2012). 

1.3.3.3 Impacts of media components 

Mammalian cell culture media generally contain 50-100 different components. Substantial 
studies have shown that the supplementation of some of the components have effects on the 
glycosylation. Thus, the optimization of the medium components is used as a popular strategy 
for the control of glycosylation (Blondeel and Aucoin, 2018; Hossler et al., 2009; Radhakrishnan 
et al., 2018; Sha et al., 2016).  



 
19 

Feeding different types of sugar in the cell culture media has showed different effects on the 
glycosylation. For example, the addition of galactose with glucose could increase the galactose 
contents in the glycans, resulting from an increase intracellular concentration of UDP-galactose 
(Karst et al., 2017; Kildegaard et al., 2016; Wong et al., 2010). It was also reported that 
galactose could improve sialylation due to the fact that a higher galactosylation level provided 
more opportunities for glycans to accept sialic acid (Liu et al., 2015). Mannose was 
demonstrated to be used as the only sugar for CHO cell culture, while the use of mannose led 
to a higher proportion of high-mannose glycans in the glycoprofile (Huang et al., 2015; Slade et 
al., 2016). Other sugars have been explored for mammalian cell cultures by Hossler et al, 
including affinose, trehalose, turanose, palatinose, melezitose, psicose, lactose, lactulose, which 
exhibited various influences on the glycosylation (Hossler et al., 2017). 

Nucleotide sugars are the building blocks for the glycans biosynthesis. Supplementation of 
nucleotide sugars or nucleotides to affect glycoprofiles have been thoroughly investigated, and 
summarize by Blondeel et al (Blondeel and Aucoin, 2018). For example, as intracellular 
precursor for CMP-Sia, the ManNAc supplementation can increase the sialic acid contents on 
the glycans (Gu and Wang, 1998; Lee et al., 2017b; Wong et al., 2010). In contrast, some other 
studies have showed an inhibition effect of nucleotide sugar supplementation on the 
glycosylation. It was reported that the addition of GlcNAc slightly decreased the galactosylation 
level. This was probably because the increased intracellular concentration of UDP-GlcNAc 
compete with UDP-Gal for the transporter into the Golgi, which led to a decrease of the  UDP-
Gal concentration in the Golgi (Kildegaard et al., 2016). In addition, the addition of uridine 
exhibited inhibition effect on the sialylation (Pels Rijcken et al., 1995). 

Amino acids are important carbon source for cells and contribute to the synthesis of UDP-
GlcNAc (Burleigh et al., 2011). Several studies have shown the effects of amino acids on the 
glycosylation. For instance, threonine, proline, and glycine were reported to increase the 
sialylation and galactosylation levels of t-PA (Chen and Harcum, 2005), and the 
supplementation of additional cysteine, isoleucine, leucine, tryptophan, valine, asparagine, 
aspartic acid and glutamine lowered the galactosylation and sialylation of recombinant human 
erythropoietin (Crowell et al., 2007). On another hand, altering the amino acids combinations in 
the culture always influence the cell growth rate, product yield, and ammonium production 
rates, and all these changes can impact the glycosylation (Hossler et al., 2009; Jimenez Del Val 
et al., 2016; Yang, 2000), so the variation of the glycosylation by amino acids variation is a 
complex effect caused by multiple factors.  

The addition of metals can also change the glycosylation profile. For example, as the cofactor of 
β-1,4-galactosyltransferase, Mn2+ has showed to improve the galactosylation in several studies 
(Crowell et al., 2007; Gramer et al., 2011; Karst et al., 2017; Radhakrishnan et al., 2017). It also 
increased proportion of high mannose glycans when glucose was depleted in batch cultures 
(Surve and Gadgil, 2015). However, the enhancement of galactosylation by manganese 
decreases with the addition of Zn2+, an effect which could be caused by the cellular 
detoxification response to zinc by changing the intracellular distribution of Mn2+.  
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Additionally, some other molecules, such as glucosamine, mycophenolic acid (MPA) have 
showed an influence on the glycosylation. The addition of glucosamine could not only inhibit 
the cell growth rate, but also significantly reduce the galactosylation and sialylation levels 
(Blondeel et al., 2015; Hills, 2001; Yang and Butler, 2002). Furthermore, The addition of MPA 
significantly decreased the fucosylation level by inhibiting the intracellular synthesis of GTP 
which further inhibited the synthesis of GDP-Fuc (Zhang et al., 2016a). 
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1.4 Mathematical modelling for animal cell cultures 

The cell metabolism is based on intracellular metabolic reaction networks and enzyme 
catalyzed bioreactions, which determines the cell behaviors, such as the cell growth rate and 
productivity of a recombinant product. The traditional bioprocess design relies on substantial 
experimental work to investigate how the process factors such as temperature, pH or medium 
components affect the cell growth, productivity and quality of products. However, this 
approach is highly costly in terms of time, resources and labor. With the development of 
analytical techniques, not only the extracellular metabolite, i.e. substrates and products, but 
also the intracellular metabolomics, proteomics and genomics data are measurable nowadays. 
Based on the data explosion, mathematical modelling has been widely developed to help these 
studies in bioprocessing. 

Mathematical modelling can reflect the relationship between variables. It uses mathematical 
relationships to represent, or to predict phenomena by analyzing the observations. For 
example, in the field of cell cultivation, the input data of the mathematical models could be the 
substrates in the cell culture media, or the physical environments, e.g. pH, temperature and 
DO, while the output of the data can be the productivity, cell growth, etc. The use of 
mathematical modelling in cell culture engineering could help researchers have a clearer 
understanding of the cell metabolism, and could also guide the works of cell genetic 
modification and process optimization (Cvijovic et al., 2011).  

 

Figure 7 Principle of mathematical models used in bioprocessing   

 

Kinetic models and stoichiometric models are the two main concepts to model the cell 
metabolism. The Stoichiometric models, for instance metabolic flux analysis (MFA) and flux 
balance analysis (FBA), calculates the cellular metabolic fluxes based on the metabolic networks 
and the metabolites measurements, while the kinetic models are used to calculate the 
metabolic enzymatic reaction rates  based on kinetic equations, e.g. the  Michaelis-Menten 
equation (Gombert and Nielsen, 2000). Furthermore, by introducing an approach based on 
statistics, probabilistic models are also widely used for the gene regulation and metabolism. 
This section gives an introduction about these general types of mathematical models used in 
cell metabolism and review the mathematical models for glycosylation. 
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1.4.1 Classification of mathematical model of metabolism 

These mathematical models are generally classified into four types based on the property to be 
structured or unstructured, and segregated or unsegregated. Unstructured models consider the 
cell as an entity while the structured models involve more intracellular detailed specific 
components. Segregated models consider the heterogeneity of the cells, for instance, the 
different phases of cell cycle and apoptotic cells, while the unsegregated models view cells as a 
homogeneous population (Kyriakopoulos et al., 2018).  

1.4.2 Kinetics modelling 

The cell metabolism modelling is generally based on the catalyzed bioreactions of the 
intracellular enzymes. The purpose of the modelling is to understand how the metabolites as 
well as the intracellular enzymes affect the cell metabolism. By introducing the kinetic 
frameworks, we can build the relation between the concentrations of substrates or metabolites 
and the flux rates of metabolic reactions (Kim et al., 2018).  

The Michaelis-Menten equation is widely used for the kinetics of enzymatic bioreactions based 
on the assumptions of the steady-state approximation, the free ligand approximation and the 
rapid equilibrium approximation. The reaction rate ! is described as: 

! = !#$% 		 ∗ 	
(

()*
	                                                                          (1) 

where !#$% stands for maximum reaction rates and + denotes the substrate concentration.	,- 

is the kinetic parameter, given by the concentration of substrate when the reaction rate is half 

the maximum rate. 

When a competitive inhibitor is involved in the reaction, the formula is expressed e.g. as: 

! = 	 !#$% 		 ∗ 		
(

().∗/0/1)*2
	                                                              (2) 

where 3 is the concentration of the competitive inhibitor and  ,4 represents the inhibition 
kinetic parameter. In addition, the uncompetitive and non-competitive inhibition reactions are 
expressed as equation 3 and 4, respectively (Haag, 2005). 

! = 	 !#$% 		 ∗ 		
(

().∗ 5/1)*2
                                                                (3) 

! = 	 !#$% 		 ∗ 		
(

().∗56/0/1 )*2
                                                            (4) 
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1.4.3 Metabolic flux analysis and flux balance analysis 

Metabolic flux analysis (MFA) and flux balance analysis (FBA) are the two widely used 
constraint-based approaches for the analysis of intracellular metabolic flux distribution. In 
these two stoichiometric models, the cell metabolic network is represented as a stoichiometric 
matrix (S), and the estimation of the metabolic flux relies on the specific nutrients consumption 
rates and the product secretion rates from the experimental measurements. Both methods are 
based on the pseudo steady state assumption, i.e. no net accumulation or reduction of the 

intracellular metabolites, mathematically expressed as Sin	*	v = 0, where v is metabolic reaction 
rates (Antoniewicz, 2013), and Sin	is the stoichiometric matrix of the intracellular components. 

The main difference between the MFA and FBA is the scale of the metabolic network 
considered in the model. In FBA, genome-scale metabolic networks are used for the flux 
analysis. Due to the fact that the number of metabolic reactions is usually higher than the 
number of metabolites, the models are normally underdetermined. Although this method 
cannot give the real metabolic fluxes, with appropriate objective functions, e.g. maximizing 
growth rate or productivity, these models can provide predicted optimal fluxes (Li et al., 2018; 
Orth et al., 2010). For example, an FBA problem can be expressed as: 

maximize       <	T	*	> 

                                                                     subject to       +	*	>	=	0 

                                                                     and                  lowerbound ≤	>	≥ upperbound           

where < is a vector of coefficients, and <	T	*	>	is the objective function to be maximized, which 
could the cell growth rate or productivity. 

To avoid the underdetermined issue, MFA neglects the non-important reactions to lower the 
number of unknown fluxes. The metabolic network of MFA is usually simplified, and the 
analysis only focus on the related metabolic reactions. However, this would lead to a loss of 
some metabolic information and limit a comprehensive analysis of the cell metabolism. An 
alternative way is to use the 13C isotopic techniques. By culturing cells with an isotope-labelled 
substrate, the distribution of the metabolites with 13C can be traced by GC-MS or 13C-NMR. This 
approach enables us to have a clear insight of intracellular reaction fluxes. However, the high 
cost of label substrates and the special requirement for cell quenching hampers its application 
(Huang et al., 2017). 

1.4.4 Concept of elementary flux mode 

Elementary flux mode (EFM) analysis is a powerful tool for metabolic engineering. It 
decomposes the stoichiometric matrix in MFA into non-decomposable pathways. The EFMs 
normally start with the substrates and end at the secreted products with a combination of a 
series of intracellular micro-reactions through the network (Figure 8). By directly connecting the 
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substrate and the product, the EFM analysis can reflect how the substrates affect the product 
of interest, which could contribute for instance to medium development (Oddsdottir et al., 
2015). In addition, this approach is also widely applied in cell line engineering by identifying the 
knockdown or over-expression targets (Zanghellini et al., 2013).  

 

 

Figure 8 Illustration of elementary flux modes  

The main challenge of this approach is that the number of EFMs explodes with the size of the 
metabolic network, while most of the EFMs are biologically irrelevant. For example, a medium-
scale metabolic network of E. coli with around 100 reactions generates approximately 272 
million EFMs (Zanghellini et al., 2013). The huge number of insignificant EFMs would limit its 
application in large-scale metabolic networks. To minimize the EFMs, a number of 
mathematical techniques, e.g. column generation (CG) and thermodynamic EFMA (tEFMA), 
have been created to identify the most relevant EFMs (Gerstl et al., 2015; Oddsdottir et al., 
2015). For instance, by using column generation, the EFMs of a CHO cells metabolic network 
containing 126 reactions were reduced to about 20 macro-reactions, and the model with the 
selected EFMs successfully simulated the response of cell to variations in amino acid availability 
(Hagrot et al., 2019). 

1.4.5 Probabilistic graphic model 

The probabilistic graphic model offers a statistical approach for the simulation of biological 
processes, such as gene regulations and protein interaction networks. By using the knowledge 
of probability and graph theory, this type of model is able to reflect the interaction of variables 
in a network (Airoldi, 2007). The Bayesian network (BN) is a kind of probabilistic graphic models 
(PGM) widely used in biological network studies (En Chai et al., 2014; Wilkinson, 2007; Yu et al., 
2013). In these studies, each node of BN represents a gene expression level or a metabolite 
concentration of the cells. The probabilities of nodes in the BN is based on the Bayes’ Theorem, 
which calculates a posterior probability of the target variables B(D|F) given by the observed 
data B(F)  and the assumed prior probability B(D) . Specifically, the Bayes’ Theorem is 
expressed as: 

 B(D|F) = 	 HIFJDK∗H(L)
H(M)

	                                                             (5) 
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where P(X) represents the probability of the observed data	X, and P(H) is the prior probability 
of hypothesis D. P(H|X) denotes the posterior probability of the hypothesis H given that the 
data X is observed, and P(X|H) stands for the likelihood that data X is observed given that the 
hypothesis D holds.  

In the BN, a set of nodes FQ,	……,	FT where 4=1,	……,	n	∈	v	is linked in a direct and acyclic graph, 
and represented as the joint probability distribution (Darwiche, 2010; Vijesh et al., 2013). The 
joint probability distribution is calculated as the product of the conditional probability of each 
node: 

                                                       (6) 

For example, the figure 9 shows a simple BN, for which the joint probability distribution can be 
calculated as: 

B(W, X, Y, Z) = B(W) ∗ B(X) ∗ B(Y|W, X) ∗ B(Z|Y)																														 (7)	

 

 

Figure 9 Simple example of Bayesian network   

1.4.6 Mathematical modelling for glycosylation 

A series of mathematical modelling approaches has been developed for the improvement of 
glycosylation control via cell engineering and medium design. One of the earliest glycosylation 
model was developed by Shelikoff et al in 1995 (Shelikoff et al., 1996). This kinetic modelling 
framework firstly considers the Golgi as a plug flow reactor and it looks into the quantitative 
influences of multiple factors, including oligosaccharyltransferase activity and expression, 
protein synthesis rate, mRNA elongation rate, concentrations of intracellular nucleotide sugars 
and competition with protein folding on the factional glycosylation site occupancy.  

In 1997 Umaña et al constructed the first model to predict how the changes of glycosylation 
related enzymes quantitatively affect the glycan distributions (Umaña and Bailey, 1997). This 
structured model assumes that the glycoproteins are transported through a series of four 
compartments of the Golgi where the glycosyltransferase is distributed differently. The central 
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reaction network of this model involves 33 different glycan structures and 8 glycosylation 
related enzymes distributed in the four compartments of the Golgi. The parameters of the 
model describe the kinetics and distributions of the enzymes, glycoprotein residence time, 
volume of the compartments of the Golgi etc. These parameters are all estimated from 
literature, whereas their values may vary from different cell lines or culture conditions. 

Umaña’s model was extended by Krambeck and Betenbaugh in 2005 (Krambeck and 
Betenbaugh, 2005). By adding three more enzymes, i.e. FucT, GnTE and SiaT, the model further 
includes fucosylation and sialylation, increasing the network to involve 7565 glycan structures 
and 22871 reactions in total. Furthermore, numerical methods are embedded in this model, 
which enables it to adjust the parameters to fit the experimental data. In 2009, Krambeck et al 
expanded their model by adding eight additional enzymes enabling the model to include the 
glycan structures from human cells (Krambeck, 2009). Furthermore, the enzyme concentrations 
can be adjusted directly by using the experimental glycan mass spectrum data. This model was 
applied to identify the differences of glycosyltransferase activities between the normal human 
monocytes and the monocytic leukemia cells with the mass spectrometric data. In 2017, 
Krambeck et al further extended the model to increase the number of glycoform up to 50605, 
and this model was applied to predict the related enzyme activities from the mass spectrum of 
ten CHO cell lines (Lisacek et al., 2017).  

Instead of considering the Golgi as four continuous mix-tanks (4CSTR), Hossler et al represented 
the Golgi as four plug-flow reactors (4PFR) in series based on the Golgi maturation theory. To 
the contrary of assuming that the retention time of proteins with different glycosylation 
patterns are different, the Golgi maturation model considers that all the glycoproteins entering 
the Golgi at the same time would exit at the same time (Hossler et al., 2007). The authors also 
demonstrated with this model that a homogeneous glycan profile could be achieved by altering 
the enzyme locations in the Golgi compartments using a metabolic engineering approach. 

Krambeck and Hossler’s model assumed constant concentrations of NSDs in the Golgi, which, in 
reality, are changing through the cultures. Jimenez del Val et al improved the model by 
introducing the impacts of NSDs availability transported into the Golgi on the glycosylation, 
which links the Golgi glycosylation process to the cellular metabolism. Additionally, instead of 
considering the four compartments of the Golgi as four PFRs in series, the author viewed the 
Golgi as one PFR and introduced the recycling of transport proteins from subsequent 
compartment to the preceding ones. This model showed a better accuracy compared to the 
previous model, and has successfully predicted the effects of FucT silencing and cytosolic NSD 
depletion on the glycoprofile of mAbs (Jimenez del Val et al., 2011). In 2014, Jimenez del Val et 
al constructed another model by linking the intracellular NSDs metabolism and cell growth to 
the extracellular nutrients (Jedrzejewski et al., 2014). This model provides a bridge relating the 
culture conditions to the glycosylation. Combining to their previous model, the authors have 
successfully simulated the changes of the intracellular NSDs concentrations and glycoprofile 
with time in a culture. In an ulterior study, the authors further optimized the model, and 
explored the how mAbs specific productivity and the Golgi volume affects the glycoprofile in 
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batch cultures (Jimenez Del Val et al., 2016). This model was also used to estimate the required 
concentrations of glycosylation enzymes to minimize the Man5 proportion. 

Despites these efforts, due to the complexity of the glycosylation process, these detailed kinetic 
models contain partial differentiation equations and a large number of unknown parameters 
for the activities and distributions of the related enzymes, which limit their practical 
applications (Spahn and Lewis, 2014). To lower the number of unknown parameters, a 
mathematical model based on flux balance and Markov chain was developed by Spahn et al 
(Spahn et al., 2016). In this model, each glycosylation pattern in the network is regarded as a 
state that can transform to other states in the Markov chain. The proportions of a glycan 
evolving to other glycan types are taken as transition probabilities, and the proportions of the 
secretion glycans are modelled as the absorbing states of the Markov chain. This model was 
validated by the GnT-IV and FucT knocked-out cell lines for the production of rhEPO and IgG. 
Furthermore, the model also showed its capacity to find a cell engineering strategy to match a 
certain glycoprofile of a biosimilar (Spahn et al., 2017). 

A genome-scale model named Glyco-Mapper was developed by Kremkow and Lee to predict 
the likely glycosylation patterns of glycoproteins by using reaction flux flow stoichiometry, 
discretized variable state parameters, and mass balances. This model showed high accuracy of 
glycosylation changes resulting from gene knock-out or overexpression. However, this model 
was only able to predict the presence or absence of the glycoform but not their distributions 
(Kremkow and Lee, 2018). 

To predict the dynamic glycosylation changes in fed-batch cell cultures, Hutter et al developed a 
model named Glycosylation flux analysis (GFA) by employing a pseudo steady state assumption. 
This model assumes that the glycosylation fluxes are balanced at different time points 
throughout the cultivation since the glycoprotein residence time in the Golgi is about 20 to 40 
minutes. To reduce the number of unknown parameters, two pre-multiplicative factors were 
introduced to represent the enzyme-specific alterations and the changes of cell metabolism. 
This model was used to analyze the impacts of manganese in the media on the glycosylation 
and the related enzymes in a fed-batch culture (Hutter et al., 2017). 

To sum up, the glycosylation modelling has gained great progress in the past 25 year, enabling 
us to have a better understanding about the mechanism of glycosylation (Galleguillos et al., 
2017). However, most of these models focus on the impacts of the intracellular enzymes and 
nucleotide sugars on the glycosylation, which contribute to glycosylation control via cell 
engineering. The modelling for the influences of cell culture conditions still remains challenging. 
Good control of glycosylation by medium supplementation and process design-based model will 
be discussed in the following chapter of this thesis.   
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2 Present investigation 
2.1 Aim of the investigation 

The N-linked glycosylation is a critical quality attribute of the therapeutic mAbs, with influences 
on several aspects of the products, including the solubility, stability, body clearance half-time 
and immunological functions. The regulation of the glycosylation of mAbs is demanding and 
challenging for the manufacturing.  

The aim of the thesis is to understand how different carbon sources affect the glycosylation of 
IgG, and also to develop an intelligent model-based tool for the control of glycosylation by 
manipulating the carbon sources and feeding strategies for fed batch or perfusion cell culture 
processes. This thesis will be presented according to my four papers. 

First of all, in order to select the candidates of carbon sources used for the control of 
glycosylation, and also to understand how each carbon source impacts the glycosylation, Paper 
I represents a study about the influences of mannose, galactose, fructose and fucose on the 
glycosylation of IgG, systematically investigated in a fed-batch culture in absence of glucose. 
Two alternative sugars, mannose and galactose, showed significant effects on the glycosylation, 
and therefore, were selected in the toolbox for the following studies. 

In Paper II, the impacts of glucose, mannose and galactose as well as their combinations on the 
glycosylation were studied in pseudo perfusion cell cultures. Based on these experimental data, 
a mathematical model named Glycan Residue Balance Analysis (GReBA) was developed for the 
prediction of glycosylation.  

In Paper III, for a more accurate control of cell specific consumption rates of sugars and to study 
how different cell consumptions of each sugars affected the glycosylation, a set of perfusion 
cultures with ten different sugar feeding conditions were performed. Furthermore, the GReBA 
model was explored to obtain a feeding strategy design to match target glycoprofiles. 

In Paper IV, in order to simulate the impacts of some other cultivation factors on the 
glycosylation, e.g. perfusion rate, accumulation of by-products, etc., modelling based on the 
Bayesian theorem was developed, where the proportions of glycans isoforms were considered 
as the joint probability of a Bayesian network. Experimental data from pseudo perfusion, 
perfusion and fed-batch cell cultures were applied to validate the prediction capacity of the 
model.   
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2.2 Materials and methods  

This section introduces the main information concerning the materials, cell lines, analytical 
methods and techniques used for the experimental work carried out in the thesis. More details 
can be found in Paper I, II, III, and IV. 

2.2.1 Cell lines and media 

Two CHO cell lines were used in the thesis. In Paper I and II, an IgG producing CHO-S cell line 
(Cobra Biologics, Sweden) was cultured in a modified version of ActiPro™ medium (Cytiva, 
Sweden), while an IgG producing CHO-K1 cell line (Cytiva, Sweden) was used in Paper III and IV. 
In the perfusion culture in paper III, 4% of Cell Boost 7A supplements and 1% of Cell Boost 7B 
supplements (Cytiva, Sweden) were added to the modified ActiPro™ medium in order to 
support a high cell density. In fed-batch culture in Paper IV, the cells were cultured in 
commercial ActiPro™ medium. 

2.2.2 Measurements for the cultivation parameters 

The cell density and viability were determined by BioProfile™ FLEX (Nova Biomedical, USA) or 
NORMA XS™ (iPRASENSE, France). The concentration of glucose, lactate and NH4 were 
analyzed by BioProfile™ FLEX or Cedex™ (Roche, Switzerland). The IgG titer was quantified by 
Cedex™ or HPLC with a POROS™ A 20 µm Column, 2.1´30 mm, 0.1 mL (ThermoFisher Scientific, 
USA). 

2.2.3 Carbon sources quantification 

The concentrations of glucose, galactose, mannose, fructose and fucose were measured with a 
Waters HPLC system with Aminex HPX-87P column and a Micro-Guard De-Ashing Refill 
Cartridges (BIO-RAD, USA). The mobile phase is 0.4 mL/min Milli Q water with heating the 
columns at 85 oC. The sugars were detected by a refractive Index (RI) detector. 

2.2.4 Intracellular nucleotide sugars extraction and analysis 

The cells were firstly quenched with cold saline, and after centrifugation, the intracellular 
nucleotide sugars of the cells were extracted with 50% v/v aqueous acetonitrile. The extractions 
were then dried by SpeedVac™ and resuspended in Milli-Q™ water. A high-performance anion-
exchange chromatography with a CarboPac™ PA-1 column and a PA-1 guard column (Dionex, 
USA) was used for the analysis of the intracellular nucleotide sugars by HPLC (Waters, USA). 3 
mM NaOH (E1) and 1.5 M sodium acetate in 3 mM NaOH (E2) were used as the mobile phase 
with a constant flow rate of 0.5 ml/L. The columns were heated at 36oC. The gradient was as 
follows: to min: 80% E1, t12 min: 34% E1, t36 min: 34% E1, t46 min: 80% E1, t60 min: 80% E1. The UV 
detector was used for the measurement of the nucleotide sugars at absorbance 271.6 nm. 
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2.2.5 IgG purification 

IgG from the culture supernatant was purified with Protein A magnetic beads (Lab On A Bead, 
Sweden). Specifically, the supernatant was incubated with 1% (v/v) Protein A magnetic beads 
with shaking at room temperature for 2 hours. Then the IgG was eluted from the beads with 60 
mM sodium citrate pH=3.0 and neutralized by the addition of 10% 0.2 M HEPES buffer at 
pH=7.4.  

2.2.6 The N-linked glycosylation profiling 

The N-linked glycans of IgG were deglycosylated and labelled with a tag comprised of a 
fluorophore and a basic tertiary amine by using the GlycoWorks™ RapiFluor-MS™ N-Glycan Kit 
(Waters, USA) according to the manufacturer protocol. Then an UPLC system (Waters, USA) 
with an ACQUITY UPLC™ Glycan BEH Amide column (Waters, USA) was used for the analysis of 
the labelled glycans. The labelled glycans were detected by fluorescence detector with FLR 
wavelength of Ex 265 nm /Em 425 nm. 50 mM ammonium formate solution at pH=4.4 (M1) and 
LC-MS grade acetonitrile (M2) were used as mobile phase. The gradient and flow rates are as 
follows: t0 min: flow rate=0.5 mL/min, 27% M1, t35.0 min: flow rate=0.5 mL/min, 37% M1, t36.5 min: 
flow rate=0.2 mL/min, 100 % M1, t39.5 min: flow rate=0.2 mL/min, 100 % M1, t43.1 min: flow 
rate=0.2 mL/min, 20% M1, t47.6 min: flow rate=0.5 mL/min, 20% M1, t55.0 min: flow rate=0.5 
mL/min, 20% M1. 
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2.3 Investigation of the impact of alternative sugars on the glycosylation – Paper I 

2.3.1 Backgrounds and aims 

The goal of the project was to control the glycosylation of IgG by manipulating the carbon 
sources in cell culture media. Several previous studies have reported the influences of 
alternative sugars on the glycosylation patterns, as introduced in 1.3.3.3. In most of these 
studies, the alternative sugars were fed together with glucose. This was due to the fact that the 
alternative sugars, such as fructose or fucose, could not support the cells growth due to their 
low transport rates (Altamirano et al., 2000; Huang et al., 2015). However, the presence of 
glucose could limit or impede the effects of alternative sugars on the glycosylation, since the 
cells typically give priority to consume glucose when available.  

In the first section of the study, in order to have a deeper understanding about how the 
alternative sugars impact the glycosylation of IgG and how they affect each other, combinations 
of the sugars were fed in CHO cell batch cultures in absence of glucose, and lactate produced by 
the cells and accumulated in the culture was used as complementary the energy source to 
maintain the cell viability. 

2.3.2 Combined effects of alternative sugars on the intracellular nucleotide sugars and the 
glycosylation of IgG  

CHO cells were inoculated in shake flasks with 32 mM glucose. On day 5 (D5), when glucose had 
just been depleted and lactate had accumulated at a peak value, 6 combinations of the 
alternative sugars were fed with a control group of feeding 20 mM glucose, as shown in the 
Table 3. During the following 3 days, the cells were thus forced to consume the fed alternative 
sugars together with lactate. 

 

Table 3 Sugars used for 7 feeding strategies in fed-batch mode 
Group  Mannose Fructose Galactose Fucose Glucose 

F1 10 mM 10 mM       
F2 10 mM  10 mM   
F3 10 mM   10 mM  
F4  10 mM  10 mM  
F5  10 mM 10 mM   
F6   10 mM 10 mM  
F7         20 mM 
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(A)                                                                                    (B) 

             

(C)                                                                                    (D) 

Figure 10 Cell-specific mannose (A), fructose (B), galactose (C), fucose(D) consumption rates 
after feeding in the experiment 

 

 

 

 

 

 

 

 



 
33 

 

(A) 

 

(B) 

Figure 11 (A) Specific lactate consumption/production on the day after feeding (Day 6). The 
negative values stand for lactate consumption and the positive value stands for lactate 
production. (B) Cell specific consumption rates of total carbon source (including mannose, 
fructose, galactose, fucose, glucose and lactate) on the day after feeding (Day 6) for the 7 
conditions of the experiment. The values of consumptions/productions of lactate were divided 
by 2 since one mole hexose can finally be degraded in 2 moles of lactate. 

The consumption rate of mannose was the highest among the four alternative sugars, and was 
about 0.55 pmol/(cell*day) on D6, and decreasing on D7 and D8 due to the depletion in the 
media. The consumption rate of galactose was about 0.3-0.4 pmol/(cell*day), which was 
around twice as high as the fructose consumption rates, while only about 0.02 pmol/(cell*day) 
fucose was consumed by the cells (Figure 10). 

Due to the high uptake rate of mannose, the cells in the groups of mannose feeding (F1, F2 and 
F3) consumed less lactate (Figure 11A) compared to the other groups. Additionally, it was very 
interesting to observe that the sums of the amount of carbohydrates and lactate consumption 
on the first day after feeding were quite comparable for all the feeding conditions (the lactate 
consumption was divided by 2 as one mole hexose can finally be degraded in 2 moles lactate) 
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(Figure 11B). This demonstrated that lactate was used as energy complement and resulted in 
roughly the same fluxes to the TCA cycle, which resulted in similar cell growth rate and 
productivity in all the feeding conditions. 

 
Figure 12 Amount of intracellular nucleotide sugars (GDP-Man, UDP-Gal, GDP-Fuc and CMP-
Neu5Ac) extracted on harvest day for all the conditions 

 
The intracellular nucleotide sugars were extracted by 50% of acetonitrile on the harvest day. 
The group with feeding mannose and galactose (F2) showed the highest intracellular UDP-Gal 
concentration (Figure 12). This was due to the fact that feeding galactose resulted in a higher 
UDP-Gal synthesis rate, and also the high transport rate led to a higher flux from Man-6P to 
UDP-Gal. The other two groups of galactose feeding showed higher intracellular UDP-Gal 
concentrations as well. This gave rise to higher percentages of G1 and G2 level glycans and 
lower G0 level glycans. This was comparable to previous studies (Hills, 2001; Kildegaard et al., 
2016; Wong et al., 2010). As the high transport rate of glucose enhanced the flux from Glc-6P to 
UDP-Gal, the cells in the control group (F7) also showed relatively high intracellular UDP-Gal 
concentration, which, however, did not lead to a better galactosylation. This probably resulted 
from the highest IgG productivity in group F7, which required a higher concentrations of 
intracellular nucleotide sugars for the glycosylation. 

Feeding fucose significantly increased the concentration of intracellular GDP-Fuc. However, the 
fucosylated glycans was more than 96% for all the feeding groups, demonstrating that even the 
lowest intracellular GDP-Fuc concentration was saturated for fucosylation for this cell line. 

It was reported that feeding mannose as alternative carbon source to glucose increased the 
proportion of high mannose glycans, because feeding mannose could increase the amount of 
intracellular GDP-Man and inhibit the activity of a-mannosidase, which is the enzyme used for 
trimming mannose from the glycans (Slade et al., 2016). However, in the present study, groups 
with mannose feeding did not show significant higher intracellular GDP-Man concentrations, 
and only showed a slightly higher percentage of high mannose glycans than the group F7, 
occurring before feeding. In contrast, groups in absence of feeding mannose and glucose 
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exhibited a much higher proportion of high mannose glycan. In Surve and Gadgil’s study, an 
increased ratio of high mannose glycans was also observed when glucose was replaced by 
galactose and fructose in the culture (Surve and Gadgil, 2015). This could be due to the low 
transport rate of mannose, galactose and fructose, resulting in nucleotide sugars depletion and 
therefore an increased proportion of naïve glycoforms. Lactate played a role as complementary 
carbon source, but since lactate was used mostly in the TCA cycle, it could not significantly 
influence the synthesis of nucleotide sugars. 

 

 

Figure 13 Glycosylation profile of IgG produced after feeding (from Day 5 to the harvest day) for 
the 7 conditions of the experiment. The 'Before feeding' group is the glycoprofile of IgG 
produced before feeding (from Day 0 to Day 5). High mannose glycans includes M5 and M6. G0 
level (G0, G0F, G0F+N, G0F-N), G1 level (G1[3], G1[6], G1F[3], G1F[6]) and G2 (G2F) level are the 
types of glycans with no, one and two galactoses respectively. Afucosylation except high 
mannose are all the glycoforms without fucosylation except M5 and M6, including G0, G1[3], 
G1[6]. 

Overall, the combined effects of different sugars, including glucose, mannose, galactose, 
fructose and fucose, on the carbon metabolism and glycosylation were systematically 
investigated in this study. The cell produced lactate was used as complementary energy source 
when cells were growing in the non-glucose cultures. The results showed that feeding galactose 
increased the percentage of monogalactoglycans (G1) and digalactoglycans (G2) by 8 to 20% 
and 2 to 6% respectively, while feeding mannose or glucose led to a 3 to 7% decrease of high 
mannose glycans (Figure 13). This demonstrates that feeding different carbon sources and the 
combination of them could be a good strategy for the control of glycosylation of IgG in CHO cell 
cultures. 
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2.4 Pseudo perfusion cell cultures with combinations of different carbon sources – Paper II 

In the fed-batch culture of Paper I, different carbon sources, especially glucose, mannose and 
galactose, showed different impacts on the glycosylation, while besides the carbon sources, 
several other cultivation factors were changing with time in cultures, such as the cell density, 
IgG productivity, the concentration of nutrients and by-products. These process parameters 
were all reported to have influences on the glycosylation (Hossler et al., 2009; Jimenez Del Val 
et al., 2016; Karst et al., 2017). In order to investigate the effects of the fed sugars on the 
glycoprofile without the impacts from other factors, pseudo perfusion cultures were performed 
in 50 mL Spintubes to mimic steady state cultures. In pseudo perfusion, the media was renewed 
by centrifugation and the cell pellet was re-suspended back at a cell density of 2×106 cells per 
mL every day (Figure 14). The effects of different concentrations of mannose, galactose, glucose 
and their combinations (Table 4) on the glycosylation were investigated. Due to the low 
transport rate of mannose and galactose, lactate was added as the carbon source complement 
to maintain the cell growth. 

 
Figure 14 Example of pseudo perfusion culture in TubeSpin bioreactors with 15 mM glucose. On 
each day, the cells were centrifuged and resuspended in fresh medium to the cell density of 2 
MVC/mL (million viable cells per mL).  
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Table 4 The different composition of carbon sources for the cell culture in the tubespin 
bioreactors 

 Mannose Galactose Glucose Lactate 
Man 8 8     13 
Man 15 15   13 
Man 25 25   13 

     
Gal 8  8  13 
Gal 15  15  13 
Gal 25  25  13 

     
Glc 8   8  
Glc 15   15  
Glc 25   25  

     
Man 8 + Gal 8 8 8  13 
Man 15 + Gal 15 15 15  13 
Man 25 + Gal 25 25 25  13 
Man 15 + Gal 5 15 5  13 
Man 15 + Gal 10 15 10  13 
Man 5 + Gal 15 5 15  13 
Man 10 + Gal 15 10 15   13 

 

When only one kind of sugar was fed in the culture, no significant difference in the specific 
consumption rates was observed between the different concentrations for a given sugar. The 
specific consumption rates of mannose, galactose and glucose were about 1.8, 0.4 and 2.0 
pmol/(cell*day). When mannose and galactose were fed together, their specific consumption 
rates decreased to about 1.2 pmol/(cell*day) and 0.35 pmol/(cell*day), respectively, as the 
results of competitive inhibition effects on each other's transport into the cells (Figure 15). 
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Figure 15 Cell specific consumption rate of mannose (A), galactose (B) and glucose (C) for each 
condition 
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(A)                                                                                    (B) 

      
(C)                                                                                    (D) 

 
Figure 16 Specific lactate production (negative values indicate consumption) (A), specific 
ammonium production (B), growth rate (C) and specific IgG production rate (D) for all culture 
conditions   
 

Compared to the other conditions, when galactose was fed the sole sugar in the culture, the 
cells consumed about 2.0 pmol/(cell*day) lactate added as the complement of carbon source 
instead of producing lactate (Figure 16A). This resulted from the very low transport rate of 
galactose, which could not satisfy the cell need. The specific ammonium production rates of the 
cells fed with glucose were about 1.2 pmol/(cell*day), i.e. slightly lower than other culture 
conditions. Others have observed that CHO cell cultures with feeding of galactose solely had 
lower cell growth rates and productivities (Altamirano et al., 2000). However, in the present 
study, by adding lactate, the cells showed similar growth rates and specific IgG productivities in 
all the feeding conditions (Figure 16C).  
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(A)                                                                                                        (B) 

   
(C)                                                                                                      (D) 

   
                                               (E) 
 
Figure 17 Distribution of the glycans. Percentage of high mannose glycans (A). Fucosylation 
calculated as the fucosylated glycans PGF divided by the sum of fucosylated glycans PGF and 
afucosylated glycans PG (B). Agalactosylated glycans including G0, G0F, G0F+N and G0F-N (C). 
Glycans with one galactose including G1[3], G1[6], G1F[3], G1F[6] (D). Glycans with two 
galactose including G2F and G2 (E).  
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Different feeding conditions resulted in different glycosylation profiles. Feeding only galactose 
or glucose led to a higher proportion of high mannose glycans (Figure 17A) than other 
conditions. More than 90% of the glycans were fucosylated in all the culture conditions, among 
which the cultures with only galactose feeding showed slight lower percentages of fucosylation 
(Figure 17B). The cultures with feeding of both mannose and galactose had a higher 
galactosylation level, i.e. showing higher percentages of glycans bearing one or two galactose 
and lower proportion of glycans without galactose (Figure 17C, D and E). 

Although the highest galactose consumption rate is only about 0.4 pmol/(cell*day), by feeding 
lactate, the cells fed only with galactose and lactate showed similar cell growth rates and IgG 
productivities. This suggests that lactate is an efficient carbon source when the sugars are not 
sufficiently available. However, when galactose was fed as the only sugar in the media, a lower 
amount of carbohydrates coming into the nucleotide sugar synthesis network resulted in lower 
concentrations of intracellular nucleotide sugars, which could impair the glycosylation. In these 
conditions, lactate was consumed as a complement, but most of the lactate molecules would 
be used in the TCA and not for the synthesis of nucleotide sugars. For example, the cultures 
where only galactose was fed did not lead to improved galactosylation. Instead, due to the 
shortage of intracellular UDP-Gal, these cultures showed a slightly lower galactosylation level, 
which seems opposite to several previous studies (Karst et al., 2017; Kildegaard et al., 2016; 
Wong et al., 2010). Furthermore, the conditions where only galactose was fed with lactate also 
showed slightly lower fucosylation levels compared to other feeding conditions. In contrast, 
because of a high sugars consumption rates, the conditions of feeding both mannose and 
galactose had the highest percentages of fucosylation and galactosylation. 

It was reported that generally more than 90% of IgG produced by CHO cells are fucosylated 
(Raju, 2000). In the present study, although different concentrations and combinations of 
sugars were tested, the proportion of fucosylated glycans were always very high. This result 
indicates that it is very difficult to reduce the fucosylation by only changing the carbon sources 
in the cell culture media. It has been reported that knock-down the FucT is a more efficient way 
for the defucosylation (Spahn et al., 2016).   

The culture conditions of feeding the same sugars at different concentrations showed very 
slightly difference in glycosylation. This could be due to the fact that the transporter 
mechanisms were nearly saturated even for the lowest concentration used in this study. The 
marginal differences of the sugar consumptions limited the variation of the glycosylation. To 
address this issue, a perfusion system which could push the cells to consume the sugars with 
the targeted rates was created in Section 2.6.   
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2.5 Glycan Residue Balance Analysis for the prediction of glycosylation – Paper II 

Mathematical models are useful tools to deepen our understanding of the cellular metabolism 
and to optimize the cultivation processes. Here we present a simplified mathematical model for 
the glycosylation of IgG named Glycan Residue Balance Analysis (GReBA), which is based on the 
EFM concept and mass balance of the glycan residues.  

2.5.1 Theory of the GReBA 

The glycosylation network in the cytoplasm and the Golgi is extremely complicated, and 
contains more than 22 000 reactions (Spahn and Lewis, 2014). To simplify the process, the 
GReBA separates the glycosylation into four main steps: (a) is removal of high mannose and 
addition of GlcNAc, step (b) is fucosylation, step (c) and (d) are galactosylations (Figure 18). 

The glycans assembly residues (GARs) typically contain mannose, N-acetyl-glucosamine 
(GlcNAc), galactose, fucose and sialic acid, which are assembled from the intracellular NSDs for 
the glycan maturation in the Golgi. These building blocks are synthesized from different carbon 
sources that the cells take up from the culture medium by different pathways. In this model, 
the concept of macro-reactions from the EFM is used to simulate the synthesis of the glycan 
residues from the carbon sources. 

 
Figure 18 Algorithm of the Distribution of Glycosylation Patterns Analysis modelling. Firstly, the 
ratio of four glycan components are calculated based on the concentration of feeding the 
sugars. Secondly, the ratios of different glycoforms are predicted by the glycan components.  
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In the first part of the model, the glycan residues synthesized from the carbon sources are 
calculated. [W\]	in the model is an average proportion of the given glycan residue 4 to all the 
glycans of the produced protein (e.g. [W\^_`	equals 0.9 means 90% of the glycans are 
fucosylated), and the Michaelis-Menten equation is used for [W\]	as function of the fed carbon 
sources. When a single sugar is fed to the culture, [W\]	can be expressed as a function of the 
concentration of this fed carbon source by the Michaelis-Menten equation:  

[W\] = [W\#$%,] 		∗ 	
ab

ab)*b
0	                                                             (8a) 

where Yc stands for the concentration of the carbon source in the medium. [W\#$%,]  denotes 
the maximum value of [W\], and ,c2 is the saturation coefficient.  

When two different sugars are fed to the culture, it is assumed that the [W\]  are synthesized 
from the sum of each provided sugar sources in a cumulative way. Additionally, when two 
different sugars are fed in the culture, the transport rates of each sugar decreased due to the 
competitive inhibition effects on each other (Le and Davies, 1951). Thus, when two carbon 
sources are fed, the [W\]  is calculated as: 

[W\] = 	[W\#$%,],c 		∗ 		
ab

ab)ad∗*b
0/*d

1 )*b
0 + [W\#$%,],g 		 ∗ 		

ad
ad)ab∗*d

0/*b
1)*d

0                  (8b) 

where Ycand Yg denotes the concentrations of the carbon sources h and i, and their inhibition 
coefficients on each other are ,c]  and ,g] . [W\#$%,],c, [W\#$%,],g, are the maximum values of 
the [W\]  synthesized from the carbon sources h and i, respectively. 

In the second part of the model, the percentage of the each glycoform, including high-mannose 
glycans, fucosylated glycans and the distribution of galactosylated glycans, are sequentially 
determined based on [W\]calculated from the first part of the model (8b).   

The first step of glycosylation occurs in the Golgi apparatus; the mannose of the high-mannose 
glycans is trimmed before GlcNAc is added, so firstly the model identifies if the sugar moieties 
stay as high-mannose glycans or is trimmed all the way down to G0 glycan. The intracellular 
GDP-Man is considered to have an inhibition effect and UDP-GlcNAc is assumed to have an 
enhancing effect on this reaction. Thus, the percentages of high mannose glycans (B#$T) and of 
non-high mannose glycans ( BTjTk#$T)  are determined as:  

BTjTk#$T = B#$%,#$T 	∗ 	
lmnopqrsq

lmnopqrsq)*opqrsq
0 	 ∗ 		 	*tuv

1

lmntuv)*tuv
1                                (9a) 

Pman  = 100% - Pnon-man                                                                                                (9b) 

where Pmax,man is the maximum ratio of high mannose glycans.  
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The non-high mannose glycans can be classified into fucosylated glycans (Blw), such as G0F, 
G1F[3], G1F[6] and G2F, and afucosylated glycans (Bl), such as G0, G1[3], G1[6] and G2. Since 
each fucosylated glycan requires one and only one GAR-fucose, the proportion of fucosylated 
glycans is equal to GAR-fucose ([W\^_`), which is calculated from the first part of the model. 
Thus, the Blw and the Blequal:  

      Blw = [W\^_`                                                                       (10a) 

      Bl = BTjTk#$T − Blw                                                        (10b) 

The third step of the model is to determine the distribution of galactosylation, i.e. the 
percentage of G0, G0F, G1, G1F, G2 and G2F. Since the values of the kinetic parameters for 
glycans receiving the first galactose (e.g. from G0F to G1F) and the second galactose (e.g. from 
G1F to G2F) are different, and these are calculated separately as follows: 

BlQyw	 = [W\#$%,z${Qyw,c ∗
ab

ab)ad∗,|}~12Ä,h
- /,|}~12Ä,i

4 ),|}~12Ä,h
- + [W\#$%,z${Qyw,g ∗

ad
ad)ab∗,|}~12Ä,i

- /,|}~12Ä,h
4 ),|}~12Ä,i

-      (11a)    

BlQy	 = [W\#$%,z${Qy,c ∗
ab

ab)ad∗,|}~12,h
- /,|}~12,i

4 ),|}~12,h
- + [W\#$%,z${Qy,g ∗

ad

ad)ab∗,|}~12,i
- /,|}~12,h

4 ),|}~12,i
-             (11b) 

Blyw	 = [W\#$%,z${yw,c ∗
ab

ab)ad∗,|}~2Ä,h
- /,|}~2Ä,i

4 ),|}~2Ä,h
- + [W\#$%,z${yw,g ∗

ad

ad)ab∗,|}~2Ä,i
- /,|}~2Ä,h

4 ),|}~2Ä,i
-               (12a) 

Bly = [W\#$%,z${y,c ∗ 	
ab

ab)ad∗,|}~2,h
- /,|}~2,i

4 ),|}~2,h
- +[W\#$%,z${y,g ∗ 	

ad

ad)ab∗,|}~2,i
- /,|}~2,h

4 ),|}~2,i
-                   (12b) 

BlÅw	 = Blw−BlQyw                                                  (13a) 

BlÅ = Bl−BlQy                                                       (13b) 

BlQw = BlQyw	 − Blyw	                                            (14a) 

BlQ = BlQy	 − Bly                                                  (14b) 

where BlQyw	 (BlQy) denotes the percentage of glycan bearing at least one galactose with (or 
without) fucosylation, given by equation (11a) or (11b). A second galactose is added to some of 
these in the following step, determined by equation (12a) or (12b). BlÅw, BlÅ, BlQw,, BlQ and 
Blyw, Bly denotes the percentage of G0F, G0, G1F, G1, G2F and G2. 
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2.5.2 Parameters identification 

The experimental data from the pseudo perfusion cell culture described in the previous section 
were applied to the model for the parameter identification. The unknown parameters in the 
model were identified by nonlinear least square (lsqnonlin tool box MATLAB) by minimizing the 
absolute error between the experimental values and the percentages of the glycoforms 
calculated by the model. The absolute error was calculated as: 

Error	=	|Pexp-Pmodel|                                                              (15) 

where Pexp is the experimental value of the percentage of glycoforms and Pmodel stands for the 
value estimated by the model. 

2.5.3 Validation of the model 

In order to validate the predictive capacity of the model, the experimental data from the 
pseudo perfusion cultures were separated in a training set and a validation set. The validation 
set contained three feeding conditions, which were the middle values of the experimental 
space: 15 mM mannose, 15 mM galactose, and 15 mM mannose + 15 mM galactose, and the 
training set included all the other conditions. After training by the experimental data from the 
training set, the model gave the predicted percentages of the glycoforms of the feeding 
conditions of the validation set with the largest absolute error of 1.10% observed for G1F in the 
15 mM galactose feeding conditions (Figure 19).  
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Figure 19 After training the model using the training data set, the GReBA was used to predict 
the glycan distribution for three other sugars feeding strategies, 15 mM mannose, 15 mM 
galactose and 15 mM of both mannose and galactose, (A). Figure (B) shows the absolute error 
between the experimental values and the predictive values. The model was used to simulate 
the changes of the glycan distribution with the concentration of galactose and mannose in the 
media (C). The blue, green and red surfaces and dots stand for the ratio of G2F, G0F and G1F 
respectively.  

For the past 20 years, number of mathematical models for the prediction of glycoprofiles have 
been developed. However, most of them could only reflect the impacts of relevant enzymes on 
the glycoprofile, and very few related the cell culture environment to the glycosylation. Another 
drawbacks of these detailed kinetic-based models is that they usually have a high amount of 
unknown parameters for the kinetics and the distributions of the related enzymes (Spahn and 
Lewis, 2014). By using the concept of macro-bioreactions from the EFM, the GReBA is able to 
predict the glycosylation patterns from the concentration of the carbon sources in the cell 
culture media. In order to simplify the complex glycosylation network and minimize the number 
of unknown parameters, the current model is only used to predict the common glycoforms. 
However, this approach has the potential to be extended to a model predicting more complex 
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glycans if necessary. For example, the sialylation could be modelled by a similar method as the 
galactosylation in the GReBA. The current model focuses on the effects of carbon sources on 
the glycosylation. The influences of other media components, for instance the metals, which 
function as cofactor of the enzymes, could be involved in future work. 
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2.6 The feeding strategy design for perfusion by the Glycan Residue Balance Analysis – Paper III 

In Sections 2.4 and 2.5, we have shown that manipulation of the carbon sources in the cell 
culture is a good approach to control the glycosylation of IgG. However, changing the 
concentration of the carbon sources did not result in the large differences in the sugar 
consumption rates. Additionally, when two sugars were fed in the culture, the cells always gave 
priority to the one with a higher transport rate. For instance, even though a high concentration 
galactose with very low concentration of mannose was given, the cells would still consume a 
higher proportion of mannose than galactose. The slight change of the cell specific 
consumption rates of sugar s å2 limits the range of the glycoprofile that we could control. Here, 
we present a study where cells are forced to consume a designed amount of sugar by limiting 
these sugars in the feed media in perfusion cell cultures. Furthermore, by applying the 
experimental data from these perfusion cultures, the GReBA model is explored to design a 
feeding strategy to reach a desired glycoprofile. 

2.6.1 Perfusion cell cultures with designed feeding 

Perfusion cultures with feeding ten different combinations of glucose, mannose and galactose 
were performed in a DASbox Mini Bioreactor system (Eppendorf, Germany) to explore their 
effects on the glycosylation patterns. The viable cell density was maintained at 60 MVC/mL by 
bleeding cells, and the perfusion rate was 1.5 RV/day, thus the cell specific perfusion rate 
(CSPR) was between 25 pL/(cell*day) throughout the culture (Figure 20). The feeding strategy 
of the sugars was created based on the following developments: the mass balance in a 
perfusion culture for a given component, for instance glucose, can be expressed as: 

ça0éèê

çë
	= 	−	å2			F	 + 	Z			Y2]T 	− 	Z			Y2íì%                                           (16) 

where å2		is the cell specific consumption rate of substrate -; F stands for the cell density; Y2íì% 
denotes the residual concentration of the sugar in the culture; Y2]T	is the concentration of the 
sugar, which is fed into the perfusion culture, i.e. resulting from the sum of the sugar added in 
fresh medium and the potential separate additives; Z represents the perfusion rate, and î is 
time. 

In order to push the cells to consume the carbon source with the designed å2, the amounts of 
sugars of the feed can be designed to be limiting but without starving the cells based on the 

knowledge of the cell specific consumption rate of this substrate. At steady state ça0
éèê

çë
	= 	0 

and eq. 16 becomes 
  

	−	å2		F	 + 	Z		Y2]T 	− 	Z	Y2íì% 	= 		0                                                (17) 

In this case, we assume that the target residual substrate concentration in the bioreactor is 0, it 
follows that Y2íì%	= 0 and eq. 17 becomes 
 

å2		F	 = 	Z		Y2]T					or					Y2]T 	= 	
	ï0		M
ñ
	= 		 ï0

a(Hn
                     (18) 
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where Y+B\ is the cell specific perfusion rate, such that Y+B\ = ñ

	M
 . The perfusion rate takes 

into account the summation of all the flow rates of different fluids (e.g. fresh medium, 
additives) coming in the bioreactor and is balanced by the sum of all the flow rates of different 
fluids removed from the bioreactor (e.g. spent medium, cell bleed).  
 
Here we aim at delivering the substrate according to a target of the cell specific consumption 
rate, called å2

ë$ìzóë, decided by the operator. This selection is designed based on the knowledge 
of the transport rate and the knowledge of the impact of the cell specific consumption rate of - 
on the culture. 

Introducing å2
ë$ìzóë  in eq. 18, we have now derived a rule, which can be used to feed -	in the 

culture, as follows: 

Y2]T 	= 	
	ï0
òuèôöò		M
ñ

	= 		 ï0
òuèôöò

a(Hn
                                 (19) 

In case, it is desirable to have a residual concentration of -	in the bioreactor different from 
zero, the variable Y2

ë$ìzóë  can be introduced. Applying the same reasoning as above but 
introducing Y2

ë$ìzóë, eq. 17 provides the following rule 

Y2]T 	= 	
	ï0
òuèôöò		M
ñ

	+		Y2
ë$ìzóë 		= 			 ï0

òuèôöò

a(Hn
   +   Y2

ë$ìzóë          (20) 

The å2
ë$ìzóë  value can be applied in perfusion mode according to eq. 18 or eq. 19, while 

studying if the performances are satisfying in terms of by-products formation, cell growth and 
health, production of product of interest and its quality.  

Eq. 20 can be used for any nutrient or cofactor taken up by the cells. It can also be generalized 
for õ	nutrients -]	(4 = 1, 2, … ,õ)	comparably used by the cells and fed simultaneously as 
follows 

Y21
]T 	= 	

	ï01
òuèôöò				M

ñ
			+ 			Y21

ë$ìzóë 		= 			
ï01
òuèôöò

a(Hn
		+		Y21

ë$ìzóë     and     ∑ 	ù
]ûQ å21

ë$ìzóë	  =  		åü
ë$ìzóë	  (21) 

where it is imposed that the sum of the õ target rates of the cell specific nutrient consumption 
of the nutrient -] , is åü

ë$ìzóë . In eq. 21, Y21
]T  is the concentration of nutrient -]  fed into the 

perfusion culture; å21
ë$ìzóë  is the target of the cell specific consumption rate of nutrient -] ; 

	Y21
ë$ìzóë  is the target of the residual concentration of nutrient -]	in the bioreactor. The selection 

of the values of å21
ë$ìzóë	has to take into account as well the transport rate of the nutrients into 

the cells in case this transport is limited. 

In the present study, glucose, mannose and galactose were fed in different regimes into the 
culture as carbon sources. These sugars are not completely interchangeable but the cells could 
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use them for comparable purposes, i.e. cell energy and precursor of the glycosylation. Eq 21 
provided thus the following rule: 

Yz{_`j2ó]T 	= 		
ïôp†q°0ö
òuèôöò

a(Hn
		+ 		Yz{_`j2ó

ë$ìzóë                                                (22a) 

Y#$TTj2ó]T 	= 		 ïtuvv°0ö
òuèôöò

a(Hn
		+ 		Y#$TTj2ó

ë$ìzóë                                            (22b) 

Yz${$`ëj2ó]T 	= 		
ïôupuqò°0ö
òuèôöò

a(Hn
		+ 		Yz${$`ëj2ó

ë$ìzóë                                           (22c) 

∑ 	¢
]ûQ å21

ë$ìzóë= åz{_`j2ó
ë$ìzóë 	+ åz${$`ëj2ó

ë$ìzóë 	+ å#$TTj2ó
ë$ìzóë 	 = å2_z$ì,ü

ë$ìzóë      (22d) 

 
For the selection of the targets of the cell specific sugar consumption rate, å2_z$ì,ü

ë$ìzóë , and 
å21
ë$ìzóë, the information of the need in carbon source of CHO cells and of this particular cell line 

was taken into account. A first value of å2_z$ì,ü
ë$ìzóë  = 1.2 pmol/cell/day was adopted from 

observation that the lactate concentration is not too high while the cell growth, viability, 
productivity of product of interest and quality were satisfying. Due to the fact that the cell 
uptake rate of galactose is limited by the capacity of its transporters, typically to 0.4 
pmol/cell/day, åz${$`ëj2ó

ë$ìzóë 		was selected not larger than 0.4 pmol/cell/day. It was also decided 
that Yz{_`j2ó

ë$ìzóë = 0, Y#$TTj2ó
ë$ìzóë = 0	 and 	Yz${$`ëj2ó

ë$ìzóë = 0. The target cell specific sugar consumption 
rates of glucose, mannose and galactose was designed as given in Table 5. 

Table 5: Target cell specific sugar consumption rates of glucose, mannose, galactose and 
total sugar, sum of glucose, mannose and galactose for the TAFE method 

 Glucose Mannose Galactose Total sugar 
 åz{_`j2ó

ë$ìzóë  å#$TTj2ó
ë$ìzóë  åz${$`ëj2ó

ë$ìzóë  å2_z$ì,ü
ë$ìzóë  

 Conditions pmol/(cell*day) pmol/(cell*day) pmol/(cell*day) pmol/(cell*day) 
1 1.2     1.2 
2 0.9   0.3 1.2 
3 0.8 0.4   1.2 
4 0.4 0.8   1.2 
5   1.2   1.2 
6   0.9 0.3 1.2 
7 0.45 0.45 0.3 1.2 
8 0.8     0.8 
9 0.4 0.4   0.8 

10   0.55 0.25 0.8 
 

The sugar concentrations fed to the cultures, Yz{_`j2ó]T 	, Y#$TTj2ó]T 	and Yz${$`ëj2ó]T 	 are listed in 
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Table 6. 
 
 
Table 6: Concentrations of the carbon sources in the feed media for the different perfusion 
conditions 

 Glucose  Mannose  Galactose  Total sugar 
 Yz{_`j2ó]T  Y#$TTj2ó]T 			 Yz${$`ëj2ó]T   

Conditions (mM) (mM) (mM) (mM) 

1 48 
  

48 

2 36 
 

12 48 

3 32 16 
 

48 

4 16 32 
 

48 

5 
 

48 
 

48 

6 
 

36 12 48 

7 18 18 12 48 

8 32 
  

32 

9 16 16 
 

32 

10   22 10 32 
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                                                         (A)                                                                                      (B) 

          
                                                         (C) 
 
Figure 20 Ten feeding strategies were performed in three different cultures operated in 
perfusion mode. Each culture condition was maintained for five to six days. The figure shows 
the viable cell density, viability and CSPR of the cultures.  
 

Since the available amount of sugars in the feed media were limiting, the concentration of each 
sugar in the bioreactor was nearly zero at steady state, thus the cells were forced to consume 
all the available carbon sources from the feed. In this way, the qglucose, qmannose and qgalactose were 
accurately controlled by manipulating the concentrations of the sugars in the feed media and 
the CSPR. For example, in the last feeding condition of the first perfusion, we successfully 
pushed the cells to consume a higher ratio of mannose than glucose when both were fed 
together, while this is difficult to achieve in batch cultures (Figure 21). Each feeding condition 
was maintained for five to six days to ensure that the old feed and products were washed out, 
and the cells and the process were at steady states in the new conditions. 
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                                                   (A)                                                                                        (B)                       

          
                                                     (C) 
 
Figure 21 Specific cell consumption or production rates of glucose, mannose, galactose, lactate 
and total carbon sources in the cultures. The positive values stand for consumption and 
negative values for production 
 

The targets å2_z$ì,ü
ë$ìzóë  were 1.2 pmol/cell/day in feeding condition 1 to 7, and 0.8 pmol/cell/day 

in condition 8 to 10, while the targets for the different sugars were varied. The total cell specific 
sugar consumption rates (total qsugar) for the first two perfusion cultures (Feeding condition 1 to 
7) were about 1.3 pmol/cell/day, and the consumption rates in the last culture (Feeding 
condition 8 to 10) were around 0.8 pmol/cell/day (Figure 22A). It is interesting to notice that 
when a higher total å2_z$ì,ü

ë$ìzóë  was available, the cells had a higher specific productivity of IgG 
(about 20 pg/cell/day), while when the total å2_z$ì,ü

ë$ìzóë  was lower, the cell specific productivity of 
IgG decreased to approximately 15 pg/cell/day.  

The glycosylation profiles varied with the different carbon feeding conditions (Figure 22C). A 
higher level of galactosylation (lower percentage of G0 level glycans and higher percentage of 
G1 and G2 level glycans) was observed in the feeding conditions with high sugar consumptions 
(Feeding condition 1 to 7). Furthermore, among the high sugar conditions, feeding galactose 
(Condition C2, C6 and C7) also led to higher proportions of G1 and G2 level glycans. 
Additionally, although very high percentage of glycans were fucosylated in all the feeding 
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conditions, the cultures with feeding mannose (Conditions C3, C4, C5, C6, C7, C9 and C10) 
showed slightly lower proportion of fucosylation.   

               
                                                           (A)                                                                                              (B) 
 

 
(C) 

 
Figure 22 Total cell specific consumption rates of all the sugars (A). Cell specific IgG productivity 
(B). Percentages of different glycosylation patterns (C) on the last two days of each condition. 
The G0 level glycoforms includes G0 and G0F, and the G1 level glycoforms contains G1 and G1F. 
The G2 level glycan patterns stand for G2 and G2F, and high mannose glycoform contains M5 
and M6.  
 

The Glycan Residues Balance Analysis was applied to model the impacts of different qsugar on 
the glycosylation for the perfusion cultures. Here, we explored GReBA modelling for experiment 
design, i.e. training the model to provide a feeding strategy to achieve a desired glycosylation 
profile. Multi rounds of leave one out cross validation (LOOCV) were performed to validate the 
experiment design capability of the model. Specifically, in each round, nine culture conditions 
were used for training the model, and then the model provided the estimated qglucose, qmannose 
and qgalactose, respectively q§•¶ß®©™™©´ , q¨≠ÆÆ®©™™©´  and q§≠•≠ß´®©™™©´ . The values of q§•¶ß®©™™©´ , q¨≠ÆÆ®©™™©´  and 
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q§≠•≠ß´®©™™©´ 	were compared to the experimental qglucose, qmannose and qgalactose, as shown in Figure 
23. It is important to notice that several different feeding strategies could lead to the same 
glycosylation profile, while the current model provided only one of the them. For instance, the 
estimated q©¶§≠Ø™©´  for condition 4 is actually close to qsugar of condition 3. This is because the 
glycosylation profile obtained from these two conditions are very similar.  

 
 

Figure 23 Feeding strategy calculated by the GReBA in a multi round of LOOCV, where the 
percentages of glycan residues were the model inputs and the cell specific consumption rates 
of sugars were the outputs. Nine of the ten culture conditions were sequentially used as 
training set while the tenth condition (given on x-axis) was used for validation. Representation 
of the cell specific sugar consumption rates estimated ('GReBA') by the GReBA model, 
q§•¶ß®©™™©´ , q¨≠ÆÆ®©™™©´  and q§≠•≠ß´®©™™©´ ,compared to the experimental values ('Exp') of these rates, 
qglucose, qmannose and qgalactose. 
 

Modelling the influence of galactose supplementation in the perfusion CHO cell cultures was 
conducted by Karst. D. J., et al. (Karst et al., 2017). In their experiments, both glucose and 
galactose were supplemented excessively, and the cell specific consumption for each sugar was 
not clear. Furthermore, different cell densities were tested under the same perfusion rate. The 
authors claimed that the cell density had an effect on the glycosylation. However, it is quite 
probable that this observed impact was caused by the different CSPR's leading to different 
concentrations of nutrients and by-products in the different conditions of the study, which 
further resulted in the changes of the glycosylation. In contrast, the sugar feeding strategies in 
our experiments were designed based on the cell specific consumptions, while the perfusion 
rate as well as the cell density were identical for all the conditions. This guaranteed that the 
feed of sugars was the only applied variation and the availability of other nutrients was well 
controlled. Furthermore, by limiting the feeding sugar availability, the cells were successfully 
pushed to consume the designed combinations of the sugars, i.e. glucose, mannose and 
galactose in the perfusion cultures. To our knowledge, it is the first report where the cells are 
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forced to consume a higher proportion of sugars with a low transport rate when both sugars 
with high and low transport rates are fed together. By feeding different total amount of sugars, 
the results also revealed that the glycosylation was not only affected by the type of carbon 
source, but also related to the cell specific consumptions.  

Most of the previous published glycosylation models were designed for cell engineering. For 
example, a Markov chain model was developed by Spahn. P.N., et al. (Spahn et al., 2017) to 
provide cell line modification strategies to achieve a desired glycoprofile. Here, beside the 
glycosylation prediction capacity, it was demonstrated that the GReBA could also be used as a 
tool for the feeding strategy design to achieve the desired glycosylation profiles. 
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2.7 Bayesian network approach for the glycosylation prediction – Paper IV 

In Section 2.6, the GReBA's capacity to model the glycosylation of cultures at steady states was 
shown. Different from steady state cultures, in batch or fed-batch cultures, several cultivation 
parameters, including the cell density, cell growth rate, IgG productivity, concentrations of 
carbon sources and by-products, are changing with time, and these factors have been all 
reported to have impacts on the glycosylation (Hutter et al., 2018; Karst et al., 2017; Sha et al., 
2016). In order to predict the glycosylation in batch and fed-batch cultures, a mathematical 
model based on a Bayesian network approach was developed. 

The Bayesian networks (BN) is widely used in a variety of fields including climate change and 
speech recognition (Darwiche, 2010; Marcot and Penman, 2019). The BN is a probabilistic 
graphic model (PGM). It calculates the posterior distribution of the target variables given the 
observed data and the prior distribution assumed. In this work, we present a Bayesian network-
based approach for the glycosylation prediction, and we apply this approach to pseudo-
perfusion (Case study 1), perfusion (Case study 2) and fed-batch (Case study 3) cell cultures. 

2.7.1 Theory of the Bayesian networks for the glycosylation 

Here, rather than using the kinetic modelling approach, we consider the glycosylation metabolic 
network as a Bayesian network, and the percentage of each measured glycoform in the 
network is viewed as the joint probability of the glycan secretion, which is influenced by the 
cultivation process parameters. Specifically, we consider each glycoform in the network as a 
critical node, where the glycan either move to the next critical node (evolve to the next 
glycoform) or is secreted out of the cell (Figure 24A). For example, at the node G0F (õlÅw), one 
part of G0F is secreted out from the Golgi, while the other part receives one galactose to 
become G1F (Figure 24B). The percentage of the secreted G0F is denoted B (õlÅw  =0), and the 
percentage of G0F evolving further is denote as B (õlÅw  =1), thus, 

B(õlÅw 		= 0) 	+ 	B(õlÅw 	= 1) = 	100%																																													(23) 

Similarly, a portion of G1F stops evolving and is secreted (reaction f19), while for the rest of G1F 
another galactose is added to become G2F (reaction f20). The conditional probability of 
secreted G1F, i.e. the proportion of secreted G1F at the critical node NG1F, is given by B(õlQw 	=
0|	õlÅw 	= 1) , and the conditional probability of evolving from G1F to G2F is B(õlQw 	=
1|	õlÅw 	= 1) . Based on the Bayes’ rule, the joint probability of G1F and G2F, i.e. the 
percentage of G1F and G2F measured in the glycoprofile, equal: 

B(õlÅw 	= 1,õlQw = 0) 	= 	B(õlQw 	= 0|	õlÅw 	= 1)	∗ 	B(õlÅw 	= 1)               (24) 

B(õlÅw 	= 1,õlQw = 1) 	= 	B(õlQw 	= 1|	õlÅw 	= 1)	∗ 	B(õlÅw 	= 1)               (25) 

The cultivation parameters, e.g. the concentration of carbon sources, are assumed to affect the 
glycan evolution probability at each critical node. Due to the discrete nature of the model 
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output, a sigmoid function is used to reflect how these culture parameters affect the 
probability of glycan evolution: 

B(õ = 4|	F) 	= 	 Q
Q)ó±(≤≥6é)

                                                                    (26) 

where õ = 4 is the switch towards secretion or evolution (4=0 represents secretion, 4=1 stands 
for evolution), F stands for a vector representing the culture conditions, for example pH and 
temperature. ¥ denotes a row vector weighting the influence of each cultivation parameters in 
F, and µ is the bias used for the correction of the predicted values.   

 
(A) 

                   
                                                  (B)                                                                               (C) 
 
Figure 24 (A) shows the simplified glycosylation network in the Golgi. The glycans in the Golgi 
are the critical nodes in the network. In each critical node, the glycan either evolves to the next 
glycoform (represented by solid line arrows) or stops evolving and is secreted out of the Golgi 
(represented by dash line arrows). “f” stands for the flux of each pathway. In (B), part of the 
G0F and G1F stop evolving and are secreted from the critical nodes, and the ratio between the 
evolving glycans and the secreted glycans is assumed to follow the sigmoid distribution. The 
fluxes of secreted glycans are observed, while the fluxes of the evolving glycans are 
unobserved. (C): When a critical node has more than one possible evolution pathway, in order 
to use the sigmoid distribution, we split the critical node into two so that each critical node has 
only two output pathways. 
 

It is noticeable that in the glycosylation network, there are some critical nodes with multiple 
evolution pathways. For instance, G0 can either add one galactose to be G1 or one fucose to be 
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G0F. In this case, we split the node into a secretion node and an evolution node (Figure 24C). 
The secretion G0F node links to the secretion pathway and the evolution node, while the 
evolution node links to the two possible evolving pathways. 

The weight (¥) and bias (µ) are the unknown parameters in the model, which can be estimated 
by minimizing the difference between the joint probability of the secreted glycans and their 
experimental values as 

¥,			µ = }!|∂4∑
																							∏,			í

π ∫ªJBc − \cJª
y
º

T

cûQ
                                             (27) 

where Bc is the joint probabilities of glycoform h (h=1,…,n). \c  denotes the measured percentage 
of glycoform h. The parameter values were identified by the function fminunc in the MATLAB.  

2.7.2 Modelling for pseudo perfusion cultures 

The experimental data of the pseudo perfusion cultures from Paper II were applied to validate 
the Bayesian network model, as case study 1. The concentrations of mannose and galactose, as 
well as the fluxes of IgG coming to each critical glycan node, were used as the input in this 
model. Thus, input FQ,] equals: 

FQ,]=	[	Y#$T,	Yz${,	æ]T,]]T	                                                        (28) 

where Y#$T and Yz${denote the average concentration of mannose and galactose during one 
day. æ]T,]  stands for the flux of IgG coming into each critical glycan node. The fluxes of secreted 
glycans 4 can be calculated as: 

æ2,] ,  =	å.zl	*	Ä!<]							                                                        (29) 

where å.zl  is the specific productivity of IgG and Ä!<]	is the fraction of the glycan 4. 

Take the secretion of G0F as an example and let us express it in two ways.  

æ2,lÅw ,	i.e. reaction f15 in Figure 24A, equals å.zl	multiplied by the percentage of measured G0F 
in the sample.  

æ15	=	å.zl	*	Ä!<lÅw										or 						Ä!<lÅw		=		
	^Q¡	
ï¬ôo

																																																																																		(30) 

Using equation 26, the conditional probability of G0F for secretion can be expressed as  

	B(õlÅw 	= 0	|	FQ,lÅw	) 	= 	
Q

Q)ó±(≤√ƒ,o≈∆6é)
																																																						(31) 

FQ,lÅw	is the input to the model at this node, which is	[	Y#$T,	Yz${,	æ]T,lÅw]T	.	

Since the fluxes coming to the node G0F are G0F-N (reaction f11) or G0 (reaction f12), so 
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æ]T,lÅw	=	æ11	+	æ12																																																																			(32)	

With Bayes’ theorem, the joint probability of glycans G0F to be secreted, which is the 
percentage of secreted G0F among all glycoforms, can be derived as  

B(õlÅw 	= 0, 	õlÅwkù 	= 1, 	õlÅ 	= 1		|	FQ,lÅw	) 	= 	
Q

Q)ó±(≤√ƒ,o≈∆6é)
∗ ( 	^QQ

ï.zl
+ 	^Qy	

ï.zl
)										(33)	

where 	õlÅwkù 	= 1 refers to the proportion of G0F-N becoming G0F, i.e. 	^QQ
ï.zl

, and 	õlÅ 	=

1		refers to the proportion of G0 evolving to G0F, i.e. 	^Qy
ï.zl

. Then the unknown parameters ¥ 
and  µ  are identified by minimizing the difference between Ä!<lÅw  given by eq 30 and 
B(õlÅw 	= 0, 	õlÅwkù 	= 1, 	õlÅ 	= 1		|	FQ,lÅw	) given by eq 33.  

Identical to the validation in Paper II, three culture conditions (15 mM mannose, 15 mM 
galactose, the combination of 15 mM mannose and 15 mM galactose) were used as the testing 
set to exam the predictive capacity of the model. After training by the data from the rest of the 
conditions, the model exhibited a satisfactory glycosylation prediction for the testing conditions 
with an absolute error lower than 1% for each glycoform (Figure 25). 

    
                                                (A)                                                                                           (B) 
  
Figure 25 Validation for the case study 1. Firstly, three culture conditions (feeding 15 mM 
mannose, 15 mM galactose and 15 mM of both sugars) were used as the testing set, and the 
model was trained with the rest of the culture conditions. (A) shows the results of this 
validation test. The solid bars are the experimental values and the patterned bars are the 
predictions. (B) is the absolute error of the prediction for each glycoform. 
 

2.7.3 Modelling for perfusion cultures 

As case study 2, the data of the perfusion cultures conducted by Hutter et al (Hutter et al., 
2018) were applied to further validate the modelling approach (Table 7). Different from the 
pseudo perfusion cultures, the impacts of several culture parameters on the glycosylation of 
IgG were investigated, including the viable cell density (VCD), perfusion rate (D), CSPR, the 
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concentration of glucose (Cglc), lactate (Clac), ammonium (Camm) and mAb (Cmab), the cell growth 
rate (µ) and the specific IgG productivity (qIgG). Since many culture parameters were potentially 
available for the input of the model, selecting all of them would have increased the number of 
unknown parameters and resulted in overfitting. Therefore, a parameter selection was 
necessary to reduce the dimension of the inputs. This was addressed by two data reduction 
approaches, the Pearson correlation analysis and the feature importance selection, as well as 
by principal component analysis (PCA). The Pearson correlation coefficients reflect linear 
relationships, and the feature importance of the decision trees can reflect the non-linear 
relationships between parameters, so that only the inputs with close relationship to the 
outputs are selected. PCA is another approach for data dimensionality reduction. It represents 
data into a lower dimensional space by maximizing the variance of the data in a low 
dimensional representation. 

  Table 7 The feeding conditions of the pseudo perfusion 
VCD (MVC/mL) D (RV/Day) 

20 1 

20 0.7 

20 2 

40 2 

30 1.5 

30 1 

10 1 
 

Firstly, a Pearson correlation analysis and a feature importance selection approach were 
employed to identify the cultivation parameters, which are the most related to the 
glycosylation (Figure 26). qIgG, Cglc, VCD and CSPR showed largest impacts on the glycosylation 
with both methods. The impact of VCD was correlated to the CSPR in perfusion, so it was 
removed from the selection. Finally, Y+B\,	Yz{` 	and the coming fluxes to each critical node 
were selected as model input: 

Fy,]=	[	Y+B\,	Yz{` 	,	æ]T,]]T                                                   (34) 
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                                            (A)                                                                                              (B) 

                
Figure26 Pearson linear correlations (A) and feature importance (B) of the cultivation 
parameters to the glycosylation in case study 2.  

 
In an attempt to keep more information, a PCA was used as an alternative way for the 
dimension reduction. The input matrix was carried out by the PCA and the two eigenvectors 
(»…1 and »…2) with the highest eigenvalues as well as the coming in flux to the critical nodes, 
were used as inputs:  

F¢,]=	[	»…1,	»…2,	æ]T,]]T                                                      (35) 

 

 
 
Figure 27 Comparison of the validation absolute errors between using feature selection and 
PCA for the input dimension reduction. 

To validate the model, the data from the perfusion culture with cell density of 30 MVC/mL and 
perfusion rate of 1.5 bioreactor volume per day were used as testing set and the data from the 
rest of the perfusion conditions were used as training set. As shown in the Figure 27, the 
glycoprofile prediction with the PCA dimension reduction gave a significantly smaller error (with 
the largest absolute error of 0.5%) compared to the prediction using a feature selection (with 
the largest absolute error of about 2.1%). This was probably due to the fact that more 
information of the inputs was retained for the prediction after the dimension reduction. 
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2.7.4 Modelling for fed-batch cultures 

In order to explore the application of the Bayesian network model to the dynamic cultivation 
mode, two fed-batch cultures were performed with feeding glucose or glucose together with 
galactose as energy sources (Figure 28) for the case study 3. Sugar free media was fed from day 
2 to day 8, and glucose or galactose were fed when it was depleted. Different from perfusion 
cultures, in fed-batch cultures, the cell density, cell growth rate, IgG productivity, 
concentrations of carbon sources, lactate, NH4 are all changing the time. To model the dynamic 
culture, we used the pseudo steady state assumption (Hutter et al., 2017), which divided the 
dynamic culture into several short terms and allowed to assume that the culture conditions 
were constant during each short term. In this case, the average values of the culture 
parameters of each day were used as culture conditions at each pseudo steady state. The 
dimension of the condition matrix which contains pH, the concentrations of glucose, galactose, 
lactate and NH4, cell growth rate, the cell density, the cell specific consumptions rates of 
glucose and galactose, and the cell specific productivities of IgG and lactate, was minimized by 
PCA. PCA was selected since it provided a superior model quality in case study 2. The first two 
principle components, as well as the flux of the critical nodes were used as inputs of the model. 

 

 
Figure 28 Cell density (A), glucose (B), galactose (C) concentrations and cell viability (D) of the 
fed batch culture. 
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Since the culture conditions were duplicated, the model was validated by cross validation of 
both duplicates. The predicted data were compared with the experimental values. The model 
gave quite accurate glycoprofile predictions with the largest absolute error of 5.6% (Figure 29). 

 

  
(A) 

 

 
 (B) 

 
Figure 29 Cross validation of the probabilistic graphic model for two fed batch cultures. Either 
duplicate 1 (A) or duplicate 2 (B) were used as testing set after training of the model using the 
data of the other duplicates. The solid bars stand for the percentages of glycosylation patterns 
from the experiments, and the patterned bars correspond to the glycoforms predicted by the 
model.  
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2.7.5 Discussion about the Bayesian network model 

The validation tests demonstrated the glycosylation prediction capacity of the model, indicating 
that there is a potential for the model to be used for the upstream process design to achieve 
desired glycoprofiles. Nowadays, some black-box models such as artificial neural networks or 
polynomial regression models are used for the bioprocess development. However, without 
including the metabolism of cells, these black-box model normally cannot include a mechanistic 
explanation about how the process conditions affect the performances. On the contrary, the 
Bayesian network is built on the glycosylation network in the Golgi. This approach enables us to 
calculate the impacts of the cultivation process parameters on the fluxes of each reaction in the 
network by probabilistic interpretations of the glycosylation evolution process. In fed-batch 
cultures, due to the continuous consumption of nutrients and accumulation of by-products, the 
glycosylation changes with time throughout the cultivation. A pseudo steady state assumption 
is employed in the model for the prediction of glycosylation change with time. Currently, in 
order to lower the complexity of the model, the network only includes the common glycoforms, 
while the network could easily be extended for the more complex glycan patterns if necessary, 
for example the sialylated glycans.  
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3 Conclusions 
Glycosylation is a common post-translational modification of glycoproteins produced by 
mammalian cells. As key quality attribute of therapeutic mAbs, the glycan patterns have large 
influences on the mAbs half-life and immunological activities, e.g. ADCC and CDC. Control of the 
glycosylation profile is critical in manufacturing. A series of studies have reported that the 
glycosylation of mAbs can be affected by a variety of process parameters, such as pH, 
temperature, media components, etc. The traditional process optimization relies on substantial 
laboratory efforts, and is costly in terms of labors and resources, especially for the glycosylation 
profile, which is very complex. Based on the calculation of metabolic fluxes and cellular reaction 
rates, systematic approach using mathematical modelling clearers our understanding of cell 
metabolism, and provides better strategies for cell engineering and cultivation process design. 
This thesis focuses on the control of the glycosylation of mAbs by the manipulation of sugars in 
the culture media with support of mathematical modelling. 

A number of articles have reported the effects of different carbon sources on the glycosylation 
in mammalian cell cultures. In most of these studies, due to the low consumption efficiency, the 
alternative sugars were fed together with glucose to support the cell health. However, the 
effects of alternative sugars have been hampered by glucose feeding, since when both glucose 
and another sugar are available, the cells normally consume very high proportion of glucose 
and very small ratio of alternative sugars. In order to investigate the impacts of alternative 
sugars on the glycosylation without the influence of glucose, and at the same time maintaining 
the cell health, in Paper I, the sugars, including mannose, galactose, fructose and fucose, were 
fed in the culture when glucose was depleted and high concentration of lactate had been 
accumulated. When the lower consumption of alternative sugars could not satisfy the cells 
need, lactate was used as the complements of carbon source. Different sugars showed different 
impacts on the glycosylation, but the results revealed that the complexity of glycosylation is not 
only related to the kind of sugars fed in the culture, but is influenced by the cell specific 
consumptions of the sugars. Due to their relatively high consumption rates, the results 
indicated that mannose and galactose could be used as alternative carbon source for the 
regulation of glycosylation in cell cultures.  

In the past two decades, a series of mathematical modelling for the glycosylation have been 
developed. However, most of these models have focused on the influences of relevant enzyme 
activities on the glycosylation, and very few are able to relate the glycosylation to the 
extracellular culture environment. Furthermore, these detailed kinetic models usually contain a 
large number of unknown parameters and partial differential equations, which limit their 
practical applications. In Paper II, based on the mass balance between the carbon sources and 
the glycan residues, Glycan Residue Balance Analysis was developed, and showed a good 
prediction capacity of the glycoprofile by using the concentration of sugars in the media as 
inputs. In addition, the use of the EFM concept significantly reduced the number of unknown 
parameters and simplified the structure of the model, which allowed parameters identification 
using fewer data points. Currently, although the model only focuses on the effects of sugars on 
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the glycosylation, the influences of other substrates, such as glucosamine, GlcNAc, can also be 
included in the model with the similar approach as glucose or mannose. In future work, the 
impacts of glycosylation enzyme cofactors on the glycoprofile, e.g. manganese, can also be 
added in the GReBA.    

Instead of using the culture conditions as input for the prediction of the glycosylation profiles, 
in Paper III, the GReBA model was explored to provide the feeding strategy of perfusion 
cultures to obtain a desired glycoprofile. To our knowledge, it is the first time that a 
mathematical model was used to design a process providing a given the glycosylation. 
Additionally, in Paper II, a variety of combinations of mannose and galactose with different 
concentrations were tested in pseudo perfusion cultures to explore the impacts on the 
glycosylation. However, the results showed that the cell specific consumption rates of mannose 
and galactose did not significantly change by altering the concentrations and the proportions of 
these two sugars. Since the cells always give priority to the sugar with a higher consumption 
efficiency when several sugars are available, this has limited the range of glycoprofile that we 
could regulate with this approach. To address this issue, in Paper III, a perfusion system was 
used. By designing a targeted feeding strategy of the different sugars in the feed media, the 
cells were forced to consume the sugars at designed cell specific consumption rates. For 
example, in the defined feeding conditions, the cells were successfully pushed to consume a 
higher amount of mannose than glucose, which is difficult to obtain in batch cultures. 

Modelling cultures in steady states is generally relatively easier than in dynamic systems 
because the culture can be controlled by a small number of variables, for instance the 
concentration of fed carbon source. However, in batch or fed-batch cultures, multiple factors 
such as the concentration of nutrients and the accumulation of the by-products constantly 
change during the culture and these factors can also affect the glycosylation. In Paper IV, the 
glycosylation network was considered using a Bayesian network approach, with activation 
according to a sigmoid function. The Bayesian network model was able to simulate the 
influences of multiple factors on the glycosylation, e.g. productivity, perfusion rate and 
concentration of by-products. To avoid overfitting, the PCA was performed for the reduction of 
the dimension of the inputs. Future work could target to further lower the complexity of the 
model by eliminating the unknown parameters with low sensitivity to the inputs. In addition, by 
employing a pseudo steady state assumption, the model was able to predict the glycosylation 
changes with time in fed-batch cultures. As alternative option, methods such as Genetic 
Algorithm (GA) could be explored to look at a global optimization for the parameter 
identification in future studies.   

In this thesis, by changing the combinations and concentrations of carbon sources, different 
feeding strategies showed various effects on the glycosylation in fed-batch, pseudo perfusion 
and perfusion cell cultures. However, the range of glycoprofiles that was achieved was limited. 
For instance, in this study, the fucosylation of IgG was always over 90% and the percentage of 
G2F was never higher than 20%. This demonstrates that only manipulating the carbon sources 
in the media and the feeding is not enough to obtain all kinds of glycoprofiles that one could 
desire. Cell engineering or exploration of other media components, e.g. the inhibition factors of 
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the related enzymes as well as physical factors such as pH, temperature, might be necessary to 
achieve other glycosylation profiles.  

Concerning the GReBA and BN models, in order to reduce the number of unknown parameters 
of the models and simplify their structures, both models only include the most common glycan 
patterns. However, it is easy to extend the categories of glycoforms in the model if required, for 
instance, to model the sialylation in case sialic acid is present in the glycans.  

Although considering the reactions at a macroscopic level, the GReBA is a mechanistic model. It 
calculates the fluxes of glycosylation reactions by Michaelis-Menten equations, able to 
represent how different substrates affect the enzymatic reactions from the identified kinetics. 
In our work, this approach did not include the effects of other culture parameters on the 
glycosylation. These could be included in the future in the Michaelis-Menten models although 
not with an explicit mechanistic relationship but rather like a supplementary effect. On the 
other hand, it is probable that the GReBA model will need to be modified for its application in 
dynamic cultures. 

The BN model considers the evolution of glycans with a probabilistic view including the effect of 
the culture conditions. The glycosylation maturation is included in the model, so this is not a 
purely back box model. However, the impacts of the different parameters on the glycosylation 
are taken account without explicit mechanistic relationship and therefore have a black box 
character. An advantage of the BN model is to enable applications for both steady state or 
dynamic cultures.   

The accuracy of both models was very good and both models could be used for prediction, and 
thus as process optimization tools. It can be recommended to use the GReBA model for the 
optimization of the glycosylation by regulating the carbon sources in steady state cultures. On 
the other hand, BN modelling will be applicable for the glycosylation prediction in dynamic 
cultures where multiple components, which have impacts on the product glycosylation, change 
with time. 

In summary, manipulation of sugars in media showed a capacity to control the glycosylation 
even in case of co-feeding with glucose. Two mathematical models GReBA and Bayesian 
network were developed in this thesis for the glycoprofile prediction as well as a feeding 
strategy design for the production of glycoproteins in mammalian cell cultures. Impacts of other 
supplements, such as metals or uridine, should be further exploited as well and included in our 
models to provide a better control of the glycosylation for the future studies.  
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