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Abbreviations 
 

ANN artificial neural network 

CHO Chinese hamster ovary 

COVID-19 coronavirus disease of 2019 

CV coefficient of variation 

CVA16 coxsackievirus A16 

CVA6 coxsackievirus A6 

dsDNA double stranded DNA 
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EMA European Medicines Agency 

EVA71 Enterovirus A71 

FBA flux balance analysis 

FDA Food and Drug Administration 

GMP Good Manufacturing Practice 

GP gaussian process 

GSK GlaxoSmithKline 

HFMD hand foot and mouth disease 

LDH lactate dehydrogenase 

mAb monoclonal antibody 

MC Monte Carlo 

MDCK Madin-Darby canine kidney 

MERS-coronavirus 
Middle East respiratory syndrome 

coronavirus 

MFA metabolic flux analysis 

NTPs nucleoside triphosphates 

PAT process analytical technology 

PCA principal component analysis 

PLS partial least squares 

PTM post-translational modification 
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SARS-CoV-2 
Severe acute respiratory syndrome 

coronavirus 2 

STR stirred tank bioreactor 

SVM support vector machine 

VLP virus-like particle 
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𝑞!"",2.45 specific ammonia production rate at pH of 6.75 
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𝑞)*$ specific lactate uptake rate (mol cell-1 h-1) 
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𝑞8)9 specific intracellular VLP accumulation rate (g 

cell-1 h-1) 

𝑟 intrinsic growth rate (h-1) 

𝑟"*7 maximum intrinsic growth rate (h-1) 

t time (h) 

𝑉 working volume (L) 
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𝑉𝐿𝑃/(;%* intracellular VLP content (g cell-1) 
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𝑋- dead cell density (cells L-1) 

𝑋' lysed cell density (cells L-1) 

𝑋; total cell density (cells L-1) 

𝑋;,"*7 maximum total cell density (cells L-1) 

𝑋< viable cell density (cells L-1) 

𝑌!""/&'( yield coefficient of ammonia production to 
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𝑌)*$/&'$ yield coefficient of lactate production to glucose 

uptake (-) 

𝑌>#/!"" yield coefficient of cell proliferation to ammonia 
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1. Chapter 1: Introduction 
 

1.1. Hand foot and mouth disease (HFMD) 

 

1.1.1. Overview of HFMD 

 

    Hand foot and mouth disease (HFMD) is an infectious illness caused by enterovirus, which is a 

non-enveloped virus. It can be transmitted in multiple ways such as contact with the feces of an 

infected person (Takahashi et al., 2016). HFMD commonly occurs in children and the symptoms 

of it are usually mild including fever and rashes as shown in Figure 1 (Aswathyraj et al., 2016). It 

is a self-limiting disease and can be recovered within a few days without any treatment. However, 

in some patients, severe complications may happen and even lead to death. 

 
 

Figure 1: Sketch of rashes on a hand caused by HFMD 

 

1.1.2. Outbreaks of HFMD 
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    Many outbreaks of HFMD have been reported worldwide since 1970s (Aswathyraj et al., 2016). 

For example, two outbreaks were reported in Australia and Japan in 1973 (Ishimaru et al., 1980; 

Kennett et al., 1974). In recent years, small and large pandemics of HFMD were also found in 

Singapore, China, France, and USA (J. Hong et al., 2022; Kimmis et al., 2018; Mirand et al., 2021; 

Wu et al., 2010). Between 2008 and 2014, over 10 million cases of HFMD were reported by China 

with around 3000 deaths and a death rate of 0.03% (Esposito and Principi, 2018). Therefore, this 

disease poses a problem to public health.  

 

1.1.3. Serotypes of the pathogen 

 

    In the enterovirus family, there are a few serotypes that are typically responsible for the 

outbreaks of HFMD. Enterovirus A71 (EVA71) is one of the famous pathogens that can cause 

HFMD and the first report of it can date back to 1969 in California, USA (Puenpa et al., 2019). 

EV71 still accounts for some outbreaks in recent decades. For example, about 120 cases of HFMD 

caused by EVA71 were identified by a 5-month investigation in 2013 in Sydney, Australia (Zander 

et al., 2014). Coxsackievirus A16 (CVA16) is another important agent of HFMD. A number of 

countries including Japan, Vietnam, Thailand, Singapore, and China have reported outbreaks due 

to CVA16 (Mao et al., 2014).  

 

    In addition to the two aforementioned serotypes, coxsackievirus A6 (CVA6) also plays a 

significant role in the HFMD and it is gaining more attention in recent years for several reasons. 

The incidence rate of HFMD caused by CVA6 increased resulting that CVA6 becomes a major 

pathogen of the HFMD (Kimmis et al., 2018). Besides, the course of HFMD associated with CVA6 

is more severe and CVA6 is capable of causing HFMD among adults (Ramirez-Fort et al., 2014). 

Besides, other serotypes such as coxsackievirus A4, A10, and A16 also exist and account for some 

cases of HFMD.  

 

1.1.4. Treatment and prevention measures 

 

    Currently, there is no specific treatment for HFMD. As a preventive measure, the vaccine is a 

promising method to fight against HFMD. An EVA71 vaccine was developed and launched in 



Chapter 1: Introduction 

 11 

China since 2016 which is the only vaccine available in the world and resulted in better control of 

HFMD in China (J. Hong et al., 2022). However, this vaccine failed to provide cross-protection 

against other serotypes (Takahashi et al., 2016). Therefore, vaccines targeting other serotypes of 

enterovirus are still needed in order to achieve a better control of HFMD.  

 

1.2. Vaccines 

 

1.2.1. Overview of vaccines 

 

    Vaccines are biological preparations that are administered into the body in order to prevent 

specific diseases. After the vaccination, they help the body to generate immunity in case of 

exposure to the real pathogen in the future. The vaccine has a history of over 200 years. Edward 

Jenner inoculated an 8-year-old boy in May 1796, which is known as the first inoculation of a 

vaccine (Riedel, 2005). In the 19th and 20th centuries, numerous human vaccines were developed 

targeting different diseases such as influenza, yellow fever, and hepatitis A (Plotkin, 2014). In the 

21st century, vaccines are still playing important roles in fighting against infectious diseases. Most 

recently, billions of people were vaccinated during the pandemic of coronavirus disease of 2019 

(COVID-19) and better control of the disease was achieved. Therefore, vaccines are still of great 

importance for the public health.  

 

1.2.2. Types of vaccines 

 

    In the early stage of vaccine development, live attenuated or inactivated viruses were commonly 

used as vaccines. With the development of technology, several other types of vaccines were 

invented. As shown in Figure 2, there are different types of vaccines available now including live 

attenuated/inactivated vaccine, viral vector vaccine, subunit vaccine, and nucleic acid vaccine 

(DNA/RNA). In addition, some examples of these vaccines are listed in Table 1 below as well as 

other information about them such as targeting disease and production system. For example, YF-

VAX® is a live attenuated vaccine targeting yellow fewer produced by Sanofi. These vaccines can 

protect humans from infectious diseases by triggering immune responses through similar or 

different mechanisms.  
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Figure 2: Different types of vaccines. (a) Live attenuated/inactivated vaccine. (b) Viral vector 

vaccine. (c) Subunit vaccine. (d) Nucleic acid vaccine (DNA/RNA vaccine) 

 

Table 1: Examples of different types of vaccine and corresponding information. 

Vaccine name Type of vaccine 
Targeting 

disease 
Production system Manufacturer 

YF-VAX® 
live attenuated 

vaccine 
yellow fewer chicken embryo Sanofi 

Optaflu® 
inactivated 

vaccine 
influenza 

Madin-Darby canine 

kidney (MDCK) cell 
Novartis 

Ervebo® 
viral vector 

vaccine 
Ebola Vero cell 

Merck Sharp & 

Dohme Corp. 

HEPLISAV-B® subunit vaccine Hepatitis B yeast cell Dynavax 

Comirnaty® 
mRNA (nucleic 

acid vaccine) 
COVID 19 in vitro transcription 

BioNTech & 

Pfizer 

 

1.2.2.1. Live attenuated/inactivated vaccine 
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    Live attenuated vaccines use live viruses that have been attenuated to prevent them from causing 

diseases. Similarly, inactivated vaccines avoid the risk of causing diseases by killing viruses with 

chemical or physical methods. These types of vaccines have been used for a relatively long time 

compared with others.  

 

    An advantage of live attenuated and inactivated vaccines is that they can trigger the immune 

response which is similar to the one triggered by natural infection. Compared with live attenuated 

vaccines, inactivated vaccines cannot provide strong protection and therefore usually require 

adjuvant or multiple doses. Another drawback of inactivated vaccines is the risk of incomplete 

inactivation that might cause diseases in patients. In spite of these drawbacks, inactivated vaccines 

are still popular. For example, BBIBP-CorV, which is an inactivated vaccine against severe acute 

respiratory syndrome coronavirus 2 (SARS-CoV-2) produced by Sinopharm, has been shown to 

be effective in preventing infection and death caused by COVID-19 (Rearte et al., 2022). 

 

1.2.2.2. Viral vector vaccine 

 

    Instead of using the original pathogen, an additional virus encoding target antigen is used as a 

viral vector vaccine. A wide range of viruses including adenoviruses, lentiviruses, and poxviruses 

were genetically engineered to work as viral vector vaccines.  

 

    The viral vector used for expressing antigen can be either non-replicable or replicable but low-

pathogenic. Both replicable and non-replicable viral vector vaccines can induce strong 

immunogenicity (Travieso et al., 2022). In terms of replicable viral vector vaccines, since viral 

vectors can replicate spontaneously, they require less dosage and can trigger immune responses 

lasting for a longer time. The gene of viral vectors can be modified to be replication-deficient 

resulting in non-replicable viral vectors. Compared with replicable viral vector vaccines, non-

replicable viral vector vaccines are generally safer. During the pandemic of COVID 19, Oxford 

and AstraZeneca codeveloped AZD1222 which is a viral vector vaccine using a non-replicable 

viral vector (chimpanzee adenovirus).  
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1.2.2.3. Subunit vaccine 

 

    Subunit vaccines, as indicated by the name, only contain subunits of viruses such as purified 

antigens alone instead of whole pathogens. The immune response can be triggered by subunit 

vaccines as well depending on the antigen used (Vartak and Sucheck, 2016).  

 

    Virus-like particle (VLP) vaccines are another example of the subunit vaccine. As shown by 

Figure 2(c), VLP vaccines resemble the protein coats of specific viruses without containing the 

genetic substance. They are able to trigger both humoral and cellular immune responses 

(Fuenmayor et al., 2017). This type of vaccine is generally safer than others since it is deficient in 

genetic material. There are several VLP vaccines that have been approved such as Cervarix® and 

MosquirixTM, while some other candidates are undergoing different phases of clinical trials 

(Nooraei et al., 2021). Therefore, VLP vaccines provide another promising choice for vaccine 

production.  

 

1.2.2.4. Nucleic acid vaccine (DNA/RNA vaccine) 

 

    The mechanism of inducing immune responses by DNA and RNA vaccines is different from 

the aforementioned vaccines. As genetic materials, DNA and RNA carrying genetic information 

of specific antigens are administered so that antigens can be produced by cells. As a result, the 

immune response can be triggered.  

 

    Message RNA (mRNA) vaccines have played a key role in the war against SARS-CoV-2. 

BNT162b2 and mRNA-1273, which are two mRNA vaccines produced by Pfizer-BioNTech and 

Moderna respectively, have over 77% effectiveness against symptomatic infections caused by 

SARS-CoV-2 (Chuenkitmongkol et al., 2022).  

 

    In contrast to the success of mRNA vaccines, there is no DNA vaccine approved by regulatory 

agencies at present. However, many candidates of DNA vaccine are undergoing different clinical 

trial phases (Gary and Weiner, 2020). Compared with mRNA vaccines, DNA vaccines have the 
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advantage in ease of storage and transportation because mRNA is easy to be degraded while DNA 

is relatively stable due to its double helix structure.  

 

1.2.3. Production of vaccines 

 

    Conventionally, vaccines are manufactured using an egg-based production process. In recent 

years, there has been a transition from egg-based production to cell-based production or even cell-

free (in vitro transcription for mRNA) production process. These manufacturing processes have 

their own benefits, limitations, and challenges which are discussed in the following section.  

 

1.2.3.1. Egg-based production 

 

    In egg-based production, fertilized hens’ eggs are inoculated with live viruses so that viruses 

can replicate during embryo development. It was the most common method in the past. The 

production process has been optimized for decades. Therefore, egg-based production has a higher 

downstream yield compared with cell-based production.  

 

    On the other hand, there are also some limitations of egg-based vaccine production. The 

efficiency of egg-based production is low and sometimes it may need 2 eggs for one dose of 

vaccine (Tree et al., 2001). Since a large number of eggs are required, the egg supply has to be 

carefully planned and guaranteed in advance, which might take a few months for preparation. 

Besides, when a pandemic happens, egg-based production is unsatisfactory to meet the demand 

for vaccines. Other limitations of egg-based production include inevitable contamination due to 

the nature of eggs as well as risk for egg allergy patients (Hütter et al., 2013). 

 

1.2.3.2. Cell-based production 

 

    Instead of inoculating viruses to eggs, the cell-based process produces vaccines by either 

inoculating cells or expressing subunits of viruses with cells that are genetically modified. 

Compared with the egg-based production process, cultivating well-characterized cell lines with 

chemically defined media improves the batch-to-batch consistency of the product and reduces the 
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risk of contamination. Cell-based vaccine production also allows a faster response to pandemics. 

Various types of cells can be used for vaccine production and are discussed as follows.  

 

1.2.3.2.1. Microbial expression system 

 

    Microorganisms such as E. coli and yeast are preferable choices for biopharmaceutical 

production. Some of the subunit vaccines are produced by the microbial system. For instance, an 

E. coli-derived VLP vaccine was developed targeting hepatitis E (Li et al., 2015). Besides, yeast 

is also capable of producing the VLP vaccine, which makes it a popular workhorse for the 

expression of various antigens to assemble subunit vaccines such as hepatitis B virus (HBV) and 

Human papillomavirus (HPV) (Roohvand et al., 2017).  

 

    Microorganisms have several features that are favorable for the expression of vaccines including 

fast-growing, lower cost, and high yield.  Besides, the production process is easy to scale up. 

However, due to their relatively simple structure, they are not capable of performing complex post-

translational modifications (PTMs) which limits the types of vaccines that can be produced by 

them.  

 

1.2.3.2.2. Baculovirus-insect cell expression system 

 

    Baculovirus-insect cell expression system is another choice of vaccine production mainly for 

manufacturing VLP vaccines. Briefly, recombinant baculoviruses are constructed to carry the 

genes of interest (GOI) and subsequently utilized to infect insect cells so that VLPs can be 

harvested by the end of cell culture.  

 

    An advantage of baculovirus is its large genome size, which allows the insertion of large 

amounts of foreign genes (Van Oers, 2006). The baculovirus-insect production process also shows 

a few desired features for commercial manufacturing such as scalability and low cost (Felberbaum, 

2015). However, PTMs such as glycosylation and phosphorylation produced by this platform can 

be different from those produced in mammalian cells (Brooks, 2004). In spite of the drawback, 

there are still many VLP vaccine candidates produced by the baculovirus-insect platform that are 
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undergoing different phases of clinical trials, and some of them have already been approved 

(Contreras-Gómez et al., 2014).  

 

1.2.3.2.3. Mammalian cell-based production system 

 

    Mammalian cells are prevalent options for the production of biopharmaceuticals because they 

are capable of performing complex PTMs. In the vaccine production, mammalian cells are also 

used. They can be host cells for virus infection and replication. In addition, they can also work as 

an expression platform to express antigens or VLPs that require complex PTMs. However, 

compared with other production systems, mammalian cells are characterized as slow-growing and 

the culture media is more expensive. In addition, the scale-up of their production process is 

challenging as well. Therefore, the process development of mammalian cell-based vaccine 

production is more time-consuming, expensive, and difficult.  

 

    As listed in Table 1, MDCK and Vero cells are used for the production of influenza and Ebola 

vaccines respectively. They are two prevalent mammalian host cells for vaccine production. Virus 

isolates from MDCK and Vero cell cultures are able to meet the many requirements including 

antigenic and genetic stability after several passages as well as high titer (Donis et al., 2014). In 

addition to MDCK and Vero cells, Chinese hamster ovary (CHO) cells are another important cell 

line, which will be introduced in detail in the later part. They can also be used for the expression 

of vaccines such as VLPs.  

 

1.2.3.3. Cell-free production (in vitro transcription) 

 

    In vitro transcription is used for the upstream production of mRNA vaccines without the 

involvement of cells. As shown in Figure 3 below, similar to the large-scale cell culture, 

bioreactors are applied for conducting in vitro transcription. DNA and nucleoside triphosphates 

(NTPs) work as templates and substrates respectively while the reaction is catalyzed by RNA 

polymerase. Other process parameters such as temperature, pH, and cofactor need to be optimized 

and controlled as well.  
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    Capping for the 5’ terminal of the mRNA after transcription is an important modification 

because it can initiate translation (Rosa et al., 2021). It can be done with the help of a commercial 

capping reagent CleanCap® or through an enzymatic reaction using the vaccinia capping system 

(Shuman, 2015).  

 

 
Figure 3: In vitro transcription for the mRNA vaccine production. 

    Two of the main advantage of mRNA vaccines is the low cost of their production and short 

process duration. In terms of upstream processing, raw materials for in vitro transcription are much 

cheaper than that of cell culture which uses media containing many components for the nutrient 

supplement of cells. Besides, the process control and scale-up are easier to achieve because the 

process is free of cells. In addition, the upstream production of mRNA only takes a few hours 

while it might take several weeks for a batch of mammalian cell culture. According to the 

estimation of Kis et al. (2020), the production scale of mRNA vaccines required to meet the global 

demand for COVID-19 vaccination is substantially smaller than that of conventional vaccines. 

Meanwhile, downstream processing can also benefit from the cell-free manner. There is no need 

to remove host cell proteins that generate a great burden for downstream purification.  
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    The main challenge of mRNA vaccine production also comes from downstream. The delivery 

of mRNA vaccines mainly depends on lipid nanoparticles (LNPs), which generate an additional 

unit operation LNP encapsulation formulation in the downstream process. This unit operation is 

still not cost-effective and needs to be optimized at present (Rosa et al., 2021). 

 

1.3. Chinese hamster ovary (CHO) cell line 

 

1.3.1. General information of CHO cell 

 

    Chinese hamster ovary (CHO) cells, as indicated by their name, were derived from the ovary of 

a Chinese hamster in the late 1950s (Wurm and Wurm, 2021). They have become the dominant 

workhorse for the production of biopharmaceuticals since the 1980s when suspension culture of 

immortalized mammalian cells with large-scale bioreactors started to be used (Wurm and De Jesus, 

2016).  

 

    As shown by Figure 4, between 1987 and 2021, CHO cell lines are responsible for 81% of 

approved biopharmaceuticals that are produced by mammalian cells (Al-Majmaie et al., 2021). 

Compared with CHO cell lines, other cell lines only account for a small amount of 

biopharmaceuticals. For example, HEK293, a cell line derived from humans, only occupies 2% of 

the approved biopharmaceuticals. Currently, there are several well-established CHO cell lines 

available such as CHO-S, CHO-K1, and CHO-DG44.  
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Figure 4: Percentage of various types of commercially used mammalian cell lines from 1987 to 

2021 based on Al-Majmaie et al. (2021) 

 

    Monoclonal antibodies (mAbs) are one of the most important biopharmaceutical products. The 

market size of mAbs increased dramatically in recent decades. The market size was around $0.25 

billion in 1997 initially while it is predicted to be $300 billion by 2025 (El Abd et al., 2022). CHO 

cells are also responsible for the production of mAbs.  

 

    More concretely, Table 2 shows a few examples of the mAbs produced by CHO cells 

(information from the European Medicines Agency (EMA) and the United States Food and Drug 

Administration (FDA)). Numerous diseases can be treated with mAbs. For instance, Trastuzumab 

is a humanized IgG1 that can be used for the treatment of metastatic breast cancer whose tumor 

overexpresses human epidermal growth factor receptor 2 (HER2).  

 

    In addition to the production of mAbs, CHO cells can also be applied for the production of 

recombinant proteins for other purposes. For example, Nyon et al. (2018) established a stable CHO 

cell line expressing the antigen of Middle East respiratory syndrome coronavirus (MERS-

coronavirus) that can work as a subunit vaccine. Therefore, CHO cells are versatile production 

platforms for the biopharmaceutical industry.  
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Table 2: Examples of mAbs produced by CHO cells. 

Product name Targeting disease Manufacturer 

Brodalumab Moderate to severe plaque psoriasis AstraZeneca 

Mepolizumab 

Severe eosinophilic asthma, 

hypereosinophilic syndrome and 

Churg-Strauss Syndrome 

GlaxoSmithKline (GSK) 

Trastuzumab 
HER2-positive metastatic breast 

cancer 
Roche 

Vedolizumab Ulcerative colitis and Crohn’s Disease Takeda Pharma 

 

    Besides, CHO cells have the potential to express VLP vaccines as well because VLPs are also 

a form of recombinant proteins. However, reports of producing VLP vaccines using CHO cell 

culture are still deficient. 

 

1.3.2. Advantages of CHO cell lines 

 

    CHO cell lines have many advantages over other expression platforms, which makes them the 

most favorable choice in the commercial production of biopharmaceutical products. These 

advantages will be discussed in the following section.  

 

    One of the main benefits of using CHO cells is their ability to grow in chemically defined serum-

free media (Bandaranayake and Almo, 2014). Since the media is chemically defined, the batch-to-

batch variation of raw materials can be reduced and therefore enable higher batch-to-batch 

consistency of the product. Besides, serum-free media also outperforms serum-containing media 

by reducing the burden of downstream purification because there are more components such as 

proteins in the serum that need to be removed during purification steps. Serum-free media is also 

favorable for regulatory agencies as no unknown material is contained (Lai et al., 2013).  
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    Another advantage of CHO cells is their ability to adapt to suspension culture. Generally, there 

are two types of cell culture, namely adherent culture and suspension culture. Adherent culture 

refers to the cultivation in which cells attach to the surface of a vessel while cells are freely 

suspended in agitated media in suspension culture. Suspension culture outperforms adherent 

culture in terms of scalability (Kim et al., 2012). The scale of suspension culture can be achieved 

by increasing the size of the bioreactor. However, for adherent culture, the surface-to-volume ratio 

decreases as the size of the bioreactor is increased. In other words, there is less surface area per 

cell available, which is adverse to cell growth. To overcome this limitation, microcarriers can be 

added to increase the surface area. However, the usage of microcarriers also generate additional 

cost and these microcarriers need to be removed in downstream, which makes adherent culture 

less cost-effective.  

 

    After development for decades, the yield of CHO-based production has been improved 

significantly resulting in a relatively high yield among mammalian cells. Thanks to the 

development of media compositions, gene engineering, and advanced process control, the 

volumetric productivity of CHO culture with bioreactors increased from 50-100 mg/L in the 1980s 

to 1-10 g/L now (Wurm and De Jesus, 2016). Other novel techniques such as gene amplification 

technology also contribute to the high yield of CHO cells (Lai et al., 2013). 

 

    Moreover, the safety and efficacy of the product can also benefit from the CHO expression 

platform. More specifically, most human viruses are not capable of replicating in CHO cells. As a 

result, the biosafety risk is reduced (Lai et al., 2013). Moreover, CHO cells can produce proteins 

with complex human-like PTMs which are critical for the efficacy of the pharmaceutical products 

(O’Flaherty et al., 2020). 

 

1.3.3. Challenges of CHO cell lines in biopharmaceutical production 

 

    In spite of the aforementioned advantages, the application of CHO cell lines is still facing a 

number of challenges that need to be overcome.  
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    Similar to other mammalian cell lines, CHO cell lines feature longer doubling time compared 

with non-mammalian cell lines. Besides, the medium for CHO culture is more expensive. 

Therefore, the production process as well as process development are more time-consuming and 

expensive than other expression platforms.  

 

    In addition, the scale-up of CHO cell lines can be challenging as CHO cells are shear sensitive. 

In large-scale production, to achieve a homogeneous environment in the bioreactor, agitation is 

necessary. On the other hand, shear stress generated by the impeller agitation can negatively affect 

cell growth and production.  

 

    Gene instability is another aspect worth considering when using CHO-based production. Due to 

the genome plasticity of CHO cells, these cells suffer from chromosomal rearrangements 

(Dahodwala and Lee, 2019). Such rearrangements might lead to unstable product titer and quality, 

which are not desired by regulatory agencies and are adverse to drug approval. 

 

1.4. Modeling of bioprocess 
 

1.4.1. General information on bioprocess modeling 

 

    Mathematical modeling of bioprocess refers to describing phenomena in bioprocess with 

mathematical languages. Bioprocess benefits from modeling in many aspects including 

improvement of cost efficiency, risk mitigation, and realization of automation. Besides, thanks to 

the development of machine learning, many advanced algorithm is developed and applied to model 

bioprocess. Therefore, modeling of bioprocess is a popular field now.  

 

    Currently, bioprocess is moving toward industry 4.0 which requires the digitalization of 

factories to enable intelligent manufacturing. Digital twin (DT) is a key part of the implementation 

of Industry 4.0. A brief workflow of digital twin adapted from Gargalo et al. (2020) is shown in 

Figure 5. In the beginning, data in the real world is collected by sensors and then transferred to 

the database. After that, data can be analyzed and used to update models subsequently. The newly 

updated models are able to make decisions based on both the current status of the real world and 
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prior knowledge such as historical data in the data space. These models can perform multiple tasks 

such as enabling process optimization in silico and computing optimal control signals. After the 

computation based on updated models in the virtual world, actuators such as controllers will be 

applied to affect the real world and new measurements will be collected in response to the actions. 

This iteration will continuously and automatically facilitate bioprocess in terms of process 

optimization, decision-making, and online process control. The availability and quality of models 

are key to the success of the implementation of the DT. Consequently, modeling will continue 

playing important roles in the bioprocess in the foreseeable future.  

 
Figure 5: Brief workflow of digital twin (adapted from Gargalo et al. (2020)). 

 

1.4.2. Different types of models in bioprocess 
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Figure 6: Various types of models applied in the upstream bioprocess. MFA: metabolic flux 

analysis; FBA: flux balance analysis; ANN: artificial neural network: GP: Gaussian process; 

SVM: support vector machine; PCA: principal component analysis; PLS: partial least squares. 

    In general, models in bioprocess can be classified into three categories. Mechanistic models, 

which are also called white-box models, are based on biological, chemical, and physical 

knowledge to explain the phenomenon in bioprocess. In contrast, the data-driven model is 

considered as a black box that purely depends on the data without consideration of the mechanism. 

These two types of models both have their own strengths. To combine their strength together, 

hybrid models are also proposed to facilitate the development of bioprocess. A few examples of 

various types of models applied in the upstream bioprocess are shown in Figure 6 such as kinetic 

models. Besides, machine learning algorithms such as principal component analysis and partial 

least squares also serve as powerful tools in the modeling of bioprocess. Some of these examples 

are discussed in the following section.  

 

1.4.2.1. Kinetic model  

 

    Kinetic models are a type of mechanistic model. They are derived based on biological, chemical, 

and physical knowledge. They are able to reveal the kinetics of upstream cell culture by building 

up relationships between cells, metabolites, and products. They are able to generate a deeper 

understanding of the process and enable quantitative analysis of the data (N. P. Shirsat et al., 2015).  

 

    This type of model is widely applied for the facilitation of the optimization of bioprocess. For 

example, Xu et al., (2019) used a kinetic model to optimize the temperature shift strategies of 
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mAb1-producing CHO cell culture and increased the final product titer by around 10% after 14-

day cultivation. In addition, a large kinetic model integrating upstream cell culture and downstream 

purification was developed for the comparison between batch and continuous mode for mAb 

production at a system level (Badr et al., 2021). A model-based optimization was applied to 

optimize the seeding strategy as well (Kern et al., 2016).  

 

    In addition, online process monitoring and control are desired from the standpoint of regulatory 

agencies through the process analytical technology (PAT) initiative. Kinetic models can also 

contribute to better monitoring and control of bioprocess. Frahm et al. (2002) constructed a 

controller as a valuable tool for bioprocess control with the help of the kinetic model built by them. 

Besides, kinetic models can also be applied to facilitate the scale-up of bioprocess (Arndt et al., 

2021). Therefore, kinetic modeling is a powerful and versatile tool in bioprocess. Compared with 

data-driven models, these models generally require less data and can perform extrapolation better 

because prior knowledge and the underlying mechanism have been integrated into the model 

structure.  

 

1.4.2.2. Data-driven models 

 

    In contrast to models based on mechanism, data-driven models purely depend on the data 

itself serving as black boxes. Different data-driven models have their own strengths and are 

applied in different scenarios. Models can be constructed even when prior knowledge and 

underlying mechanisms are absent.  

 

    With the development of analytical methods in recent years, more and more data have been 

revealed such as multi-omics and spectrum. This kind of data features highly dimensional but 

limited sample size available due to the budget. Principal component analysis (PCA) and partial 

least squares (PLS) are two suitable modeling methods in such kind of situation. Both of them can 

handle data with a huge number of features. PCA can reduce the dimension of data in order to 

visualize, analyze, and group the data set. PCA has been widely used in multi-omics data analysis 

(Meng et al., 2014; Verhoeckx et al., 2004). Similarly, PLS is another tool for dimension reduction 

but as a regression algorithm. They can build up mathematical relationships between highly 
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dimensional inputs and user-defined outputs. A novel media optimization strategy was developed 

based on PCA and PLS (J. K. Hong et al., 2022). PLS can also combine with Raman spectroscopy 

to monitor the bioprocess (Esmonde-White et al., 2017).  

 

    Artificial neural network (ANN) is the dominant algorithm in the field of machine learning. The 

application of ANN in bioprocess is widely explored as well. For example, ANN was used to 

predict protein glycosylation produced by CHO cell culture (Kotidis and Kontoravdi, 2020). 

However, ANN requires a large amount of data because it has many parameters to tune, which is 

difficult in bioprocess due to the cost of conducting experiments. Another challenge is their poor 

performance in extrapolation (Mowbray et al., 2021).  

 

1.4.2.3. Hybrid models 

 

    In bioprocess, the underlying mechanism is not always clearly determined. In addition, the data 

availability is quite limited. Therefore, hybrid models that combine mechanistic and data-driven 

models are developed. Data-driven models are applied when a mechanism is not available while 

mechanistic models can reduce the data size required and achieve better extrapolation. For instance, 

Luo et al. (2021) built up a hybrid model by combining a kinetic model with a data-driven model 

to model the effects of amino acids and copper addition during CHO cell culture on mAb 

productivity and glycosylation.  

 

1.4.3. Methodologies for model-based multicriteria optimization 

 

    Since models are able to provide predictions, they are usually used to perform optimization for 

the bioprocess. In the field of bioprocess, there are many objectives to be optimized including 

product yield, product quality, cost efficiency, process consistency, and risk mitigation. To 

perform multicriteria optimization, following methodologies can be potentially integrated to 

model simulation.  

 

1.4.3.1. Desirability methodology 

 



Chapter 1: Introduction 

 28 

    Desirability methodology is a technique used in engineering. It is able to optimize parameters 

to meet several user-defined criteria simultaneously. For instance, Möller et al. (2019) optimize an 

antibody production process in CHO cells by maximizing viable cell density and antibody 

concentration as well as minimizing lactate concentration with the help of desirability 

methodology. To conduct desirability, objectives need to be defined first. Based on requirements, 

goals of different objectives including maximizing, minimizing, and constraining to specific range 

were selected. According to user-defined desirability function and bounds, individual desirability 

can be computed and normalized. Since different individual desirability value is normalized, 

desirability methodology weights various objectives at different scales the same. These individual 

desirability values will be multiplied together generating an overall desirability to optimize 

parameters in the process.  

 

1.4.3.2. Pareto optimization 

 

    Pareto optimization is another multicriteria optimization methodology which is usually used in 

economics. This method can be applied to both continuous and discrete problems. The main 

concept of Pareto optimization is to find solutions whose at least one single objective cannot be 

improved without worsening any other objectives. The main limitation of Pareto optimization is 

that it would provide multiple solutions when trade-offs exist between objectives. It is confusing 

for the decision-maker since it cannot provide a dominating solution for the given problem. 

Therefore, in this study, desirability methodology was selected instead of Pareto optimization to 

balance the trade-off between product yield and quality in chapter 2. Besides, Pareto optimization 

is computationally expensive, which is another limitation of it.  

 

 

1.5. Overview of this thesis and relationship between chapters 
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Figure 7: Outline of this thesis 

    Outline of this thesis is shown in Figure 7. In Chapter 1, the background, importance, objectives, 

and novelty of this research were introduced. As mentioned before, HFMD caused by CVA6 has 

become prevalent in recent years. Also, CVA6 is able to affect adults. However, vaccines targeting 

CVA6 are still deficient and the vaccine targeting another serotype cannot provide cross-protection. 

Therefore, a CVA6 vaccine needs to be developed.  

 

    By comparing different types of vaccines available now, the VLP vaccine was chosen because 

of its improved safety over conventional vaccines. To produce the CVA6 VLP vaccine, CHO cell 

culture was used due to the aforementioned merits of CHO cells. CHO cells are capable of 

performing human-like PTMs. Besides, they can grow in the chemically defined serum-free 

medium in a free suspension manner, which is desired for industrial production. Moreover, most 

human viruses cannot propagate in CHO cells reducing the biosafety risk.  

 

    To produce CVA6 VLPs in CHO cells efficiently, a kinetic model is desired especially during 

the era of Industry 4.0. Kinetic models can enhance the understanding of the production process. 



Chapter 1: Introduction 

 30 

They can also guide process optimization. Kinetic models also have the potential to be combined 

with data-driven to perform hybrid modeling. They are able to contribute DT as well. Moreover, 

compared with data-driven models, they require less data. Even though a lot of kinetic models 

have been constructed for CHO cell culture, these models failed to capture the kinetics of VLP 

production using CHO cell culture. More concretely, previous models used a parameter termed 

specific productivity to correlate product concentration with viable cell density. However, for non-

enveloped VLP production, cell lysis is needed to release the intracellular product (Cervera and 

Kamen, 2018). Based on our observations, VLP concentration is strongly correlated with cell death 

and lysis instead of viable cells. Therefore, I constructed a novel kinetic model for the CVA6 VLP 

production process in CHO cell culture. To the best of my knowledge, this is the first time that a 

model for VLP production was reported.  

 

    In Chapter 2, I developed the protocol for cell lysis quantification in the batch culture of CVA6 

VLP-producing cells firstly because cell lysis was important for the product release and it cannot 

be detected by image-based analyzers directly. Then, thanks to the samples provided by Dr. Thao 

Bich Nguyen, I performed cell lysis quantification for the fed-batch culture of CVA6 VLP-

producing CHO cells with bioreactors. After combining cell lysis data with the cell culture data 

kindly provided by Dr. Thao, I developed a novel kinetic model for the CVA6 VLP vaccine 

production process in CHO cells based on my understanding of the process and equations from 

previous studies. Then, the kinetic model was trained with experimental data from 2 bioreactors 

and its performance was evaluated. After that, a series of analysis was performed to facilitate the 

process development of the CVA6 VLP vaccine in silico. Finally, the usefulness of this kinetic 

model was discussed.  

 

    During the procedure of data analysis and model construction, the limitation of this deterministic 

model was noticed as well. I found that even under the same culture conditions, cell culture 

performances differed. It is common because there are a lot of uncertainties involved in the cell 

culture such as experimental error, variations in raw materials as well as measurement error. Batch-

to-batch consistency is an important aspect of the process validation of bioprocess in order to 

comply with Good Manufacturing Practice (GMP). Thus, quantification of the batch-to-batch 

variations is highly desired. The batch-to-batch variation cannot be captured by deterministic 
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models, which is a limitation of deterministic models because it can only simulate a single value 

at a given point without providing any information on uncertainties. Therefore, I move to 

probabilistic modeling in Chapter 3 to quantify uncertainties of the CVA6 VLP vaccine production 

process.  

 

    Consequently, in Chapter 3, I perform quantification of uncertainties between cell cultures for 

the CVA6 VLP vaccine production with the help of the previously constructed model. To do so, I 

conducted 4 batch cell cultures in parallel, 3 for model calibration and 1 for model test. After 

acquiring the data, I updated the model to fit the batch culture. Then, two approaches namely 

frequentist approach and Bayesian approach were applied based on the newly applied model to 

quantify the uncertainties of cell culture performances. Probabilistic models were constructed 

providing simulation of variables including both mean and distribution at different time points. 

The uncertainty level between batch and fed-batch culture was also compared. Finally, two 

approaches were compared and their strengths and limitations were discussed.  

 

    Finally, in Chapter 4, the main findings of this research were summarized and their potential 

applications in the facilitation of bioprocess development were discussed. Besides, a discussion 

about the limitations of this work was included as well. Finally, the future perspective was 

outlooked. 
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2. Chapter 2: Deterministic modeling of a CVA6 VLP vaccine 

production process using CHO cell culture 
 

2.1. Introduction 

 

    As introduced in Section 1.4.2.1., kinetic models are powerful and versatile tools that can serve 

bioprocess in terms of process optimization, monitoring, control as well as scale-up. Besides, they 

are also key components for enabling DT. Thus, a kinetic model for the production process of the 

CVA6 VLP vaccine in CHO cells is highly desired. Conventionally, product concentration in the 

cell culture is directly correlated to viable cell density through a parameter termed specific 

productivity. Specific productivity represents a unit mass of the product produced by a single cell 

within a unit time. However, for the production of non-enveloped VLPs, a cell lysis step is required 

to release the product (Cervera and Kamen, 2018). Besides, based on previous observations, VLP 

concentration in the CHO cell culture was strongly correlated to cell death and lysis, instead of 

living cells. Therefore, I constructed a novel kinetic model of CVA6 VLP vaccine production in 

CHO cell culture. Then, I evaluated the constructed model and performed a series of analysis to 

facilitate in silico process development of the CVA6 VLP production process.  

 

    Since VLP concentration is correlated to cell death and lysis, it is necessary to quantify the cell 

lysis during cultivation. At present, cell counting depends on image-based analysis that cannot 

count lysed cell. Therefore, indirect methods for cell lysis quantification are needed. According to 

the research of Klein et al. (2015), double stranded DNA (dsDNA) and lactate dehydrogenase 

(LDH) can be used as indicators for the cell death and lysis quantification. As shown by Figure 8, 

cells may undergo apoptosis, autophagy or necrosis becoming dead cells or lysed cells. Also, dead 

cells can be lysed and become cell debris. During both procedure of cell death and lysis, 

intracellular components are released including dsDNA and LDH. As a result, cell death and lysis 

can be quantified indirectly by measuring dsDNA or LDH concentration in the supernatant of cell 

broth. Based on this mechanism, I started with the batch culture of CVA6 VLP-producing CHO 

cells to test two indicators. CHO cells were cultivated for one week and samples of medium 
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supernatant were taken. Subsequently, samples were incubated at 37 °C for several days prior to 

dsDNA and LDH measurements in order to determine the thermal stability of indicators.  

 
Figure 8: Cell death and lysis pathway with corresponding kinetic parameters (adapted from 

Kroll et al., 2017). 

    After that, fed-batch cultivations of CVA6 VLP-producing CHO cells with two bioreactors were 

performed by Dr. Thao Bich Nguyen. Cells were cultivated for two weeks and samples were taken 

every 24 h for further analysis including cell counting, measurements of metabolites 

concentrations and VLP concentration measurement, which is also conducted by Dr. Thao. In 

addition, similar to the batch culture, I performed dsDNA and LDH measurements for cell lysis 

quantification. During the cell culture, temperature shift was performed to improve the yield. 

Besides, cells were cultured with or without pH downshift in order to determine the effects of pH 

downshift.  

 

    Subsequently, I constructed a kinetic model for the CVA6 VLP vaccine production process in 

CHO cells based on the data acquired by myself and kindly provided by Dr. Thao. To do so, 

equations were either adapted from previous literature or newly proposed based on my 
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understanding of the process. Then, the accuracy of this model was evaluated. After that, 

sensitivity analysis was performed to examine the impact of small variations in raw materials or 

model parameters on the VLP yield. Moreover, cell culture performances under different pH 

downshift timing were predicted by the model to optimize the VLP yield. Finally, multiple-

objective optimization was conducted by combining desirability methodology with the model 

simulation in order to balance the trade-off between product yield and quality.  

 

2.2. Materials and methods 
 

2.2.1. Batch culture for cell lysis indicator selection 

 

2.2.1.1. Cell line, medium, and culture conditions 

 

    The cell line used in this research is kindly provided by BIKEN Group Japan. It is a CHO cell 

line expressing CVA6 VLPs. To cultivate cells, CD FortiCHO™ medium (Thermo Fisher 

Scientific, Waltham, MA, USA) was used supplemented with 8 mM glutamine (Fujifilm Wako, 

Osaka, Japan) initially. Cells were thawed from frozen first and cultured with shaking flasks. A 

humidified incubator was utilized for the culture operated at 37 °C, 8% CO2, and 140 rpm. Cells 

were passaged every 72- 96 h before the full-duration culture for one week. During the full-

duration cultivation, samples were taken every 24 h for subsequent thermal stability tests. The 

supernatant of samples was collected by centrifuging samples at 14000 g for 5 minutes for the cell 

removal. 

 

2.2.1.2. Thermal stability test and cell lysis indicator measurements 

 

    To investigate whether cell lysis indicators were degraded at 37 °C during the cell culture or not, 

thermal stability test was conducted. Supernatant samples taken at 72, 96, 120, and 144 h were 

incubated at 37 °C for 0 h, 24 h, 48 h and 72 h.  

 

    After that, dsDNA and LDH concentrations were measured for the incubated samples. Briefly, 

dsDNA measurement was performed with a Quant-iT PicoGreen dsDNA Assay Kit (Thermo 
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Fisher Scientific) following the protocol. Samples were diluted and mixed with the assay reagent 

in a 96-well plate. Similarly, 1 × 105 μg/L Lambda DNA Standard was diluted and mixed with the 

assay reagent in the same plate to plot the standard curve. After a two-minute room temperature 

incubation, fluorescence at 492/530 nm was measured by a VICTOR Nivo Multimode Microplate 

Reader (PerkinElmer, Waltham, MA, USA).  

 

    In terms of LDH, a Lactate Dehydrogenase Activity Assay Kit (Sigma-Aldrich, MO, USA). In 

brief, samples were diluted properly and mixed with LDH assay reagent in a 96-well plate. 1.25 

mM NADH standard was prepared in the same 96-well plate as well. After incubating for 2 

minutes, absorbance at 450 nm was measured. Then, samples and the standard were incubated at 

37 °C for 5 minutes prior to the absorbance measurement at 450 nm again. This step was repeated 

several times until the absorbance was beyond the measurement range.  

 

2.2.2. Fed-batch culture with two bioreactors 

 

2.2.2.1. Cell line, medium, and preculture 

 

    Cell line, medium, and culture conditions of the preculture were the same as described in Section 

2.2.1.1. Cells were thawed and expanded in shaking flasks. Before the inoculation to bioreactors, 

cells were subcultured every 72-96 h.  

 

2.2.2.2. Fed-batch laboratory-scale bioreactor cultivation 

 

    Two 2 L stirred tank bioreactors (STR1 and STR2, ABLE Biott, Tokyo, Japan) were used to 

perform cell culture in a fed-batch manner. Initial cell concentration was set at 4 × 108 cells/L and 

the working volume was 0.8 L. Dissolved oxygen was controlled at 30% by sparging pure O2. 

Impeller speed was 80 rpm. Besides, 0.1 L/min and 8 × 10-3 L/min were set for the air and CO2 

flow respectively. Temperature was kept at 37 °C prior to the temperature shift to 32 °C after 120 

h. To achieve the pH control, CO2 and 1 M NaHCO2 were used to adjust the pH. In order to 

investigate the effect of pH shift on the VLP production, cell cultures were conducted with and 

without a pH downshift. Specifically, in the control experiment (STR1), pH was kept at 7.15 
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throughout the cell culture. In the treatment experiment (STR2), pH was controlled at 7.15 during 

the first 720 h and changed to 6.75 until the end of cell culture.  

  

    To avoid foaming during the cell culture, FoamAway™ (Thermo Fisher Scientific) was added 

to bioreactors. Since 72 h, 1.6 × 10-2 L of feeding medium accounting for 2% of the initial working 

volume was fed into bioreactors daily. A 300 g/L glucose solution was also added in order to 

maintain the glucose concentration above 2 g/L. During the cultivation, 4 × 10-3 L of sample was 

taken from STR1 and STR2 for subsequent analytical methods.  

 

2.2.2.3. Cell counting and metabolite measurements 

 

    A ViCell machine (Beckman Coulter, Brea, CA, USA) was utilized to quantify viable cell 

concentration and viability. In addition, concentrations of metabolite (glucose, glutamine, lactate, 

and ammonia) were measured by a BioProfile 400 Automated Chemistry Analyzer (Nova 

Biomedical, Waltham, MA, USA).  

 

2.2.2.4. dsDNA and LDH thermal stability test and quantification 

 

    Similar to the procedure described in Section 2.2.1.2., the thermal stability of dsDNA and LDH 

in the samples from fed-batch culture in bioreactors was studied. Samples taken at 72, 120, 144, 

and 240 were incubated at 37 °C for 0, 24, 48, and 72 h for dsDNA quantification. Samples taken 

at 192, 240, 288, and 336 h were incubated at 37 °C for 0, 24, 48, 72, and 96 h for LDH 

quantification. 

 

    Measurement of dsDNA followed the same procedure as described in Section 2.2.1.2. It was 

assumed that cell growth stopped after the exponential phase. Thus, based on mass balance, 

intracellular dsDNA content can be determined by the slope of plotting dsDNA concentration 

versus viable cell density. The sum of lysed and dead cell concentration can be computed by 

dividing dsDNA in the medium by intracellular dsDNA content. Besides, dead cell concentration 

can be calculated with viable cell density and viability. Therefore, lysed cell concentration was 

calculated by subtracting dead cell concentration from the sum of dead and lysed cell concentration.  
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    LDH concentration was measured with CytoTox 96® Non-Radioactive Cytotoxicity Assay 

(Promega, WI, USA). Briefly, supernatant samples were diluted properly and mixed with assay 

reagent in a 96-well plate. Fresh medium was mixed with the reagent for the background signal. 

After 30 minutes of incubation, stop solution was added to each well following the protocol. Then, 

the absorbance at 492 nm was measured by a VICTOR Nivo Multimode Microplate Reader.  

 

2.2.2.5. CVA6-VLP measurement 

 

    To quantify CVA6 VLP concentration, a sandwich enzyme-linked immunosorbent assay 

(ELISA) protocol developed by Biken Group Japan was used. Briefly, an anti-CVA6 monoclonal 

antibody was used to coat 96-well plates prior to the overnight incubation at 4 °C. To block non-

specific binding, EzBlock Chemi blocking buffer (Atto, Tokyo, Japan) was added to each well, 

and plates were incubated at 37 °C for 1 h. Subsequently, washing buffer 0.05% (v/v) Tween 20 

in phosphate-buffered saline) was utilized to wash plates thrice. Then, standard or samples were 

added to each well and incubated at 37 °C for 1h, followed by the same washing procedure again. 

After that, the addition of a secondary antibody, A horseradish peroxidase-conjugated anti-CVA6 

monoclonal antibody, was performed and plates underwent incubation for 1 h at 37 °C followed 

by three time washes. To visualize the binding, a TMB solution (Surmodics, MN, USA) was added 

and another 15-minute incubation was conducted at room temperature. BioFX 650 nm Liquid Stop 

Solution for TMB Microwell substrates (Surmodics) was used as a stop solution to stop the 

reaction. Finally, a microplate reader (Corona Electrics, Ibaraki, Japan) was applied to measure 

the absorbance at 650 nm.  

 

2.2.3. Model construction for the fed-batch culture 

 

    To construct a kinetic model for the CVA6 VLP production, I used ordinary differential 

equations to describe relationships between cells, major metabolites and VLP concentrations. 

Volume changes happened frequently during the cell culture. More concretely, volume can be 

changed due to the addition of feeding medium (16 mL per 24 h), sampling (20 mL per 24 h), and 

glucose supplement (when necessary). However, these changes were negligible compared with the 
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total working volume (800 mL). Besides, the difference of model simulation with and without 

dilution factor was found to be small. Therefore, in the following model construction, it was 

assumed that there was no volume change in the bioreactor. To take the effect of dilution into 

consideration, a dilution term could be used. This dilution term was computed by a dilution factor, 

which is given by dividing volume changes by the working volume, multiplied by corresponding 

variables as reported by Craven et al. (2014) 

 

 𝑑𝑋;
𝑑𝑡 = 	𝑟𝑋; (2-1-a) 

 
𝑟 = 	 𝑟"*7 ∙ 21 −

𝑋;
𝑋;,"*7

5 (2-1-b) 

 

    To model total cell density (𝑋;), a logistic equation was used (Martínez et al., 2020; N. Shirsat 

et al., 2015). This model contains only two parameters (𝑟"*7 for maximum intrinsic growth rate 

and 𝑋;,"*7 for maximum total cell density) so that the risk of overfitting can be reduced especially 

when the sample size for modeling was limited. Besides, following this equation, total cell 

concentration kept constant after the exponential phase complying with the previous assumption 

made in Section 2.2.2.4. 

 

 𝑑𝑋-
𝑑𝑡 = 	𝑘,𝑋< −	𝑘,)𝑋- (2-2-a) 

 If (𝑐!"">𝑐!"",$% during dead phase):  

 
𝑘, =	𝑘,,-.*- ∙

𝐾,!"" + 𝑐!"" − 𝑐!"",$%
𝐾,!""

 (2-2-b) 

 Else:  

 𝑘, =	𝑘,,"/( (2-2-c) 

 𝑑𝑋'
𝑑𝑡 = 	𝑘)𝑋< 	+ 	𝑘,)𝑋- (2-3) 

 𝑑𝑋<
𝑑𝑡 = 	𝑟𝑋; − (𝑘, 	+ 	𝑘)) ∙ 𝑋< (2-4) 

 



Chapter 2: Deterministic modeling of a CVA6 VLP vaccine production process using CHO cell culture 

 40 

    As shown in Figure 8, cell death and lysis pathways were simulated with their corresponding 

parameters. Viable cells (𝑋<) can become dead cells (𝑋-) or lysed cells directly (𝑋'). Besides, dead 

cells may also break turning into cell debris. Kinetic equations were built based on equations that 

were proposed by previous studies (Kontoravdi et al., 2007; Kroll et al., 2017). Some changes 

were made to fit the cell behavior in our case. According to our observation, dead cells increased 

significantly when the ammonia concentration was higher than the critical concentration (𝑐!"",$% 

= 5 mM) during the dead phase. Two constant parameters (𝑘, and 𝑘)) were used to describe the 

behavior of lysed cell density that were generated by viable cells or dead cells, respectively. Viable 

cell concentration was computed by subtracting lysed cell density from total cell density.  

 

 𝑑𝑐&'$
𝑑𝑡 = 	−(𝑟𝑋; − (𝑘, 	+ 	𝑘))𝑋<)/𝑌>#/&'$ −	𝑚&'$𝑋< +

𝑉:,/𝑐+
𝑉 +

𝑉&,/𝑐&
𝑉  (2-5) 

 Before 120 h:  

 𝑑𝑐)*$
𝑑𝑡 = :(𝑟𝑋; − (𝑘, 	+ 	𝑘)) ∙ 𝑋<)/𝑌>#/&'$ 	− 𝑚&'$𝑋<; ∙ 𝑌)*$/&'$ (2-6-a) 

 After 120 h:  

 𝑑𝑐)*$
𝑑𝑡 = :(𝑟𝑋; − (𝑘, 	+ 	𝑘)) ∙ 𝑋<)/𝑌>#/&'$ 	− 𝑚&'$𝑋<; ∙ 𝑌)*$/&'$ − 𝑞)*$𝑋< (2-6-b) 

 
𝑞)*$ =	𝑞)*$,"*7 ∙

𝑐)*$
𝐾)*$ + 𝑐)*$

 (2-6-c) 

 

    where 𝑉:,/  and 𝑉&,/  represent the volumes of feed medium and glucose solution added at 𝑖th 

feeding. Besides, glucose concentrations in the feed medium and glucose solution are nomenclated 

as 𝑐+  and 𝑐& , and 𝑉  is the working volume. The equation simulating glucose concentration 

(Equation 2-5) was adapted from (Xing et al., 2010). In this equation, glucose consumption was 

due to cell growth and maintenance while the addition of feed medium and glucose solution raises 

glucose level. Lactate switch is common in CHO cells. However, the mechanism is still unclear 

(Hartley et al., 2018). Based on our observations, cells produced lactate before 120 h and switched 

to lactate production after 120 h. In order to model lactate production as a result of glucose 
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consumption, a yield coefficient was used (𝑌)*$/&'$). The lactate consumption rate was simulated 

by a Monod-type term.   

 

 If (𝑐&'( > 0 mM):  

 𝑑𝑐&'(
𝑑𝑡 = −(𝑟𝑋; − (𝑘, 	+ 	𝑘,)) ∙ 𝑋<)/𝑌>#/&'( (2-7-a) 

 𝑑𝑐!""
𝑑𝑡 = (𝑟𝑋; − (𝑘, 	+ 	𝑘,)) ∙ 𝑋<)/𝑌>#/&'( ∙ 𝑌!""/&'( (2-8-a) 

 If (𝑐&'( = 0 mM):  

 𝑑𝑐&'(
𝑑𝑡 = 0 (2-7-b) 

 𝑑𝑐!""
𝑑𝑡 = −(𝑟𝑋; − (𝑘, 	+ 	𝑘,)) ∙ 𝑋<)/𝑌>#/!"" + 𝑞!""𝑋< (2-8-b) 

 

    Similar to the yield coefficient of glucose production, glutamine consumption rate was described 

as a result of cell growth. Besides, ammonia was produced when glutamine was available. If 

glutamine was used out, ammonia was consumed when cells kept growing. Therefore, I 

hypothesized that ammonia worked as an alternative nitrogen source during that period. Some 

other mammalian cell lines also showed this behavior (Lie et al., 2019). In addition to the 

consumption, the ammonia production rate due to cell maintenance was denoted by 𝑞!"". Its 

value can be different at various pHs.  

 

 After 144 h  

     If (𝑉𝐿𝑃/(;%* < 𝑉𝐿𝑃"*7 and pH = 7.15):  

 𝑑𝑉𝐿𝑃/(;%*
𝑑𝑡 = 	𝑞8)9 (2-9-a) 

     If (𝑉𝐿𝑃/(;%* = 𝑉𝐿𝑃"*7 or pH = 6.75):  

 𝑑𝑉𝐿𝑃/(;%*
𝑑𝑡 = 	0 (2-9-b) 

 𝑑𝑐8)9
𝑑𝑡 = 	𝑉𝐿𝑃/(;%* ∙ (𝑘, 	+ 	𝑘)) ∙ 𝑋< (2-10) 
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    Based on observations in the past, cells started to produce VLPs efficiently after 144 h. 

Therefore, it was assumed that VLPs accumulated intracellularly after 144 h and the amount of it 

was denoted by 𝑉𝐿𝑃/(;%* as shown by equations above. Additionally, the production of VLPs was 

found to be suppressed by pH downshift. Moreover, intracellular VLPs had a maximal amount, 

which was termed maximal intracellular VLP content (𝑉𝐿𝑃"*7)). Finally, cell death and lysis can 

release intracellular VLPs. As a result, the concentration of VLPs in the medium was computed 

by multiplying intracellular VLP content and dead and lysed cell concentration.  

 

    I used Matlab R2021a and Optimization Toolbox (The Math Works, Inc.) to perform the 

computational work for the model construction and subsequent in silico analysis. Ordinary 

differential equations listed above were solved by ode45 solver following the recommendation 

from Matlab. In order to determine parameters in these equations, weighted root-mean-square 

deviation (wRMSD) was selected as the cost function and the optimization was performed with 

fminsearch command in Matlab. To evaluate the model simulation, the coefficient of 

determination (R2) was used (Colin Cameron and Windmeijer, 1997).  

 

2.2.4. Local sensitivity analysis 

 

    After the model construction, a deeper understanding of the effect of model parameters and 

initial culture conditions on the final product yield is desired. Thus, local sensitivity analysis was 

performed. To do so, a 10% change in model coefficients and initial conditions was made 

independently and simulation was conducted with the constructed model. The responses of final 

VLP concentration to the changes in model parameters were recorded in the form of relative 

change. Model parameters of STR1 and STR2 obtained in the previous section were averaged 

when applicable because STR1 and STR2 shared the same operating and initial conditions before 

pH downshift. After the pH shift, parameters of STR2 were applied for the purpose of simulation. 

Therefore, the simulation result using averaged parameters before pH shift and parameters of 

STR2 after the pH shift was used as the standard for computing relative final VLP concentration 

changes.  
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2.2.5. Predictions under different pH shift timing 

 

   Predictions of cell culture performance under pH shift on various timing were carried out 

similarly to the simulation described in Section 2.2.4. Briefly, before pH shift, averaged model 

parameters of STR1 and STR2 were applied while model coefficients of STR2 were applied after 

the pH shift. A series of time-dependent variables including cell densities, metabolite 

concentrations as well as VLP concentration were predicted if pH shift was conducted at 144, 168, 

192, 216, 240, 264, 288, 312, and 336 h (no pH shift). Based on predictions, further understanding 

of the effects of pH downshift was gained and the optimal pH shift timing maximizing final VLP 

concentration was determined.  

 

2.2.6. Multiple objective optimization 

 

    For the production of biopharmaceuticals, final product yield is not the only target for 

optimization. Product quality is another aspect worth considering. I found that there exists a trade-

off between product yield and quality. More concretely, high VLP concentration was accompanied 

with high ammonia concentration. However, high level of ammonia can suppress the expression 

of glycosylation genes in CHO cells (Chen and Harcum, 2006). Glycosylation is important for the 

VLP vaccines for triggering immune responses (Lavado‐García et al., 2022). Besides, glycoprotein 

folding and VLP assembly, which are critical for the structure and function for the VLP, also rely 

on glycosylation (Chen and Lai, 2013). Thus, ammonia concentration was related to the product 

quality and high ammonia concentration should be avoided. So, in this research, VLP 

concentration was maximized because it was the product. At the same time, ammonia 

concentration was kept as low as possible as it had negative effect on the product quality. Therefore, 

I applied desirability methodology to balance product yield and quality (Möller et al., 2019).  

Briefly, desirability methodology computes individual desirability (𝑑/(𝑦/)) of different objectives 

separately at first and combines individual desirability together. Individual desirability ranges 

between 0 and 1 and a desirability value close to 1 is preferred. VLP concentration is one of the 

objectives to be maximized. Based on customized upper (𝑈/ ) and lower boundaries (𝐿/ ), its 

desirability can be computed by Equation 2-11-a. By contrast, ammonia concentration is the 

objective to be minimized because it has adverse effects on the product quality. Its individual 
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desirability was given by Equation 2-11-b. In the end, an overall desirability was calculated by 

multiplying the desirability values of VLP and ammonia concentrations as shown by Equation 12. 

An overall desirability value close to 1 is favorable, which was a quantitative criterion for 

balancing product yield and quality.  

 

𝑑/(𝑦/) =

⎩
⎨

⎧
0												𝑖𝑓	𝑦/ < 	𝐿/

E
𝑦/ − 𝐿/
𝑈/ − 𝐿/

F 							𝑖𝑓	𝐿/ < 	𝑦/ < 	𝑈/

1												𝑖𝑓	𝑦/ > 	𝑈/

 (2-11-a) 

 

𝑑/(𝑦/) =

⎩
⎨

⎧
1												𝑖𝑓	𝑦/ < 	𝐿/

E
𝑈/ − 𝑦/
𝑈/ − 𝐿/

F 							𝑖𝑓	𝐿/ < 	𝑦/ < 	𝑈/

0												𝑖𝑓	𝑦/ > 	𝑈/

 (2-11-b) 

 
𝐷 = 	I𝑑/(𝑦/)

(

/	@	6

= 	𝑑6(𝑦6)	 × 	𝑑1(𝑦1)⋯× 	𝑑((𝑦() (2-12) 

 

2.3. Results and discussion 

 

2.3.1. Thermal stability test of cell lysis indicators in batch and fed-batch culture 

 

    dsDNA has shown to be a good indicator for cell lysis quantification because it is stable after 

incubating at 37 °C for several days. As shown in Figure 9, concentrations of dsDNA in 

supernatant samples of batch culture remained relatively stable after 72 h of incubation. Even 

though some fluctuations in the dsDNA concentrations can be noticed, there was no clear trend of 

degradation. These fluctuations might be due to experimental and measurement errors. In addition, 

from Figure 9, it can also be found that dsDNA concentration increased during the cultivation, 

especially at the end of cell culture. That was due to the cell death by the end of cultivation 

releasing intracellular DNA content.  
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Figure 9: dsDNA concentrations in supernatant samples of batch culture taken on different time 

after 72 h of incubation at 37 °C 

    The same conclusion was found in the samples of fed-batch culture (Figure 10). Some 

fluctuations in dsDNA concentrations can be detected, which might be due to experimental and 

measurement errors. However, the dsDNA concentrations were almost constant at 37 °C in general. 

Therefore, dsDNA is capable of acting as an indicator for cell lysis quantification as it cannot be 

degraded during the cell culture.  

 

 
Figure 10: dsDNA concentrations in supernatant samples of fed-batch culture with two 

bioreactors (STR1 and STR2) taken on different time after 72 h of incubation at 37 °C 
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    However, LDH had a different behavior. In the thermal stability test of samples from batch 

culture, LDH concentrations were not stable at 37 °C (data not shown). In the fed-batch culture 

with bioreactors, there was a clear degradation trend of LDH after incubation (Figure 11). The 

absorbance of supernatant samples after LDH assay decreased gradually after incubation. 

Therefore, LDH is not capable of being an indicator for estimating dead and lysed cell density 

precisely because it can be degraded during cultivation.  

 

 
Figure 11: Absorbance at 492 nm of STR2 supernatant samples taken on different time after 

LDH assay versus incubation time 

    To summarize, dsDNA has shown good thermal stability while LDH was not stable at cell 

culture conditions. Therefore, cell lysis quantification was performed with dsDNA as the indicator 

using the method described in Section 2.2.2.4.  

 

2.3.2. Simulation results 
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Figure 12: Comparison between model simulations of bioreactor 1 (solid line) and bioreactor 2 

(dash line) (Edward, 2022) versus experimental data of bioreactor 1 (closed circle) and 

bioreactor 2 (open circle) for nine variables (a–i). R2 was used to evaluate the goodness of fit   

    Parameters in the equations listed in Section 2.2.3. were determined by minimizing wRMSE as 

described before. After determining parameters for STR1 and STR2 separately, the results of the 

simulation were plotted as shown in Figure 12 above in comparison with experimental data. 

Besides, some parameters are listed in Table 3 below.  

 

    In Figure 12a, total cell densities in STR1 and STR2 were modeled precisely (R2 = 0.98). Two 

bioreactors had similar profiles in total cell density because they were operated under the same 

conditions before 240 h and cell growth happened during this period. Some deviations can be 

found for the data points before 144 h, which are due to the simplicity of the model. By comparing 

model parameters related to total cell density (𝑟"*7 and 𝑋;,	"*7) of STR1 and STR2 in Table 3, it 

was found that these parameters are close. However, values are not exactly the same, which is due 

to batch-to-batch variation.  

 

    Besides, viable cell densities (Figure 12b), dead cell densities (Figure 12c) and lysed cell 

densities (Figure 12d) fitted experimental data well (R2>0.95) based on model equations. Profiles 
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of viable cell density and lysed cell density were comparable between the two bioreactors. In 

contrast, cell death in STR2 was accelerated after pH shift resulting in a larger amount of dead 

cells in STR2 over STR2. This phenomenon can be explained by the faster accumulation of 

ammonia. Ammonia is known to be toxic to cells. As shown in Figure 12f, ammonia 

concentrations throughout the cell culture were modeled successfully. At first, ammonia was 

produced as a result of glutamine consumption. When glutamine was not available, ammonia was 

used as an alternative nitrogen source for cells and consumed until the cell growth stopped. Similar 

behavior was reported in other mammalian cell lines (Lie et al., 2019). After that, ammonia was 

produced again due to the cell maintenance (Xu et al., 2019). According to the specific ammonia 

production rate at 6.75 (𝑞!"",2.45) and 7.15(𝑞!"",4.65) listed in Table 3, it was found that specific 

ammonia production rate was increased dramatically after the pH shift. As a result, ammonia 

concentration was higher in STR2, which is in line with the observation reported previously (Lee 

et al., 2021). Finally, the higher ammonia concentration led to faster cell death in STR2. In general, 

the changes in ammonia concentration were modeled successfully. However, some deviations 

between the real data and simulation can be noticed in the late stage of cell culture, which was due 

to the simplicity of the model. Besides, based on the change in specific ammonia production rate, 

the effect of pH shift was quantified, which improves the understanding of the process.  

 

    In addition, lysed cell density was simulated with high accuracy as well (Figure 12d). 

According to data points and profiles of simulation of STR1 and STR2, lysed cell densities in the 

two bioreactors were similar. Similarly, related model parameters ( 𝑘,),01  and 𝑘),01 ) were 

comparable between the two bioreactors suggesting that pH shift hardly had any effects on the cell 

lysis. In Figure 12e, glutamine concentrations were simulated accurately as well. Two bioreactors 

have shown similar profiles and some variations can be due to experimental and measurement 

errors.  

    The equations gave a good estimation of VLP concentration in two bioreactors (R2>0.95). Based 

on our previous observations, the release of VLPs happened after 144 h of cell culture. As 

mentioned before, STR2 had more dead cells than STR1. However, VLP concentrations were still 

comparable in the two bioreactors. Based on the 𝑉𝐿𝑃"*7 listed in Table 3, this phenomenon can 

be explained. 𝑉𝐿𝑃"*7 is the maximum intracellular VLP content in a single cell. It was 3.85×10-

12 g cells-1 in STR1 and 3.39×10-12 g cells-1 in STR2. This difference came from the batch-to-batch 
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variation which is due to the nature of cells instead of pH shift. As indicated by 𝑡8)9,$% which is 

the time required for VLP accumulation to reach its maximum, intracellular VLPs can achieve the 

peak before the pH shift. Therefore, compared with the control group, the treatment group (STR2) 

had higher dead cell density and lower value of 𝑉𝐿𝑃"*7 resulting in insignificant difference in 

VLP yield. In addition, the VLP concentrations were modeled accurately with the newly proposed 

equation which correlates cell death and lysis with VLP concentration (Equation 2-10). Therefore, 

this equation can potentially be used to model production processes whose product release depends 

on cell death and lysis such as other non-enveloped VLPs. 

 

    Finally, concentrations of glucose (Figure 12h) and lactate (Figure 12i) were modeled with the 

proposed kinetic model. In terms of glucose, this model can only provide rough estimations of its 

concentration (R2 = 0.67 and 0.52 for STR1 and STR2, respectively). These deviations were 

caused by experimental and measurement errors. Besides, model simplicity is responsible for the 

deviations. Lactate concentrations were described by the model with reasonable accuracy. Lactate 

was produced by cells before 120 h and switched to consumption after 120 h. The pH shift hardly 

had any impact on the lactate concentration as STR1 and STR2 showed similar profiles.   

 

    According to the simulation results, model equations proposed in this research were capable of 

simulating experimental data of CVA6 VLP vaccine production process. Several model 

parameters were assumed to be constant including the yield constants and specific consumption or 

production rates of metabolites. Using constants instead of Michaelis Menten type term was 

beneficial for keeping the simplicity of the model. Bioprocess models are overparameterized, 

which has the risk of overfitting. Therefore, I used as few model parameters as possible. These 

parameters turned out to be capable of modeling the process with high accuracy. In terms of the 

equation for the lactate, a Monod type term was used because a single constant was not enough to 

capture the behavior of lactate concentration. Another method to avoid overfitting is using 

regularization term. More concretely, because two bioreactors were operated under the same 

conditions before 240 h, their parameters can be used to regularize each other. The cost function 

for parameter determination can be rewritten to minimize the distance between simulation and 

experimental data as well as the difference between parameters from STR1 and STR2 at the same 

time. Model parameters can also be shared for STR1 and STR2. However, it will also lose the 
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precision of the simulation because of batch-to-batch variations. It should be noted that there exists 

a tradeoff between precision and generality for the purpose of modeling. 

 

There are still several limitations of this model. This model can only simulate the processes 

whose product release relies on cell death and lysis because the equation of product concentration 

was correlated to cell death and lysis. Besides, since different cell lines have their own limiting 

substrates or toxicities, model equations of cell growth, death, lysis, and metabolite production and 

consumption are not generally applicable to all CHO cell lines. To apply this model to other cell 

lines, equations need to be adapted and customized according to the cell behavior. Moreover, the 

effects of dilution were not taken into consideration in the model construction. To enable the 

modeling of fed-batch mode, an additional dilution term should be added to each equation. 

 

Table 3: Model parameters of STR1 and STR2. 

Parameter  STR1 STR2 

𝑟!"# (h-1) 0.042 0.044 

𝑋$,	!"# (108 cells L-1) 181.1 191.5 

𝑘',	!() (10-4 h-1) 2.5 1.7 

𝑘'*,	+, (10-3 h-1) 8.8 6.9 

𝑘*,	+, (10-3 h-1) 1.4 1.3 

𝑘',-."- (10-4 h-1) 5.1 3.3 

𝐾'!"" (mM) 0.59 0.60 

𝑌/#/%&' (1012 cells mol-1) 1.90 2.45 

𝑌0!!/23) (-) 1.45 1.84 

𝑌/#/!"" (1012 cells mol-1) 1.74 1.08 

𝑞0!!,	4.67 (10-15 mol cell-1 h-1) 0.95 1.65 

𝑞0!!,	8.47 (10-15 mol cell-1 h-1) N.A. 2.66 
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𝑉𝐿𝑃!"#	 (10-12 g cell-1 ) 3.85 3.39 

𝑞9*: (10-13 g cell-1 h-1) 0.59 1.08 

𝑡9*:,;< (h) 209.5 175.3 

 

2.3.3. Local sensitivity analysis 

 
Figure 13: Results of local sensitivity analysis shown by the relative change in the final VLP 

yield in response to a 10% change in initial conditions and model parameters. 

    In the previous, it was found that there was batch-to-batch variation even though two bioreactors 

were operated under the same conditions before 240 h. Therefore, in order to further understand 

how the CVA6 VLP production process responds to small variations in the initial conditions, 

sensitivity analysis was carried out. Besides, this analysis also determined the impact of small 

changes in the model parameters on the final product yield. To do so, the analysis was conducted 

in a one-way manner by increasing or decreasing one factor by 10% independently while keeping 

other factors constant (Qian and Mahdi, 2020). Then, the final VLP concentration on 240 h was 

recorded.  
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    As shown in Figure 13, a tornado plot was used to visualize the results of sensitivity analysis. 

The initial glutamine concentration was found to have a huge impact. A 10% increase in the initial 

glutamine concentration was predicted to lead to a 20.19% increase in the VLP concentration on 

336 h. Higher glutamine concentration will result in an elevated level of ammonia concentration 

which could speed up cell death. As a result, more VLPs can be released from dead cells giving a 

higher yield. However, the VLP yield is not sensitive to the changes in the initial ammonia 

concentration because the numerical value of it was too low. To summarize, the sensitivity analysis 

for the initial conditions has identified glutamine supplementation in the medium as an important 

material attribute that needs to be controlled carefully. Conversely, the variance in the initial 

ammonia concentration cannot affect the final product yield much.  

 

Similarly, sensitivity analysis was also carried out to determine the influence of model 

parameters. The decrease in 𝑟"*7 can lead to a lower final product yield since 𝑟"*7 is related to 

cell growth and the decrease of it will reduce the total cell number which reduces dead and lysed 

cell density subsequently. Besides, the decrease in 𝑋;,"*7 also has a negative effect on the VLP 

yield, but its impact is limited compared with the decrease in 𝑟"*7. The final VLP concentration 

is also affected by the yield coefficients as changes in these coefficients will change the ammonia 

concentration which affects the rate of cell death. More concretely, a 10% independent increase in 

𝑌>#/&'(, 𝑌!""/&'(, or 𝑌>#/!"" would improve VLP concentration by 9.33%, 10.48%, and 4.62%, 

respectively. In addition, ammonia concentration can also be affected by specific ammonia 

production rate which means the amount of ammonia produced by a single cell in a given period. 

This rate was changed at different pHs. Increases in 𝑞!"",4.65 and 𝑞!"",2.45 will accelerate the 

accumulation of ammonia. As a result, dead cell density will increase and VLP concentration is 

supposed to be higher. Besides, changes in final VLP yield could also be induced by 10% changes 

in model parameters that are related to cell death and lysis. Since most dead and lysed cells were 

generated during the late stage of cell culture, 𝐾,,"/( only had quite limited impact on VLP yield 

because it was the specific death rate during the early stage instead of the late stage. By contrast, 

4%–6% difference in the final VLP concentration can be generated in response to 10% variances 

in 𝑘,,-.*-, 𝐾,!"", and 𝑘),01. Finally, there are two model parameters that are directly related to 

VLP production, namely 𝑉𝐿𝑃"*7 and 𝑞8)9. The final VLP concentration is sensitive to the change 

in 𝑉𝐿𝑃"*7  as a 10% increase in 𝑉𝐿𝑃"*7  could improve VLP yield by 9.25%. Conversely, the 
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effect of 𝑞8)9 is limited. In addition, VLP concentration on 336 h was also influenced by the timing 

of pH shift. Based on the result of local sensitivity analysis, it was suggested that VLP yield can 

be improved by shifting the pH on the earlier time.  

 

    Results of sensitivity analysis suggested that the VLP yield can be improved by changing the 

initial culture conditions and model parameters, especially glutamine concentration. However, 

increasing the initial glutamine concentration would also lead to high ammonia concentration 

which has negative effect on product quality as mentioned before. In addition, it was important 

to verify the result of sensitivity analysis based on model simulation by performing additional 

experiments. However, changing one single model parameter independently without changing 

other parameters was quite difficult, which hindered the validation of results. 

2.3.4. Effect of the pH shift timing on VLP production 

 

 
Figure 14: Prediction of experimental performance of the VLP vaccine production process with 

various pH shift timings for six variables (a–h). 168 h (black), 192 h (deep green), 216 h (red), 

240 h (yellow), 264 h (purple), 288 h (light green), 312 h (deep blue), and 336 (light blue) denote 

the time when a pH shift is performed. 

 

In the result of local sensitivity analysis, it was found that VLP yield could be improved by 

shifting the pH earlier. Therefore, to further investigate the impact of pH shift timing on the cell 

culture performance, predictions were conducted based on the calibrated model. The results are 

displayed in Figure 14. Prediction of ammonia concentration over time under different pH shift 
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timing was shown in Figure 14e. It was noticed that the production of ammonia was accelerated 

after the pH shift. As a result, higher dead cell density can be observed in the cell culture with 

pH shift on earlier time as shown in Figure 14b. Besides, lysed cell density was also elevated 

slightly if the pH shift was conducted on earlier time (Figure 14c). Glutamine consumption was 

hardly affected by the pH shift timing based on Figure 14d. Finally, the VLP concentration 

throughout the cell culture was predicted as well. Even though the cell culture with pH shift at 

168 h had the highest dead and lysed cell density, the product yield of it was still low. This 

phenomenon can be explained by the suppression effect of pH shift on the VLP accumulation. 

Based on our previous observation, after the pH downshift, intracellular VLP accumulation 

would be stopped and the 𝑉𝐿𝑃"*7 could not be reached. Therefore, in spite of the highest dead 

and lysed cell density, a pH shift at 168 h did not produce the most VLP. By contrast, if pH shift 

was performed at 192 h or later time, 𝑉𝐿𝑃"*7 can be reached. Therefore, cell culture with a pH 

shift at 192 h can generate the highest VLP yield because 𝑉𝐿𝑃"*7 is achievable and it had a 

higher number of dead and lysed cells. Compared with the cell culture without a pH shift, cell 

culture with a pH shift on at 192 h could improve the final product concentration at 336 h by 

approximately 20%.  

 

    It would be beneficial to validate the model prediction by performing additional experiments. 

However, due to technical difficulties, model validation was absent. Besides, it was also difficult 

to verify the simulation in the presence of batch-to-batch variation. But the result of prediction was 

still in line with previous studies. More specifically, several reports have revealed that pH 

downshift could lead to elevated ammonia concentration (Lee et al. 2021; Trummer et al. 2006). 

In addition, ammonia was known to be toxic for cells (Schneider 1996) and it can induce cellular 

apoptosis (Wang et al.2018). Therefore, accelerated cell death due to high ammonia concentration 

caused by pH downshift predicted by the kinetic model was reasonable. 

To further improve the VLP yield, pH shift strategy can not only be optimized by changing the 

pH shift timing. The optimal pH value also needs to be determined. However, in this research, 

only two pH values (pH = 7.15 and 6.75) were investigated. To optimize the pH value, cell culture 

at different pHs needs to be explored. pH-dependent model parameters can be determined. 

Mathematical functions between pH value and pH-dependent model parameters would be built by 
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linear regression or more advanced machine learning algorithms, enabling hybrid modeling. Based 

on this procedure, the optimal pH shift value can be predicted and determined. 

 

2.3.5. Multiple objective optimization 

 
Figure 15: Surface plot of desirability as a function of cultivation and pH shift timings. 

    For the production of biopharmaceuticals, product yield is one of the important objectives but 

not the only one. Product quality is another aspect worth consideration. In the previous section, 

shifting pH to a lower value during the cell culture led to higher ammonia concentration, which 

increased the number of dead cells and therefore improved the VLP yield. However, at the same 

time, ammonia concentration needs to be carefully controlled because a high ammonia 

concentration can suppress the expression of glycosylation genes in CHO cells, which inhibits the 

glycosylation of the recombinant proteins produced by cells (Chen and Harcum, 2006). As a type 

of recombinant protein, glycosylation of VLPs also plays a critical role. A previous study has 

reported that glycosylation is important for triggering the immune response for VLP vaccines 

(Lavado‐García et al., 2022). In addition, glycosylation plays important roles in the function and 

structure of VLPs including glycoprotein folding and VLP assembly subsequently (Chen and Lai, 

2013). Therefore, a high ammonia concentration needs to be avoided during the cell culture. Thus, 

another objective of the production of CVA6 VLP vaccines is to minimize the ammonia 

concentration when cultivating cells and there exists a trade-off between product yield and quality. 
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In order to make decisions for this tradeoff quantitatively, I combined the desirability methodology 

with the model simulation. I customized a desirability function to maximize the product 

concentration while keeping the ammonia concentration as low as possible simultaneously.  

    To visualize the result of multiple-objective optimization using desirability methodology, a 

surface plot was applied as shown in Figure 15. The value of desirability was indicated as a 

function of cultivation time and pH shift time by the height of the surface as well as the color. 

Generally, at a given pH shift time, the desirability value increased gradually at first during the 

cell culture because VLPs were released. However, its value slightly dropped by the end of cell 

culture because of the elevated ammonia concentration. Besides, desirability can also be improved 

by shifting pH later. It is noteworthy that there was a diagonal on the surface. This diagonal 

represents that the pH shift time equals the culture time. If the pH shift time was later than the 

cultivation time, the result would be the same. Based on the result of the desirability methodology, 

it was predicted that the cell culture without a pH shift stopped at 311 h was the most desired 

operating strategy to balance the trade-off between product yield and quality.  

 

2.4. Conclusion 
 
    In this chapter, I proposed a novel kinetic model of the CVA6 VLP vaccine production process 

using CHO cell culture since the current models are not capable of modeling the production 

process. Based on our previous observations, the production of CVA6 VLP was strongly correlated 

to cell death and lysis. Therefore, to construct this model, I developed a protocol for the 

quantification of cell lysis firstly because it cannot be measured directly using image-based 

analyzers. Two candidates of cell lysis indicators namely LDH and dsDNA were tested. For the 

samples taken from batch culture, dsDNA was found to be stable at the temperature of cell culture 

(37 °C). However, the concentration of LDH was not constant after the incubation at 37 °C. Similar 

behaviors were observed in the samples from fed-batch cultures in bioreactors. The concentration 

of dsDNA remained stable after incubating for 96 h in the samples from bioreactors while there 

was a clear trend of degradation in the LDH concentration after 96 h of incubation. Therefore, 

dsDNA was selected as the indicator for determining lysed cell density.  
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    After acquiring the information on cell lysis and combining it with the data of cell culture kindly 

provided by Dr. Thao, I constructed a kinetic model based on the data. Model equations were 

proposed based on my understanding of the process or by adapting previous equations to fit the 

process. The results of the simulation have shown that the constructed model was able to describe 

the kinetics of most process variables with high quality. Concretely, total, viable, dead, and lysed 

cell densities during cultivation were simulated with high accuracy. Besides, time-dependent 

concentrations of glutamine, ammonia, and lactate were modeled precisely as well. Nevertheless, 

due to the simplicity of the model as well as experimental and measurement errors, the constructed 

model was unable to describe the changes in glucose concentration accurately. Finally, the newly 

proposed equation correlating the VLP concentration with cell death and lysis was qualified to 

model the CVA6 VLP concentration precisely. Additionally, model parameters also improved the 

understanding of the process. Specifically, the pH downshift accelerated ammonia accumulation 

during the cultivation. This effect was described quantitatively through a model parameter named 

specific ammonia production rate. In addition, even though STR2 had higher dead cell 

concentration, the VLP yield was not improved much. This phenomenon can be explained by the 

difference in the model coefficient called maximum intracellular VLP content, which was due to 

batch-to-batch variation.  

 

    Subsequently, a series of analysis was performed with the help of the constructed model in order 

to facilitate the process development of CVA6 VLP production. According to the result of the 

sensitivity analysis, the impact of variances in the initial conditions and model parameters on the 

final VLP concentration was determined. The initial glutamine concentration was suggested to be 

an important material attribute that can affect the final product yield considerably. Therefore, 

glutamine supplementation needs to be carefully designed and controlled. Also, the final VLP 

yield was sensitive to the small variance in the maximum intracellular VLP content. Since 

sensitivity analysis revealed it was possible to improve the VLP yield by shifting the pH on earlier 

time, predictions were conducted if the pH shift was performed on different timing. Based on the 

predictions using the calibrated model, the optimal pH shift timing was 192 h so that the VLP 

concentration by the end of cell culture could be maximized. However, it was found that a tradeoff 

between product yield and quality existed. Therefore, to perform multiple objective optimization, 

desirability methodology was applied and integrated with the model simulation. The most desired 
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operating condition that can balance the trade-off between product yield and quality was predicted 

to be the cell culture without a pH shift at 311 h. To summarize, the constructed model is a versatile 

tool to assist the process development of CVA6 VLP vaccine production. It enabled in silico 

process development by guiding the decision making in a quantitative manner.  

    In terms of future perspective, the newly proposed equation that correlates VLP concentration 

with cell death and lysis provides an opportunity to model other production processes whose 

product could not be released such as other non-enveloped VLP vaccines. Besides, this model also 

has the potential to be integrated into data-driven modeling such as artificial neural network 

enabling hybrid modeling which can further model the effects of different pHs (Narayanan et al., 

2019). It can also be combined with downstream models so that the optimization can be performed 

in silico at a system level instead of optimizing unit operations independently. In addition, the 

constructed model could also contribute to the implementation of DT as modeling is one of the 

key components in the concept of DT. As the biopharmaceutical industry is moving towards 

industry 4.0, DT is highly desired to achieve online process monitoring and control and therefore 

enable more advanced manufacturing in the biopharmaceuticals (Cardillo et al., 2021; von Stosch 

et al., 2021).  

 

    The limitation of this part of the research is that this deterministic model can only simulate or 

predict a single value at each time point without providing any information on the uncertainty. In 

the field of bioprocess, there are a few sources of uncertainties in the process. These uncertainties 

may come from the nature of cells, variations in raw materials, fluctuations of controllers, as well 

as experimental and measurement errors. As a result of these uncertainties, the cell culture 

performance of parallel experiments can be different even if materials and operating conditions 

are kept the same as much as possible. In Section 2.3.2., it was also found that even though two 

bioreactors were operated under the same conditions before 240 h, their performance still had some 

deviations. More importantly, the variation in 𝑉𝐿𝑃"*7, which is due to the nature of cells, has 

resulted in insignificant improvement in the final VLP yield over the control group even though 

STR2 had more dead and lysed cells. Therefore, a probabilistic model that can provide both mean 

and variance of model parameters is needed to provide quantitative information on the uncertainty 

of the production process of the CVA6 VLP vaccine. Thus, in the next chapter, I constructed a 

probabilistic model to quantify the uncertainty of the CVA6 VLP vaccine production process.  
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3. Chapter 3: Probabilistic modeling of a CVA6 VLP vaccine 

production process using CHO cell culture 
 

3.1. Introduction 
 
    In the field of biopharmaceutical production, batch-to-batch variation means that even 

production process is operated under the same conditions using the same materials and equipment 

as much as possible, the performance of the production process such as product yield and quality 

can be still different among different batches. This variation is inevitable since there are many 

uncertainties involved in the bioprocess contributing to the variation. For instance, there can be 

variations in the raw materials such as media composition. Also, fluctuations in controllers may 

happen due to the nature of the control system. These changes can lead to differences in the final 

products. Besides, experimental, human, and measurement errors are sources of uncertainties in 

bioprocess as well. From the standpoint of regulatory agencies, batch-to-batch variation needs to 

be carefully monitored and controlled in order to avoid unqualified products that might be harmful 

to the patients.  

 

    Therefore, GMP regulates the production process of drug substances and should produce 

products with high quality consistently. Thus, the batch-to-batch variation should be studied in 

order to be in compliance with GMP. Probabilistic models are useful tools for studying batch-to-

batch variation. Different from deterministic models which can only provide a single value of 

variables at a given time point, probabilistic models can provide probability distribution 

throughout the process. The simulation generated by deterministic models can be considered as 

the average of cell culture performance. This averaged result is enough for the purpose of 

optimization, but it is not qualified for online process control in some cases. More concretely, for 

instance, during the CHO cell culture, glucose concentration is generally kept above 2 g/L. For 

predictive and online control, deterministic models can only predict when the glucose is lower than 

the set point on average, but outliers may occur sometimes. By contrast, probabilistic models can 

provide uncertainty information allowing decision-making based on the worst case to avoid 

negative effects caused by outliers. In the bioprocess design, there are scenarios that require 
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consideration based on the worst case to eliminate the risk of batch failure because batch failure is 

expensive. To enable the consideration based on the worst case, probabilistic models are needed. 

Besides, probabilistic models take stochasticity into consideration, they are highly desired for the 

implementation of DT because they can represent the real world better. In addition, as mentioned 

in the previous chapter, the constructed deterministic model was unable to provide information 

about variance between batches and the variation in 𝑉𝐿𝑃"*7 resulted in insignificant improvement 

in the final VLP concentration in STR2. Thus, in this chapter, I performed probabilistic modeling 

for the CVA6 VLP production process in CHO cells. Different from the fed-batch culture using 

bioreactors in the previous chapter, data was collected from batch culture of CVA6 VLP-producing 

CHO cells using shaking flasks. The reason for choosing batch culture in shaking flasks was that 

the number of studies discussing probabilistic modeling in bioprocess is quite limited currently 

and it was better to start with the process which contained fewer uncertainties and was easier to 

quantify. Compared with fed-batch culture using bioreactors, batch culture using shaking flasks 

was free of uncertainties from the addition of feeding media and fluctuations of several control 

systems such as pH and DO control. Therefore, cell cultures were performed in parallel using 

shaking flasks in a batch mode.  

 

 
Figure 16: Frequentist and Bayesian approaches for performing probabilistic modeling. 
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    In terms of computational work after the data collection, two approaches could be applied to 

perform probabilistic modeling namely frequentist and Bayesian approaches as shown in Figure 

16 (Hernández Rodríguez and Frahm, 2020). Frequentist approach is purely based on the data 

while Bayesian approach allows the use of both data and prior knowledge when performing the 

parameter estimation. To the best of my knowledge, there is no research comparing the 

performance of two approaches in the field of bioprocess and it is difficult to evaluate which one 

is better in advance. Therefore, in this chapter, I tried to use both methods and compared the 

advantages and disadvantages of them.  

 

    To conduct frequentist approach, sampling techniques are commonly used. So, I applied the 

Monte Carlo (MC) method under the assumption that the data at each time point either followed 

univariate or multivariate Gaussian distribution. Subsequently, sampling was carried out to 

generate a large data set following the computed distributions. Then, parameter estimation was 

performed given the generated data set, and the performance of univariate and multivariate 

Gaussian distribution was compared and discussed. In terms of Bayesian method, Metropolis-

Hasting, which is a Markov Chain Monte Carlo method, can be used to provide a numerical 

solution for estimating the uncertainties of parameters (Hernández Rodríguez and Frahm, 2020). 

Briefly, the posterior distribution of parameters can be computed by using the prior distribution of 

parameters and observations (the data) through Bayesian theorem and a more detailed description 

will be provided in the next section. After trying the methods mentioned above, their performance 

was compared, and limitations were discussed.  

 

3.2. Materials and methods 

 

3.2.1. Flask culture 

 

    In order to acquire data for the probabilistic model construction, cell cultures were performed 

using 4 shaking flasks in parallel. Materials and culture conditions were kept the same as listed in 

Section 2.2.1.1. Briefly, CVA6 VLP-producing CHO-S cells provided by BIKEN Group Japan 

were cultivated. CD FortiCHO™ medium (Thermo Fisher) and 0.5 L Optimum Growth® Flasks 

(Thomson Instrument, CA, USA) with 0.1 L working volume were used for the cultivation. 8 mM 
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glutamine (Fujifilm Wako) was supplied initially. A humidified incubator (Climo-Shaker, Kuhner, 

Switzerland) operated at 37 °C, 8% CO2, and 140 rpm was applied. 

 

3.2.2. Analytical methods 

 

    Samples of cell cultures were taken every 24 h. A ViCell machine (Beckman Coulter) was 

utilized to perform cell counting for the samples. The supernatant of samples was collected by 

centrifuging samples at 14000 g for 5 minutes. Measurement of dsDNA concentrations in the 

supernatant was carried out using the Quant-iT PicoGreen dsDNA Assay Kit (Thermo Fisher 

Scientific) following the procedure described in 2.2.1.2. A YSI 2900 analyzer (YSI Life Sciences, 

Yellow Springs, USA) was used to conduct measurements for glucose, lactate, glutamine, and 

ammonia concentrations. In terms of CVA6 VLP quantification, a sandwich ELISA protocol 

developed by Biken Group Japan was used. The procedure was described in Section 2.2.2.5. 

 

3.2.3. Model update for batch culture 

 

    Cell culture using shaking flasks in a batch manner had shown some different behaviors 

compared with cultivation using bioreactors in a fed-batch mode. There were many potential 

reasons accounting for the phenomenon. For instance, nutrient depletion was one of the reasons as 

nutrients such as glucose can be used out without additional supplements in the batch culture 

leading to steep cell death by the end of cell culture. Besides, shear stresses experienced by cells 

were also different as impellers were used in the bioreactors. Therefore, the kinetic model was 

updated to fit the behaviors of batch culture using flasks of CVA6 VLP-producing cells.  

 

 𝑑𝑋;
𝑑𝑡 = 	𝑟𝑋; (3-1-a) 

 
𝑟 = 	 𝑟"*7 ∙ 21 −

𝑋;
𝑋;,"*7

5 (3-1-b) 

    where 𝑋;  represents total cell density; 𝑟  stands for intrinsic growth rate and 𝑟"*7  denotes 

maximum intrinsic growth rate; 𝑋;,"*7 is maximum total cell density. 

 



Chapter 3: Probabilistic modeling of a CVA6 VLP vaccine production process using CHO cell culture 

 64 

    The same logistic equations (Equation 2-1-a and 2-1-b) were also applied in describing the 

concentration of total cell density in the batch culture. These equations were found to be qualified 

for simulating total cell density in the fed-batch culture with only two model parameters reducing 

the risk of overfitting.  

 
𝑑𝑋-
𝑑𝑡 = 	𝑘,𝑋< (3-2-a) 

Before 120 h:  

𝑘, =	𝑘,,"/( (3-2-b) 

After 120 h:  

𝑘, =	𝑘,,-.*- (3-2-c) 

𝑑𝑋<
𝑑𝑡 = 	𝑟𝑋; − 𝑘, ∙ 𝑋< (3-3) 

    where 𝑋- denotes dead cell density and 𝑋< stands for viable cell density; 𝑘, is specific death 

rate; 𝑘,,"/( represents minimum death rate; 𝑘,,-.*- stands for death rate during dead phase. 

 

    Based on the results of dsDNA measurements and cell counting, it was found that most dsDNA 

was released by dead cells and very few lysed cells were detected. Therefore, lysed cells were not 

taken into consideration in the modeling of batch culture, and terms related to lysed cells were 

removed from model equations. Besides, in the batch culture, cells died steeply after 120 h 

potentially due to the depletion of nutrients. Therefore, two death rates (𝑘,,"/( and 𝑘,,-.*-) were 

used as kinetic parameters to model the cell death. 𝑘,,-.*- was a constant since many factors might 

contribute to the cell death at the end of batch culture, which was difficult to model. Similar to 

Equation 2-4, viable cell concentration was given by the difference between total and dead cell 

density.  

 

If (𝑐&'$ > 0 mM):  
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𝑑𝑐&'$
𝑑𝑡 = 	−(𝑟𝑋; − 𝑘,𝑋<)/𝑌>#/&'$ −	𝑚&'$𝑋< (3-4-a) 

If (𝑐&'$ = 0 mM):  
𝑑𝑐&'$
𝑑𝑡 = 0 (3-4-b) 

Before 72 h:  

𝑑𝑐)*$
𝑑𝑡 = :(𝑟𝑋; − 𝑘, ∙ 𝑋<)/𝑌>#/&'$ 	− 𝑚&'$𝑋<; ∙ 𝑌)*$/&'$ (3-5-a) 

After 72 h:  

𝑑𝑐)*$
𝑑𝑡 = :(𝑟𝑋; − 𝑘, ∙ 𝑋<)/𝑌>#/&'$ 	− 𝑚&'$𝑋<; ∙ 𝑌)*$/&'$ − 𝑞)*$𝑋< (3-5-b) 

𝑞)*$ =	𝑞)*$,"*7 ∙
𝑐)*$

𝐾)*$ + 𝑐)*$
 (3-5-c) 

 

    where 𝑐&'$ and 𝑐)*$ denote glucose and lactate concentrations, respectively; 𝑌>#/&'$ represents 

yield coefficient of cell proliferation to glucose uptake; 𝑚&'$ is specific glucose consumption rate 

for cell maintenance; 𝑌)*$/&'$ stands for yield coefficient of lactate production to glucose uptake 

and 𝑞)*$ is specific lactate uptake rate; 𝑞)*$,"*7 denotes maximum lactate uptake rate and 𝐾)*$ 

denotes Monod kinetic constant for lactate uptake.  

 

    For the purpose of modeling glucose and lactate concentrations in batch culture, equations used 

in Section 2.2.3 were modified slightly to fit the behavior of cells in batch culture. Glucose 

consumption was modeled as a result of cell growth and maintenance when glucose was available. 

After glucose was depleted, the concentration of it did not change anymore since no feeding 

medium or glucose supplement was added. Lactate concentration was modeled using the same 

equations as Equation 2-6-a, 2-6-b, and 2-6-c without cell lysis terms. The time of the lactate 

switch was changed to 72 h according to the experimental observation.  

 

If (𝑐&'( > 0.3 mM):  
𝑑𝑐&'(
𝑑𝑡 = −(𝑟𝑋; − 𝑘, ∙ 𝑋<)/𝑌>#/&'( (2-6-a) 
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𝑑𝑐!""
𝑑𝑡 = (𝑟𝑋; − 𝑘, ∙ 𝑋<)/𝑌>#/&'( ∙ 𝑌!""/&'( (2-7-a) 

If (𝑐&'( = 0.3 mM):  

𝑑𝑐&'(
𝑑𝑡 = 0 (2-6-b) 

𝑑𝑐!""
𝑑𝑡 = −(𝑟𝑋; − 𝑘, ∙ 𝑋<)/𝑌>#/!"" + 𝑞!""𝑋< (2-7-b) 

    where 𝑐&'( and 𝑐!"" are glutamine and ammonia concentrations, respectively; 𝑌>#/&'( is yield 

coefficient of cell proliferation to glutamine uptake and 𝑌!""/&'( is yield coefficient of ammonia 

production to glutamine uptake; 𝑌>#/!"" denotes yield coefficient of cell proliferation to ammonia 

uptake and 𝑞!"" denotes specific ammonia production rate.  

 

    Changes in glutamine and ammonia concentrations were simulated using similar equations as 

those described in Section 2.2.3. Similarly, terms related to cell lysis were removed. Besides, it 

was found that glutamine concentration stopped dropping after reaching 0.3 mM, approximately. 

This phenomenon was possibly due to the error of the measurement instrument. Therefore, the 

threshold of glutamine concentration was set to 0.3 mM in the case of batch culture.  

 

𝑑𝑐8)9
𝑑𝑡 = 	𝑉𝐿𝑃"*7 ∙ 𝑘, ∙ 𝑋< (3-8) 

    where 𝑉𝐿𝑃"*7 denotes the maximum amount of VLPs accumulated intracellularly and 𝑐8)9 is 

VLP concentration in the medium.  

 

    Finally, the concentration of VLP in the medium was given by multiplying 𝑉𝐿𝑃"*7 with dead 

cell density. Different from fed-batch mode, in the batch culture, cells had less time for the VLP 

accumulation since the culture duration was shorter. Therefore, in this case, 𝑉𝐿𝑃"*7 was a constant 

in order to simplify this model.  

 

    After the kinetic model was updated, parameters and their uncertainties were estimated under 

the framework of either frequentist approach or Bayesian approach.  
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3.2.4. Frequentist approach for uncertainty quantification 

 

    In order to implement frequentist approach, the MC sampling technique was used to estimate 

the distribution of model parameters by assuming Gaussian distribution of data at each time point. 

Gaussian distribution was selected because observations can be affected by several factors such as 

experimental and measurement error and these factors are random and independent to each other. 

If more data is available, the distribution of observations can be further investigated. In this case, 

three data points were used to calculate their mean, variance, and covariance defining a Gaussian 

distribution at the given time point. Then, a large number of samples were generated by randomly 

sampling from the computed distribution. Based on the generated samples, model fitting was 

performed using the same method described in Section 2.2.3 many times, and parameters of each 

run were recorded so that the uncertainties of model parameters could be estimated.  

 

    More concretely, data from 4 flasks was divided into 2 groups, 3 flasks for the training set and 

1 flask for the test set. The flask for the test set was selected randomly. The training set was used 

for determining model parameters and their uncertainties respectively and the test set served as 

unseen data to evaluate the performance of frequentist approach. Based on the data of 3 flasks 

from the training set, distributions of variables such as viable cell density and glucose 

concentration at each time point can be estimated under the assumption of either univariate or 

multivariate Gaussian distribution.  

 

𝑝(𝑥; 𝜇, 𝜎) =
1

𝜎√2𝜋
𝑒A

6
1B
7AC
D E

$

 (3-9) 

    where 𝑝 is the probability density function; 𝑥 are variables at each time point; 𝜇 denotes mean 

and 𝜎 denotes standard deviation.  

 

    The formula of univariate Gaussian distribution was shown by Equation 3-9 above. The 

probability density function of variables at each time point was defined by two parameters, mean 

and standard deviation. In this case, variables at each time point were assumed to be independent 

to each other. Given three data points of variables at each time point in the training set, mean and 

standard deviation of the univariate Gaussian distribution were determined to define the 
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distribution. After distributions of variables at different time points were defined, 100,000 samples 

were generated following defined distributions using randn command in the Matlab. Then, based 

on the artificially generated samples, model fitting was conducted following the same method 

described in Section 2.2.3. wRMSD was minimized with the help of fminsearch command in the 

Matlab. After 100,000 runs, the parameters and results of the model simulation were recorded for 

the subsequent evaluation.  

 

    By contrast, multivariate Gaussian distribution takes covariance between data points into 

consideration. Its formula was shown below.  

 

𝑝(𝑥; 𝜇, 𝛴) =
1

(2𝜋)
(
1|𝛴|

6
1
𝑒A(

6
1(7AC)

%H&'(7AC)) (3-9) 

𝑥 = (𝑥6, 𝑥1⋯𝑥()  

𝛴 = 	X
𝑐66 ⋯ 𝑐6(
⋮ ⋱ ⋮
𝑐(6 ⋯ 𝑐((

[  

𝑐/I 	= 	𝐶𝑜𝑣_𝑥/ , 𝑥I` = 𝐸b(𝑥/ − 𝐸(𝑥/))(𝑥I − 𝐸_𝑥I`)c	  

    where 𝑥 is a matrix containing variables at different time points; 𝜇 denotes a vector containing 

means of variables at various time points; 𝛴 represents covariance matrix; 𝑛 stands for the number 

of variables in 𝑥 matrix. 

 

    Considering the data in the cell culture, data points are not independent to each other. For 

instance, the consumption of glucose is a cumulative process. More specifically, if the glucose 

concentration is high on the previous sampling time, it is more likely to be high on the subsequent 

sampling time. Therefore, it is important to investigate the difference between assuming 

multivariate and univariate Gaussian distribution when applying the MC technique for estimating 

the uncertainties in parameters of bioprocess kinetic models. To the best of my knowledge, such 

kind of comparison has not been reported by other studies. Thus, I also generated samples 

following multivariate Gaussian distribution estimated based on the same data set and compared 

its performance with the result from univariate Gaussian distribution assumption. To do so, the 
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covariance matrix of each variable was computed respectively using the cov command in Matlab. 

Then, covariance matrices and means of variables were used as inputs to generate 100,000 samples 

randomly following the estimated multivariate Gaussian distribution using mvnrnd command. 

Similar to the previous part, model fitting was conducted for 100,000 times and results of each run 

were recorded. To compare the difference between the assumption of univariate and multivariate, 

distributions of parameters and model simulation undertook a two-sample t-test using ttest2 

command in Matlab and p<0.05 was chosen as the significance level. The performance of 

probabilistic modeling was evaluated using the within-band score as shown by the Equation 3-10 

(Hernández Rodríguez and Frahm, 2020). A higher within-band score reflects better performance 

of model simulation as the model predicts unseen data points well. 

 

𝑤𝑖𝑡ℎ𝑖𝑛 − 𝑏𝑎𝑛𝑑	𝑠𝑐𝑜𝑟𝑒 = 	
𝑛J/;K/(AL*(-

𝑛;M;*'
× 100% (3-10) 

    where 𝑛J/;K/(AL*(- is the number of data points in the training or test set that located within the 

95% prediction interval of model simulation; 𝑛;M;*' is the total number of data points.  

 

    In addition, for the comparison between uncertainties of parameters from batch culture using 

flasks and fed-batch culture using bioreactors, the coefficient of variation (CV) was applied. CV 

allows comparing uncertainties across different scales by dividing standard deviation by mean as 

shown by Equation 3-11 below. 

 

𝐶𝑉 = 	
𝜎
𝜇 (3-11) 

 

3.2.5. Bayesian approach for uncertainty quantification 

 

    The basis of Bayesian approach is the famous Bayes’ theorem as shown by Equation 3-12. 

 

𝑝(𝜃|𝑦) = 	
𝑝(𝑦|𝜃) ∙ 𝑝(𝜃)

𝑝(𝑦)  (3-12) 
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    where 𝜃 represents a vector containing model parameters; 𝑦 is a vector containing observations 

(data); 𝑝 denotes probability density function; 𝑝(𝜃|𝑦) means the conditional probability density 

function of 𝜃 when 𝑦 is given (also called posterior distribution) ; 𝑝(𝑦|𝜃) denotes the conditional 

probability distribution of the occurrence of 𝑦 when 𝜃 is fixed (also call likelihood function).  

 

    Based on this equation, the distribution of model parameters can be estimated when data is given. 

More importantly, one of the advantages of Bayesian approach is that it allows the integration of 

prior distribution into the computation. Prior knowledge of parameters can be quantified first and 

then used to contribute to the computation. However, in this case, no prior knowledge was 

available since it was a novel model. Therefore, prior distribution of parameters was assumed to 

be uniformly distributed meaning that no prior information was provided.  

 

    This equation can be further simplified because 𝑝(𝑦)  is a constant which constrains the 

probability distribution integrated to 1. Therefore, Equation 3-12 can be updated. The posterior 

distribution of 𝜃 is proportional to the product of its prior distribution and the likelihood function 

as shown by Equation 3-13 below. 

 

𝑝(𝜃|𝑦) ∝ 	𝑝(𝑦|𝜃) ∙ 𝑝(𝜃) (3-13) 

 

    However, considering that 𝑝(𝑦|𝜃)  and 𝑝(𝜃)  are two distributions. It is computationally 

expensive to solve the product. Alternatively, some algorithms which can approximate the solution 

are available. Metropolis-Hastings algorithm was selected to give an approximation of the 

posterior distribution of model parameters since it is a general method and can solve high-

dimensional problems (Hernández Rodríguez et al., 2019). The pseudocode of performing 

Bayesian approach using Metropolis-Hastings algorithm was provided as follows.  

 
Pseudocode of Metropolis-Hasting algorithm for model parameter uncertainty estimation 

1: Give initial guess of model parameters 𝜃( 

2: For i = 0, 1, …, 100,000 do 

3: 𝜃′ = 	𝜃( 
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4: Sample 𝜃∗	~	𝑝(𝜃) 

5: Sample 𝑎	~	𝑈(0,1) 

6: Compute 𝑏 = 	 *(,|.
∗)∙1(.∗)

*(,|.2)∙1(.")
 

7: 𝑐 = min	(1, 𝑏) 

8: 𝐼𝑓	𝑎 < 𝑐:	𝜃2 =	𝜃∗ 

9: 𝐸𝑙𝑠𝑒:	𝜃2 = 𝜃2	 

10: Record 𝜃2 and model simulation 

11: End for 

 

    After the initialization by giving an initial guess of parameters to the current parameters (𝜃′), 

new parameters (𝜃∗) were proposed. For the parameter uncertainty estimation using data from flask 

1 in the training set, prior distribution was assumed to follow uniform distribution since no prior 

knowledge was available. After the parameter estimation, the posterior distribution of flask 1 was 

used as the prior distribution for the parameter estimation using flask 2. Similarly, the procedure 

of flask 3 used the posterior distribution of flask 2 as the prior distribution. Based on the proposed 

parameters, model simulation was performed using the updated kinetic model, and simulation 

results at time points that experiment samples were taken were collected as a matrix 𝑦∗. Then the 

likelihood can be computed using the following equation.  

 

𝐿(𝑦|𝜃) = 	 𝑒
(A61∑ ∑ (

P3,5AP∗3,5
D3,5

)$53 )
 (3-14) 

    where 𝑦/,I  is the experimental data of 𝑗  variable at time 𝑖  and 𝑦∗/,I  is the corresponding 

simulation result; 𝜎/,I is the standard deviation of 𝑗 variable at time 𝑖 computed based on data in 

the training set. 

 

    The product of likelihood and prior probability of proposed parameters was divided by the 

product of likelihood and prior probability of current parameters generating the ratio 𝑏. Then the 

ratio 𝑏 was further refined to make sure that it was not greater than 1 giving the new value 𝑐. A 

random number 𝑎 ∼ 𝑈(0|1) was used as the criterion. If 𝑏 is greater than 𝑎, the proposed model 

parameters would be accepted and replace current parameters. Otherwise, current parameters 

would be kept. Finally, current parameters and their simulation result will be recorded to estimate 

the posterior distribution.  



Chapter 3: Probabilistic modeling of a CVA6 VLP vaccine production process using CHO cell culture 

 72 

 

3.3. Results and discussion 

 

3.3.1. Results of frequentist method 

 

3.3.1.1. Random sample generation 

 

    Before performing model fitting, random samples generated based on the estimated univariate 

or multivariate Gaussian distribution were checked and compared. In the case of univariate 

Gaussian, samples of a variable at different time points were independently distributed. By contrast, 

samples generated by multivariate Gaussian distribution had covariance if data points were from 

the same variable at different time points. The result of the covariance matrix supported that the 

covariance between data points existed. In the covariance matrix, the diagonal entries are the 

variance of data points while non-diagonal entries are the covariance between data points. If these 

covariances are 0, it means that no covariance is found, and data points are independent to each 

other. Based on the given data, I found that covariances between data points from the same variable 

were nonzero (data not shown). Therefore, it was necessary to take covariance into consideration 

when implementing the MC technique. To further understand the impact of covariance, data points 

generated with univariate and multivariate Gaussian distributions were visualized. Glucose 

concentrations at 96 h and 120 h were used as an example as shown in Figure 17. 
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Figure 17: Data points of glucose concentration at 96 h versus 120 h generated by univariate 

(left) and multivariate (right) Gaussian distribution. 

 

    In Figure 17, on the left side, samples of glucose concentration at 96 h versus 120 h based on 

univariate Gaussian distribution were plotted. The points roughly formed a circle implying that 

glucose concentration at 96 h was independent to that at 120 h. More concretely, if vertical slices 

were taken at different glucose concentrations at 96 h, the glucose concentrations at 120 h followed 

the same Gaussian distribution. By contrast, points on the right side formed an ellipse roughly 

indicating the impact of covariance. If vertical slices were taken at different glucose concentrations 

at 96 h, it can be found that the distributions of those concentrations at 120 h were changed. If 

glucose concentration at 96 h was high, it was more likely that glucose concentration at 120 h was 

high. The same conclusion can also be drawn if taking horizontal slices at different glucose 

concentrations at 120 h.  

 

    Considering the scenario in the experiment. Glucose consumption is a cumulative procedure. 

When glucose concentration at specific time is high, it means the start point of glucose 

consumption is high and therefore glucose concentration at the later time would be high with 

higher possibility. Besides, high glucose concentration could also be due to low glucose 

consumption rate during previous period, which also implies low glucose consumption in the 

future resulting in high glucose concentration at later time.  
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    Therefore, by comparing samples generated by univariate and multivariate Gaussian 

distribution, the importance of covariance was confirmed. Cell culture is a cumulative process and 

data points are not independent to each other. However, one of the limitations of this study was 

that the data set provided might be not large enough to estimate multivariate Gaussian distribution 

because only 3 data points were provided at the same time point. Besides, in this case, the 

covariance was only assumed within a variable. Covariance across different variables was not 

taken into account. For instance, when viable cell density is high, whether glucose concentration 

is likely to be low or not since more cells are consuming the glucose. Thus, covariance across 

different variables needs to be discussed as well when a huge amount of data is available.  

 

3.3.1.2. Uncertainty quantification of model parameters and process variables 

 

    Based on generated samples, model fitting was performed 100,000 times for either univariate 

or multivariate Gaussian distribution. After that, model parameters and simulation distributions 

were recorded. Table 4 below lists the means and standard deviations of some model parameters. 

With the help of the two-sample t-test, statistically significant differences between parameter 

distributions using samples from univariate and multivariate Gaussian distributions were 

determined in several model parameters and labeled. It should be noted that values in the table 

were rounded off. Even though some model parameters in the table showed the same mean and 

standard deviation, they still had small differences in their mean and standard deviation in fact. 

Besides, since the model fitting has been conducted many times, the number of samples used for 

two-sample t-test was quite large. Therefore, small differences in mean and standard deviation 

between univariate and multivariate methods could still lead to statistically significant differences. 

It was found that distributions of 𝑋;,	"*7 , 𝑘,,	"/( , 𝑘,,-.*-  and 𝑌>#/789  estimated based on 

univariate and multivariate Gaussian distribution samples were significantly different suggesting 

that two different sample generation methods can lead to different distribution of model parameters 

in some cases. Meanwhile, no significant difference was determined in the distributions of 𝑟"*7, 

𝑌!""/&'(  and 𝑉𝐿𝑃"*7 , which indicates that distributions of some estimated model parameters 

were not influenced by covariance of variables at different time points.  
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Table 4: Model parameters including both means and standard deviations estimated by frequentist 

approach based on samples taken from univariate or multivariate Gaussian distribution. Significant 

differences between parameter distributions from univariate and multivariate Gaussian 

distributions were labeled by * (p<0.05). 

Parameter Univariate (mean±s.d.) Multivariate (mean±s.d.) 

𝑟!"# (10-2 h-1) 5.12±0.17 5.12±0.18 

𝑋$,	!"# (1010 cells L-1)* 1.27±0.05 1.27±0.05 

𝑘',	!() (10-4 h-1)* 2.44±0.22 2.44±0.21 

𝑘',-."- (10-2 h-1)* 3.25±0.28 3.25±0.26 

𝑌/#/%&' (1012 cells mol-1)* 1.03±0.06 1.03±0.06 

𝑌0!!/23) (-) 1.26±0.05 1.26±0.05 

𝑉𝐿𝑃!"#	 (10-14 g cell-1 ) 4.54±0.47 4.54±0.47 

 

    To further investigate the performance of simulation with uncertainties using frequentist 

approach, the simulation of variables based on univariate or multivariate Gaussian distribution was 

plotted. Besides, within-band score was also listed in Table 5 quantifying the performance of each 

method in the training set or test set.  
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Figure 18: Simulation result with uncertainty of viable cell density using frequentist approach. 

Experimental data in the training set was plotted by blue dots and that in the test set was plotted 

by red dots. Red and blue solid lines (overlapped) are means of simulation based on generated 

samples from univariate and multivariate Gaussian distribution respectively. Red and blue 

dashed lines contain the 95% prediction intervals of simulation based on univariate and 

multivariate Gaussian distribution respectively. The gray area indicates that the distributions of 

simulation results using univariate and multivariate Gaussian distributions show statistically 

significant difference according to two-sample t-test (p<0.05).  

    As shown in Figure 18, the simulation result of viable cell density using frequentist approach 

was plotted as well as the experimental data. 95% prediction intervals were indicated by dashed 

lines. Based on the graph, it can be found that either univariate or multivariate Gaussian 

distribution methods could not contain most of the data points in both training and test sets. The 

main reason is the simplicity of the kinetic model. To improve the accuracy, increasing the number 

of model parameters would be helpful. For instance, using Monod-type equations would be 

beneficial for fitting the experimental data. However, it is noteworthy that there exists a trade-off 

between generality and precision (N. P. Shirsat et al., 2015). In this case, the accuracy was 

sacrificed to guarantee the generality. Besides, as shown in Table 5, the within-band score was 

also low indicating that the kinetic model should be further improved.  
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Table 5: Within-band score of frequentist approach based on univariate or multivariate Gaussian 

distribution in the training set or test set.  

 
Training-

univariate 

Training-

multivariate 

Test-

univariate 

Test-

multivariate 

𝑿𝒕 0.38 0.38 0.29 0.29 

𝑿𝒗 0.38 0.38 0.29 0.29 

𝑿𝒅 0.29 0.29 0.14 0.14 

𝒄𝑮𝒍𝒏 0.29 0.29 0.14 0.14 

𝒄𝑨𝒎𝒎 0.43 0.48 0.14 0.14 

𝒄𝑮𝒍𝒄 0.90 0.95 0.86 1.00 

𝒄𝑳𝒂𝒄 0.57 0.57 0.57 0.57 

𝒄𝑽𝑳𝑷 0.29 0.29 0.14 0.14 

 

    In addition, dead cell density was also simulated and plotted in the same way as shown by 

Figure 19. Simulation using univariate and multivariate Gaussian distribution has shown 

significant difference between 96 h and 121 h suggesting that the covariance from 96 h to 120 h 

had an impact on the simulation using frequentist approach. The within-band scores were also low 

in both training and test sets. One of the possible reasons is that the specific death rate was a 

constant in the differential equation. Changing the specific death rate from a constant to a Monod-

type term would be helpful for the model accuracy. However, increasing the number of model 

parameters could also lead to overfitting. This model was able to capture all of the data points at 

the end of cell culture, which was the most important part since most of the product was released 

during this period. Therefore, even though the precision was not high, it was still acceptable. 

Another reason for the deviation between the data points and prediction intervals was that the 

change of specific death rate was selected to be 120 h arbitrarily. Due to the sampling frequency, 

it was difficult to determine the exact time when cells started to die dramatically.  
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Figure 19: Simulation result with uncertainty of dead cell density using frequentist approach. 

Experimental data in the training set was plotted by blue dots and that in the test set was plotted 

by red dots. Red and blue solid lines (overlapped) are means of simulation based on generated 

samples from univariate and multivariate Gaussian distribution respectively. Red and blue 

dashed lines contain the 95% prediction intervals of simulation based on univariate and 

multivariate Gaussian distribution respectively. The gray area indicates that the distributions of 

simulation results using univariate and multivariate Gaussian distributions show statistically 

significant difference according to two-sample t-test (p<0.05).  

    In contrast to the previous simulations whose prediction intervals were unable to contain most 

of the data points, frequentist approach has shown high accuracy in modeling the glucose 

concentration during the cell culture. The result of the glucose simulation is plotted in Figure 20 

below. In Figure 20, it could be found that almost all of the data points were contained by the 

prediction intervals from both univariate Gaussian and multivariate Gaussian. As indicated by the 

gray area, simulation results from different Gaussian distributions showed significant difference 

from the beginning of cell culture until 100 h approximately. This statistically significant 

difference suggested the importance of taking covariance between data points into account. 

Besides, simulation using multivariate Gaussian distribution generated a slightly larger prediction 

interval (blue dashed lines) over that generated by univariate Gaussian distribution (red dashed 
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lines) and therefore contained more data points. As a result, multivariate Gaussian gave higher 

within-band scores in both the training group and test group than univariate Gaussian, which can 

be found in Table 5.  

 

    Therefore, the result of the glucose concentration simulation indicated that multivariate 

Gaussian distribution performed better than univariate Gaussian when applying frequentist 

approach for modeling glucose concentration. Besides, as shown in Table 5, multivariate Gaussian 

provided better performance in the simulation for glucose as well as ammonia and comparable 

performance in other variables. So, this result suggested that compared with assuming 

independently distributed data points, considering covariance between data points could better 

reflect the real world. As mentioned before, cell culture is a cumulative process. The current data 

point depends on previous data points. Thus, covariance between data points should not be ignored 

when applying not only frequentist approach for uncertainty quantification but also other sampling 

procedures. More concretely, with the development of machine learning, many powerful modeling 

methods that could potentially be applied in bioprocess have been proposed such as ANN. 

However, such kind of machine learning algorithms require a huge amount of data, which is 

unrealistic in the field of bioprocess because of the high cost of experiments. Data augmentation 

can be utilized to generate data required for driving machine learning algorithms based on a few 

observations by assuming Gaussian distribution and performing sampling processes. According to 

the result of this research, assuming multivariate Gaussian distributions would be more appropriate, 

which can provide better modeling performance.  

 

    The limitation of this part was that covariance was only assumed within a single variable. 

Nevertheless, it should be further discussed whether covariance exists across different variables 

because variables in cell culture can influence each other. For instance, at the current data point, if 

viable cell density is high, the glucose consumption would be fast resulting in lower glucose 

concentration in the next data point. In this research, the number of replications was not large 

enough to estimate covariance across different variables. However, such kind of covariance is 

worth considering when applying sampling techniques or data augmentation.  
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Figure 20: Simulation result with uncertainty of glucose concentration using frequentist 

approach. Experimental data in the training set was plotted by blue dots and that in the test set 

was plotted by red dots. Red and blue solid lines (overlapped) are means of simulation based on 

generated samples from univariate and multivariate Gaussian distribution respectively. Red and 

blue dashed lines contain the 95% prediction intervals of simulation based on univariate and 

multivariate Gaussian distribution respectively. The gray area indicates that the distributions of 

simulation results using univariate and multivariate Gaussian distributions show statistically 

significant difference according to two-sample t-test (p<0.05). 

    Figure 21 shows the simulation of VLP concentration using two distributions. The uncertainties 

were quantified with 95% prediction intervals. Gray area displayed the period when simulation 

results using multivariate and univariate Gaussian distributions had statistically significant 

difference. The gray period was quite short suggesting that covariance was not so important in this 

case. The accuracy of modeling VLP concentration was low in both methods because only the last 

data point was contained by the prediction intervals in Figure 21. Also, in Table 5, within-band 

scores of VLP concentration in both training set and test set were low. The main reason was that 

the model could not simulate dead cell density with high accuracy in the previous part. VLP 

concentration was linearly correlated with dead cell density. As a result, the model simulation 

failed to contain data points at the beginning of cell culture. Another reason was the nature of the 
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cost function. wRMSD was selected as the cost function to be minimized when performing 

computation. This cost function weighs data points with large numerical values more than data 

points with small numerical values. As a result, the final VLP concentrations at 144 h were 

modeled within prediction intervals while other data points fell outside of the intervals. 

Considering that most of the VLPs released by the end of cell culture and final product 

concentration is the most important, this simulation results were acceptable even though their 

within-band scores were low.  

 

 
Figure 21: Simulation result with uncertainty of VLP concentration using frequentist approach. 

Experimental data in the training set was plotted by blue dots and that in the test set was plotted 

by red dots. Red and blue solid lines (overlapped) are means of simulation based on generated 

samples from univariate and multivariate Gaussian distribution respectively. Red and blue 

dashed lines contain the 95% prediction intervals of simulation based on univariate and 

multivariate Gaussian distribution respectively. The gray area indicates that the distributions of 

simulation results using univariate and multivariate Gaussian distributions show statistically 

significant difference according to two-sample t-test (p<0.05). 
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3.3.1.3. Comparison of uncertainties between cultures with bioreactors and flasks 

 

Table 6: Coefficient of variation (CV) for the comparison among model parameters from fed-

batch culture with bioreactors and batch culture with flasks. 

 
Fed-batch with 

bioreactors 

Batch with flasks 

(univariate) 

Batch with flasks 

(multivariate) 

𝑟"*7 4.6% 3.3% 3.5% 

𝑋;,"*7 4.0% 4.1% 4.1% 

𝑉𝐿𝑃"*7 9.1% 10.3% 10.3% 

 

    In order to compare the level of uncertainties between fed-batch culture using bioreactors and 

batch culture using flasks, it was inappropriate to compare standard deviations of model 

parameters directly because these model parameters were at different scales. Therefore, the 

coefficient of variation (CV) was utilized to enable comparison across different numerical scales 

as it normalized standard deviations with their means respectively.  

 

    As shown in Table 6, three model parameters were selected for the comparison because they 

were important parameters for cell growth and VLP production. It was found that fed-batch culture 

generally had higher cv (4.6%) over batch culture (3.3% and 3.5%) in 𝑟"*7. This means the rate 

of cell growth was more consistent in the batch culture using flasks. Besides, in terms of batch 

culture, parameters computed by frequentist approach based on univariate and multivariate 

Gaussian distribution also had small difference in CV indicating the impact of covariance between 

data points. In addition, CVs of 𝑋;,"*7 were comparable between cultures with bioreactors and 

flasks. So, the variation levels of maximum total cell density were similar in different culture 

modes. Finally, in terms of 𝑉𝐿𝑃"*7 which is an important parameter for the VLP production, batch 

culture with flasks had slightly higher CV over that of fed-batch culture. This result supports the 

conclusion made in Chapter 2. In the previous chapter, it was concluded that even though STR2 

had more dead and lysed cells, the VLP concentration was not improved much due to the batch-

to-batch variation in 𝑉𝐿𝑃"*7. The result in batch culture also confirmed that even cell cultures 
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were performed in parallel, variation in 𝑉𝐿𝑃"*7 still existed and its uncertainty was comparable 

with that in fed-batch culture. Therefore, the conclusion made in the Chapter 2 was reasonable.  

 

3.3.2. Result of Bayesian method 

 

    The computational procedure of Bayesian method was described in Section 3.2.5 using the 

Metropolis-Hasting algorithm. However, the computation cannot be performed appropriately, and 

a problem was found when running the script. 

 

    In the Metropolis-Hasting algorithm, a new set of model parameters would be proposed for each 

run. Then, the likelihood function can be calculated based on the proposed parameters and 

multiplied by the probability of proposing these parameters. After that, the product from proposed 

parameters is compared with that from current parameters deciding whether to replace current 

parameters with proposed parameters or not. However, to enable the comparison, the likelihood 

function should not be 0. 

 

    In this case, a few failure points at which the likelihood function became 0 were found. Figure 

22 shows an example of the failure point when the likelihood function was computed at the time 

point of 120 h. When a set of model parameters was proposed, a probability density function would 

be defined at a given point as shown by the blue peak and the probability of observing the 

experimental data could be computed. However, as shown in Figure 22, the data point at 120 h 

was quite far from the probability distribution, which meant the likelihood at that point was almost 

0. This phenomenon was due to the low accuracy of the kinetic model. The overall likelihood was 

given by the product of the likelihood at each data point. Therefore, the comparison between 

proposed and current model parameters cannot be conducted because the likelihood functions were 

always zero and the script could not be run as expected.  

 

    This failed result suggested the limitation of Bayesian approach. It cannot work properly when 

the accuracy of the defined model structure is low. High-quality model is not always available, 

especially for modeling bioprocesses. If the model simulation deviates from experimental data, the 

likelihood function would be 0 leading to the failure of comparison, which is due to the nature of 
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defined probability distribution. By contrast, in the frequentist approach, wRMSD was used as the 

cost function. If the data points are far from the simulation, their distances would be summed up 

and the minimization of cost function can still be performed. Therefore, compared with Bayesian 

approach, frequentist approach is more suitable when the accuracy of the kinetic model is not high 

enough.  

 

    To improve the model accuracy, increasing the number of model parameters would be helpful. 

However, it is noteworthy that more model parameters can also lead to the risk of overfitting and 

loss of generality. The tradeoff between model accuracy and generality should be carefully 

considered in different scenarios.  

 

 
Figure 22: An example of the failure point when computing the likelihood function for the 

Metropolis-Hasting algorithm. Culture time (h) and VLP concentration (𝜇g/L) were plotted by 

the x and y axis respectively. The probability density (likelihood function) of VLP concentration 

at 120 h, when model parameters were given, was plotted by the z-axis and shown by the blue 

peak.  
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3.4. Conclusion 
 
    In Chapter 2, a problem of batch-to-batch variation was noticed and the limitation of the 

deterministic model was realized because it was unable to provide information about the 

uncertainty of the process. Therefore, in this chapter, I intended to quantify the uncertainty of batch 

culture of CVA6 VLP-producing CHO cells using frequentist and Bayesian approaches. Besides, 

I wanted to compare two approaches in modeling uncertainties of the biopharmaceutical 

production process using CHO cells, which was not reported by other researchers before.  

 

    Data acquisition was carried out by cultivating 4 flasks of CVA6 VLP-producing CHO cells in 

batch mode in parallel. Samples were taken from flasks every 24 h and used for subsequent 

analysis including cell counting, metabolite concentration measurement, and VLP concentration 

quantification. Data from 3 flasks were used as the training set to train the model and the rest of 

the data was used as unseen data to test the performance of the model. The previously developed 

kinetic model in Chapter 2 was updated to fit the behavior of cells in the batch culture. This updated 

model was then utilized for conducting frequentist and Bayesian approaches.  

 

    Frequentist approach was based on the assumption that the distribution of data points followed 

Gaussian distribution. There were two choices of Gaussian distribution namely univariate and 

multivariate Gaussian distribution. Univariate assumed data at different time points were 

independent while multivariate assumed that there existed covariance between data points. To 

investigate the impact of covariance, both univariate and multivariate Gaussian distributions were 

applied to perform frequentist approach. Data generated based on univariate and multivariate 

Gaussian distribution has shown different behaviors. For example, if glucose concentration at 96 

h  was high, its concentration at 120 h was more likely to be high. This result indicated the impact 

of covariance between data points. Considering glucose consumption was a cumulative process, 

the result was reasonable. Besides, simulation results also had differences when using two types 

of Gaussian distributions. Results from multivariate Gaussian distribution generated larger 

prediction intervals in modeling glucose concentration and contained more experimental data 

points. Meanwhile, multivariate Gaussian distribution outperformed univariate in terms of within-

band score in ammonia and glucose concentration meaning that multivariate Gaussian distribution 
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was a better choice for performing probabilistic modeling in this case and covariance between data 

points should be considered for better reflecting the real process. Besides,  the finding about 

covariance can also be extended to other sampling techniques such as data augmentation. It is 

noteworthy that in this chapter, covariance was only assumed within every single variable. 

Covariance between different variables should be further investigated and discussed when more 

data is available. In addition to the finding about covariance, probabilistic models were developed 

using frequentist approach based on two types of Gaussian distributions. However, prediction 

intervals provided by model simulation failed to contain most of the data points in modeling 

several variables such as dead cell density and VLP concentration. Low accuracy of the kinetic 

model and the nature of the cost function selected (wRMSD) were the two main reasons 

responsible for the deviation between real data and simulation. However, the probabilistic model 

was still capable of simulating the final points of cell culture which was the most important period 

because most of the product was produced in this period. Therefore, the simulation results of 

probabilistic models were still acceptable.  

 

    In terms of Bayesian approach, the computation could not be carried out as expected using the 

Metropolis-Hasting algorithm because the likelihood function was 0 at several data points. It was 

caused by the low accuracy of the kinetic model since the simulation deviated from experimental 

data resulting in 0 probability. This failure implied the limitation of Bayesian approach. Compared 

with frequentist approach, Bayesian approach is incapable of developing probabilistic models 

when high-quality defined model structures are not available. In the field of bioprocess, high-

quality models are not always available and there exists a tradeoff between accuracy and generality. 

Therefore, frequentist approach with multivariate Gaussian distribution might be a better choice 

for developing probabilistic models in CHO cells when the accuracy of kinetic models is low.   
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4. Chapter 4: Conclusions and future perspectives 
 

    In recent years, many outbreaks of HFMD have been reported all over the world (Mirand et al., 

2021; Puenpa et al., 2019; Solomon et al., 2010; Wu et al., 2010), becoming a threat to public 

health. Among different serotypes of enteroviruses, which are viruses causing HFMD, CVA6 is 

gaining attention because of its increasing incidence (Kimmis et al., 2018) and its ability to infect 

adults (Ramirez-Fort et al., 2014) not only children. VLP vaccines are a promising prevention 

measure against the CVA6 and as a novel type of vaccine, they are generally safer than 

conventional vaccines due to the absence of genetic materials (Nooraei et al., 2021). Therefore, 

the CVA6 VLP vaccine was developed.  

 

    To produce the CVA6 VLP vaccine, CHO cells were selected for their advantages including 

ease of scalability, capability of performing human-like PTMs (O’Flaherty et al., 2020), ability to 

grow in chemically defined serum-free medium (Lai et al., 2013), and low biosafety risk 

(Bandaranayake and Almo, 2014). As the industry of biopharmaceuticals is moving towards 

digitalization, many kinetic models have been developed as powerful and versatile tools to 

facilitate bioprocess development in many aspects such as reducing cost, saving time (Möller et 

al., 2019), and enabling quantitative decision-making. As a well-developed cell line, many kinetic 

models have been constructed for CHO cells. However, it was found that the production of CVA6 

VLP vaccine using CHO cells has shown different behavior which cannot be modeled by the 

current kinetic models.  

 

    Therefore, in this research, I proposed a novel kinetic model for the production of the CVA6 

VLP vaccine in CHO cells. To the best of my knowledge, this is the first kinetic model for the 

production of VLP vaccines in CHO cells. With the help of this kinetic model, I performed 

deterministic modeling in Chapter 2 and then conducted a series of analysis to facilitate the process 

development of CVA6 VLP vaccine production. After the analysis, a limitation of the deterministic 

model was noticed. Such kind of model cannot provide any information about the uncertainties of 

the process. Considering that batch-to-batch variation commonly exists in the bioprocess, it is 

important to quantify the uncertainty in the CVA6 VLP production process. Thus, I conducted 
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probabilistic modeling of CVA6 VLP production in Chapter 3. To do so, two mathematical 

approaches, namely frequentist approach and Bayesian approach, were utilized and compared. To 

the best of my knowledge, this is the first time that the comparison between frequentist and 

Bayesian approaches for modeling the production process using CHO cells was reported. After the 

comparison, the advantages and limitations of the two approaches were discussed.  

 

    In Chapter 2, I proposed a novel kinetic model for the production of CVA6 VLP vaccine in 

CHO cells and performed deterministic modeling. Based on the previous observations, the release 

of CVA VLPs strongly correlated with cell death and lysis. Therefore, the cell lysis needed to be 

quantified first because it cannot be detected by the image-based analyzers. So, I adapted a protocol 

that quantifies cell lysis indirectly by measuring dsDNA or LDH concentration proposed by a 

previous study (Klein et al., 2015). Based on the results of the thermal stability test, dsDNA was 

selected as the indicator because it was stable under the culture temperature while LDH was 

degraded at 37 °C. After the cell lysis quantification protocol was developed, cultivations of CVA6 

VLP-producing CHO cells were carried out using 2 bioreactors in fed-batch mode. Different pH 

shift strategies were applied to investigate the impact of pH downshift. Experimental data was 

collected from samples taken from two bioreactors.  

 

    Subsequent to the data acquisition, the kinetic model was constructed by adapting equations 

proposed by previous studies or proposing new equations based on my understanding of the 

process. A novel equation that correlated VLP concentration with cell death and lysis was proposed. 

Simulation results have shown that the constructed model was able to simulate most variables of 

the production process such as viable cell density and VLP concentration with high accuracy 

(R2>0.95). The newly proposed equation correlating VLP titer with dead and lysed cell density 

provides an opportunity of modeling other non-enveloped VLP production processes because the 

product release of non-enveloped VLPs relies on cell lysis (Cervera and Kamen, 2018). Moreover, 

according to our observations on other non-enveloped VLP production processes, the production 

of Enterovirus 71, Coxsackievirus A10, Coxsackievirus A16, and Norovirus VLPs have also 

shown a similar pattern, which can be modeled by the newly proposed equation. In addition to the 

simulation of VLP concentration, the kinetic model also quantified the impact of pH downshift. 

Specific ammonia production rate increased at low pH. As a result, higher ammonia concentration 
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was observed in STR2 resulting in accelerated cell death and higher dead cell density. However, 

product yield in STR2 was not improved over STR1 even though STR2 had more dead cells. This 

phenomenon was caused by the difference in 𝑉𝐿𝑃"*7. Each cell in STR2 could contain less VLP 

content than STR1 resulting in insignificant improvement in the VLP yield. Considering that 

𝑉𝐿𝑃"*7  was reached before the pH shift, such difference was caused by the batch-to-batch 

variation due to the nature of cells. This finding also suggested the limitation of deterministic 

modeling which cannot provide information on the batch-to-batch variation and quantify 

uncertainties of the process.  

 

    After model parameters were determined based on experimental data, sensitivity analysis was 

conducted to investigate the impact of variations in the initial culture conditions and model 

parameters on the final VLP concentration. It was revealed that final VLP yield could be affected 

largely in response to the change in the initial glutamine concentration which was an important 

material attribute potentially. Besides, model parameters related to ammonia production and cell 

death such as 𝑌!""/&'( and 𝑘,,-.*- also had certain impact on the VLP production. The final VLP 

yield was also sensitive to the variation in 𝑉𝐿𝑃"*7. It would be beneficial to validate the results of 

sensitivity analysis by experiments. However, it was challenging to change a single model 

parameter independently without changing others.  

 

    The result of sensitivity analysis also suggested that the VLP yield could be improved by shifting 

pH earlier than 240 h. To further determine the optimal pH shift timing, predictions were made 

with the help of the calibrated model. It was predicted that the highest VLP yield could be achieved 

by shifting pH on 192 h because pH downshift accelerated the accumulation of ammonia resulting 

in higher dead cell density. The model validation was absent due to the difficulty generated by the 

presence of batch-to-batch variation. However, the prediction result was still in line with previous 

reports. More concretely, several studies (Lee et al., 2021; Trummer et al., 2006) have reported 

that pH downshift could lead to higher ammonia levels in the culture of CHO cells. Besides, 

ammonia is known to be toxic to cells (Schneider, 1996) and can induce cellular apoptosis (Wang 

et al., 2018). Therefore, the prediction result was reasonable and logical.  
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According to the model prediction, it was noticed that high VLP yield was accompanied by high 

ammonia concentration. However, high ammonia concentration is also harmful to the product 

quality. Therefore, multiple objective optimization was combined with model simulation in order 

to balance product yield and quality. Based on the simulation, cell culture without pH shift at 311 

h was the optimal operating condition that balances the tradeoff between product yield and quality. 

With the help of model simulation, the decision was made quantitatively. To summarize, the 

proposed kinetic model could work as a versatile tool facilitating bioprocess development in 

several aspects. However, the limitation of deterministic models was also realized. Deterministic 

models can only simulate a single value at a given time point without providing any information 

about the uncertainty. To overcome this limitation, probabilistic modeling was performed in the 

subsequent chapter.  

 

    The newly proposed model provides an opportunity to model production processes whose 

product release relies on cell death and lysis such as other non-enveloped VLP production in 

mammalian cells. The equation that correlates product concentration with dead and lysed cell 

density constructed in this research would be applicable to other processes. More specifically, 

according to observations on other non-enveloped VLPs in our laboratory, the production of 

Enterovirus 71, Coxsackievirus A10, Coxsackievirus A16, and Norovirus VLPs in CHO cells 

relies on cell lyses as well and the proposed equation can be applicable to simulate such kind of 

behavior. Therefore, subsequent work can investigate the generality of this model in simulating 

production processes of other non-enveloped VLPs in CHO cells. To adapt the model constructed 

in this research to other production processes, equations related to cell growth, death, lysis, as well 

as metabolite production and consumption need to be customized. Several boundaries were set 

arbitrarily in several equations based on the observation of cell behavior such as the time of lactate 

switch since its mechanism remains unclear. These boundaries also limit the generality of this 

model. This model was also limited under the assumption that volume change was negligible. To 

improve this model, an additional dilution term could be added to each corresponding variable to 

enable simulation in fed-batch mode. In terms of interpolation and extrapolation, mechanistic 

models are considered to perform well in extrapolation while black-box models are good at 

interpolation. As a mechanistic model, the kinetic model built in this study was expected to have 

a good extrapolation while its real performance should be further tested. Finally, this model 
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contributes to the implementation of digital twin through providing a new opportunity of modeling 

non-enveloped VLP production in CHO cells as models are critical components for the decision-

making process in digital twin. The proposed model also has the potential to be combined with 

downstream models enabling optimization at the system level, which is also desired by the digital 

twin. 

    In Chapter 3, I carried out probabilistic modeling to quantify uncertainties of CVA6 VLP-

producing CHO cell culture due to batch-to-batch variation. In bioprocess, there are a few sources 

of uncertainties such as variation of raw materials as well as experimental and measurement errors. 

For biopharmaceutical production, batch-to-batch consistency is critical in compliance with GMP. 

Therefore, studying uncertainties of the production process of CVA6 VLP was needed. To do so, 

4 flasks of CVA6 VLP-producing CHO cells were cultivated in parallel in batch mode for the data 

acquisition. Data from 3 flasks were used for the model training and the remaining data from 1 

flask worked as the test set. After the pre-processing of the data, the kinetic model constructed 

before was updated to fit cell behaviors in batch mode.  

 

    Subsequently, two mathematical approaches were applied to determine uncertainties of model 

parameters and therefore estimate uncertainties in the process. Frequentist approach was first used 

by utilizing MC sampling based on assumptions that data points followed either univariate or 

multivariate Gaussian distribution. Data generated based on two types of Gaussian distribution has 

shown different patterns indicating the existence of covariance between different data points. After 

data generation, parameter determination and model simulation were performed 100,000 times and 

their uncertainties were estimated by the distribution of simulation results. As a result, this 

probabilistic model was able to generate both means and 95% prediction intervals providing 

information about the uncertainty level of the process. However, in some variables of the process 

such as glutamine and VLP concentrations, the prediction intervals failed to contain most of the 

data points in both training set and test set because the accuracy of the updated kinetic model was 

not high enough. But they can still quantify uncertainties by the end of cell culture which was the 

most important period when most VLPs were released.  

 

    Another main finding of the result of frequentist approach was that simulation based on 

multivariate Gaussian distribution outperformed that of univariate Gaussian distribution. Such 
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result suggested the importance of taking covariance between data points into consideration when 

modeling bioprocess. As a cumulative process, data points collected from cell culture were not 

independent to each other but had covariance instead. This finding also provides a valuable point 

when performing other sampling techniques as such kind of techniques are required to drive large 

and powerful machine learning models.  

 

    Besides, uncertainties of several model parameters were compared between fed-batch culture 

using bioreactors and batch culture using flasks. It was found that uncertainty levels of model 

parameters were comparable between fed-batch and batch culture. More specifically, CVs of 

𝑉𝐿𝑃"*7  were comparable supporting the conclusion made in Chapter 2 that the difference in 

𝑉𝐿𝑃"*7 between STR1 and STR2 was due to batch-to-batch variation because a similar level of 

uncertainty was observed in batch culture even experiments were performed in parallel.  

 

    In addition to the frequentist approach, I also tried to apply Bayesian approach to determine 

uncertainties of model parameters using the Metropolis-Hasting algorithm. Nevertheless, the script 

cannot be run as expected because the accuracy of the kinetic model was low. In fact, in bioprocess, 

high-quality models are not always available. Therefore, if high-quality kinetic models are not 

available, frequentist approach might be a better choice compared with Bayesian approach for 

probabilistic modeling.  

 

    In terms of future perspectives, the generality of the proposed model needs to be further 

investigated. For example, the newly developed model can be applied to other non-enveloped VLP 

production processes to test its generality. Besides, more efforts should be made to improve the 

model accuracy in order to enable Bayesian approach. The kinetic model also has the potential to 

be integrated with machine learning algorithms enabling hybrid modeling. For instance, machine 

learning algorithms can be used to build up relationships between parameters of the kinetic model 

and different pH values if more data is available. One of the limitations of this research is that the 

performance of frequentist and Bayesian approaches was not compared successfully. Therefore, 

further study may be focused on investigating the advantages and disadvantages of two methods 

for probabilistic modeling of CHO cells. Another limitation of this research is that covariance 

between data points was assumed within a single variable due to the limited sample size. It would 
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be beneficial to study whether covariance between data points across different variables exists and 

whether such kind of covariance is critical for the data augmentation of bioprocess.  

 

    To summarize, probabilistic modeling is only applicable when the model for the production 

process has already been constructed. Besides, the accuracy of probabilistic models largely 

depends on the accuracy of the model for the process. For the frequentist approach, if high-quality 

models are available, it can generate prediction intervals providing precise information on the 

uncertainty of the process. It can also work when model accuracy is low, but the prediction 

intervals cannot contain most of observations. The Bayesian approach allows integration of prior 

knowledge into simulation, which is its unique advantage. However, when the high-quality models 

are deficient, it cannot run as expected. In addition, covariance was found to exist and play a role 

in model simulation. This finding is also valuable for the digital twin. To implement digital twins, 

advanced machine learning algorithms are necessary. Nevertheless, these algorithms require huge 

amounts of data, which is unpractical considering the expense of performing experiments. 

Therefore, data augmentation, which generates data artificially and is commonly used in machine 

learning in practice, is needed. This data augmentation in bioprocess can be performed by using 

sampling techniques under the assumption of Gaussian distribution. In such sampling procedures, 

covariance needs to be taken into account as it can affect the performance of simulation in order 

to guarantee high-quality data is generated, which is important for the model performance. 

Therefore, the finding about covariance between data points is valuable for the implementation of 

digital twin in the aspect of high-quality data generation.  
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