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  Abstract 

Monoclonal antibodies (mAbs) continue to show significant clinical and commercial success 

in treating major diseases including heart diseases, cancers, and Alzheimer’s. However, the 

great costs of biologics, and the development of biosimilars, have driven demand for high-

performing and lower-cost manufacturing methods. Process automation can unlock such 

benefits, but its application to biopharmaceutical processes is impeded by challenges including 

a lack of inexpensive sensors and difficulty controlling the complex process dynamics. This 

thesis employs process systems engineering to overcome these barriers advancing towards 

process automation of biopharmaceutical processes. Firstly, modelling workflows are 

demonstrated capable of elucidating the behaviour of highly complex processes in instances of 

limited and expensive data. From this, one can gain an in-depth understanding whilst 

alleviating the experimental burden of process development. To that end, several experiments 

were performed characterizing a commercial biopharmaceutical cell culture process under 

varying feeds of glucose. Next, a mechanistic mathematical model designed for real-time 

deployment was postulated to describe Chinese hamster ovary (CHO) cell growth and 

metabolism and subsequently applied to devise an optimal operating strategy. Finally, multiple 

novel process control strategies were developed and demonstrated experimentally both during 

a major process deviation and during normal operation. Namely, in an attempt to recover a 

batch during a major process deviation, reactive scheduling and non-linear model predictive 

control (NLMPC) were deployed. Further, during normal operation, open-loop optimisation 

was compared to NLMPC. The control objective of all demonstrations was identical and 

included maximising product titre whilst minimising exposure to lactate, a metabolic by-

product that adversely affects cell culture performance. Here, NLMPC satisfied the control 

objective achieving superior performance. Overall, this research aims to pave the way towards 

more advanced process control and automation of biopharmaceutical production processes 

with the overarching goals of increasing process performance and robustness, reducing process 

development timelines, and improving process economics.  
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Chapter 1 Introduction 

The biopharmaceutical industry has a major positive impact on modern society, making 

progress towards the United Nations Sustainable Development Goal 3 to “ensure healthy lives 

and promote well-being for all at all ages” (United Nations, 2023). Biopharmaceuticals are 

derived from biological sources and represent some of the greatest accomplishments in modern 

science (Kesik-Brodacka, 2018). Decades of research and development have led to treatments 

continuing to emerge for many of the leading causes of death globally (in 2023) including heart 

diseases (e.g., evolocumab), cancers (e.g., trastuzumab deruxtecan), and Alzheimer’s (e.g., 

lecanemab) (B. T. Li et al., 2022; Sabatine et al., 2017; Swanson et al., 2021; World Health 

Organization, 2020). In 2021, the biopharmaceuticals market was substantial with global sales 

estimated to be worth $343 billion (G. Walsh & Walsh, 2022) equivalent to the gross domestic 

product of more than three-quarters of the countries and economies ranked by the World Bank 

(World Bank & OECD, 2022). Although there is a growing interest in other modalities (e.g., 

cell and gene therapies), monoclonal antibodies (mAb) remain the dominant product, 

representing more than 80% of the global sales of biopharmaceuticals in 2021 (G. Walsh & 

Walsh, 2022). Mammalian cell systems are commonly used to produce mAb products, 

reflecting their ability for complex post-translational modifications such as glycosylation (G. 

Walsh & Walsh, 2022). Further, Chinese hamster ovary (CHO) cells are used in the production 

of 89% of approved products made in mammalian systems owing to decades of research and 

development that has produced highly productive cell lines which at present, are capable of 

delivering titres around 10 g.L-1 (Lalonde & Durocher, 2017; G. Walsh & Walsh, 2022). 

Finally, although there is increased adoption of continuous bioprocessing across the 

biopharmaceutical industry, fed-batch production represents the most common manufacturing 

method for the expression of monoclonal antibodies (Rish et al., 2022; Yee et al., 2018).  

Despite the success of the biopharmaceutical industry, the adoption of modern Industry 4.0 

technologies towards enabling process automation has lagged compared to other process 
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industries (MacDonald, 2020; Silva et al., 2020a). Across other process industries, such 

technologies have led to increased throughput, product quality improvements, downtime 

reductions, and lowering of operating costs by up to 15% (Bauer & Craig, 2008a; William Y. 

Svrcek, Donald P. Mahoney, 2014). However, within the biopharmaceutical industry, drug 

discovery is a key focus before process development  (von Stosch et al., 2021). Even so, process 

development can increase the total time to market of biopharmaceuticals by 2-7 years (von 

Stosch et al., 2021). As such, there are many pressures on the biopharmaceutical industry to 

improve process development timelines and thus decrease the time from the drug discovery to 

the patient administration of biopharmaceuticals (Kelley, 2020; Pham et al., 2023). A recent 

success of this was demonstrated during the widely celebrated rapid timeline of the SARS-

CoV-2 vaccine (Ball, 2021; Krammer, 2020). Aside from this, upcoming patent cliffs have also 

catalysed manufacturers to investigate methods of cost reduction (Ratih et al., 2021; Reddy et 

al., 2023; G. Walsh & Walsh, 2022). Notably, adalimumab-atto (Amgen) recently entered the 

market competing directly with one of the all-time best-selling biopharmaceuticals, 

adalimumab (AbbVie) (Amgen, 2023). The positive effects of reducing time and cost of 

process development should not be understated. For example, being only a quarter of a year 

faster to market is estimated to increase the net present value of drugs by 5% (Glass et al., 

2016). In general, utilising Industry 4.0 enabling technologies to improve process development 

timelines may also lead to increased productivity, greater competitiveness, higher product 

quality, reduced waste, and lower operating costs (Silva et al., 2020b). Further, recent advances 

in drug discovery (e.g., using artificial intelligence) necessitate improved process development 

capabilities due to a predicted increased number of candidates whereby the limited 

parallelization ability of current process development workflows may create further 

bottlenecks in delivering treatments to patients (von Stosch et al., 2021). Overall, there is a 

clear value in focusing on process development of biopharmaceutical processes and here 

Industry 4.0 enabling technologies are expected to contribute towards the end vision of fully 

automated processes. With this, the biopharmaceutical industry can radically advance process 

development capabilities, directly addressing the United Nations Sustainable Development 

Goals 9 (build resilient infrastructure, promote inclusive and sustainable industrialization and 

foster innovation) and 12 (ensure sustainable consumption and production patterns) (United 

Nations, 2023). 
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Notwithstanding the above promises, progressing biopharmaceutical processing towards 

automation presents significant challenges and requires major advances in process modelling 

and process control. In line with this, regulatory agencies are enforcing stricter standards to 

ensure consistent product safety and efficacy including using the Quality by Design framework 

(Anurag S Rathore & Helen Winkle, 2009). Such guidelines include a requirement for a process 

knowledge base to understand and control processes more effectively. Gaining in-depth 

process understanding to design suitable operating strategies using solely experimental efforts 

is not only challenging but highly expensive and laborious. As such, computational approaches 

are becoming increasingly popular whereby a low number of experiments are used to produce 

a mathematical approximation of the process before subsequent computational studies are used 

to increase process understanding or develop operating strategies (Schmidt et al., 2024). 

Broadly, implementing in-silico modelling tools within process development can significantly 

reduce the length of process development timelines (Zobel-Roos et al., 2019). Meanwhile, 

further reductions in process cost, improvements in process performance, and increased process 

robustness may be achieved using advanced process control (Luo, Kurian, et al., 2023; Mitra 

& Murthy, 2022). Inherently this requires the capability to measure relevant process variables 

ideally online or at-line. To that end, the Process Analytical Technology (PAT) framework 

developed in 2004 by the Food & Drug Administration has led to much research (e.g. in Raman 

spectroscopy) hence improved sensor technology (Simon et al., 2015). (Biechele et al., 2015). 

That said, this does not mean that this technology is ready for, or widely implemented online, 

especially during large-scale manufacturing (Martínez-Monge et al., 2022). Therefore, the 

demonstration of a control strategy that leverages only existing widely deployed sensor 

technologies would be of value albeit challenging without state-of-the-art techniques. 

Across research, there has been a strong focal point in modelling of upstream 

biopharmaceutical processes to improve process understanding or define operating strategies 

using mechanistic and data-driven modelling strategies (Kiparissides et al., 2011; 

Kyriakopoulos et al., 2018) with more recent models built for fed-batch CHO cell cultures to 

capture effects of osmolality and help reveal the lactate metabolism (Alhuthali & Kontoravdi, 

2022; Luginsland et al., 2024). Whilst data-driven models have been deployed for real-time 

application frequently due to relative ease of development (Dewasme et al., 2023), the 

identification of mechanistic models including more rigorous parameterisation and structuring 

efforts required can be relatively burdensome (Doyle et al., 2023). Nevertheless, mechanistic 
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models have also been shown to outperform other types of models during instances of low data 

availability (Bayer et al., 2023). As such, it would be of merit to overcome the challenges and 

showcase the usefulness of mechanistic models built from limited data during deployment in 

real-time. 

With regard to process control of CHO cell cultures, there is also limited research using 

advanced process control of key performance indicators. Yet there is a clear need for advanced 

control capable of tackling the strong non-linearities and time-varying dynamics present in 

such processes (Luo, Kurian, et al., 2021). Despite this, biopharmaceutical processes often rely 

on regulatory control using classical control techniques (e.g., proportional-integral-derivative 

controllers) within single input single output control loops (Rathore et al., 2021). Here, the 

ability to exert influence on the process is limited. Further, batch-to-batch variability can be 

exacerbated by highly coupled process inputs where for example, manipulating one process 

input risks destabilising a control variable in a separate control loop. However, the development 

of an advanced process controller is challenging and requires a suitable process model to be 

built prior to testing and deployment. In addition, the costs associated with generating 

experimental data for modelling from upstream biopharmaceutical processes are great. Here 

lies an opportunity for the deployment of a mechanistic model within a model-based controller 

for multi-output closed-loop control of key performance indicators. 

In this thesis, several computational tools are harnessed and demonstrated to advance the 

production of monoclonal antibodies towards process automation. Briefly, the cell culture is 

modelled, and advanced process control is applied. Firstly, background is given to 

biopharmaceuticals, biopharmaceutical processes, as well as the current status quo in 

biopharmaceutical manufacturing (Chapter 2). Next, the state of the art in modelling and 

control of CHO cell cultures is presented setting the basis for, and demonstrating the 

importance of, the work within this thesis (Chapter 2). 

An overview of the materials and methods is given in Chapter 3. Further, detailed descriptions 

are integrated into each results chapter separately to enable an increased understanding of each 

study. Initially, experiments are performed in a single-use bioreactor using an industrial cell 

line previously used at a manufacturing scale (Chapter 4). The process is interrogated by 

varying a glucose feeding schedule to the cell culture and analysing the responses of key 

process variables including product titre, viable cell density and metabolites. With the aim of 
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moving towards automation, a generalisable data analysis script is built taking raw 

experimental data and outputting various important metrics e.g., growth rates. After data 

analysis, modelling logic is demonstrated that selects out of the measured metabolites, which 

are most influential on growth. Once the model was built, it was tested against experimental 

data to assess performance. Overall, a limited number of experiments were performed allowing 

the power of mechanistic models in instances of low data availability to be showcased.  

Following the creation of a suitable model, efforts must be made to design an effective 

operating strategy. To do so, sensitivity analysis is used to further elucidate process behaviour 

(Chapter 5). Herein, a range of glucose feeding schedules were tested in-silico to predict which 

process outputs were most sensitive to changes in the volume of glucose fed on each day 

throughout the cell culture. After, a dynamic optimisation study is presented using different 

scenarios to justify an appropriate process control strategy. To do so, objective functions were 

tested focusing on the minimisation of glucose fed, lactate, or osmolality, and the maximisation 

of viable cell density, or product titre. Finally, an advanced process control algorithm is 

deployed in a bioreactor utilising the previously developed mechanistic model and most 

appropriate operating strategy. More specifically, the feed of glucose to the cell culture is 

defined in real-time using non-linear model predictive control with an economic multivariable 

objective function. This allows for multi-output control simultaneously reducing the 

extracellular concentration of lactate, minimising the volume of glucose fed, and minimising 

osmolality, all whilst achieving the desired final product titre. This is then compared to open-

loop optimisation with the same objective function and constraints that were used in the 

advanced process controller. All results presented in this thesis are summarised in the final 

chapter (Chapter 6) alongside the key limitations and future research required towards enabling 

process automation in upstream biopharmaceutical processing.  
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Chapter 2 Background & Literature Review 

2.1 Overview of Monoclonal Antibodies 

Monoclonal antibodies are the predominant class of biopharmaceuticals and have 

“revolutionised medicine” (Mullard, 2021; Vargason et al., 2021). In the immune system, 

antibodies are a protein secreted by B-lymphocytes as a response to identify and destroy foreign 

pathogens. Because of their high affinity, antibody-based treatments present the opportunity 

for extremely targeted medicines. For example, in cancer treatment, monoclonal antibodies can 

be used to target a specific antigen that is over-expressed on cancerous cells and relatively 

under-expressed on healthy cells. In doing so, the cancer cell is targeted for destruction by 

phagocytic cells (Zahavi & Weiner, 2020). 

 

Figure 1 Structure of an IgG antibody.  

Structurally, antibodies consist of pairs of identical heavy and light polypeptide chains and can 

be classed into different isotypes depending on the type of heavy chain. The most common 

class of antibodies in biopharmaceutical products are immunoglobulins G (IgG) which have a 

well-known Y-structure as shown in Figure 1. Other classes are IgA, IgD, IgE, and IgM 
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(Sommerfeld & Strube, 2005). The antigen-binding (Fab) region of the antibody is responsible 

for the recognition of antigens. The crystallisable (Fc) region is responsible for mediating 

interactions between the antibody and other parts of the immune system (Buss et al., 2012). 

Oligosaccharides, known as glycans, can attach to both the Fab region and the Fc region 

through glycosylation. However, N-linked glycosylation in the Fc region is the most common, 

and of importance in biopharmaceutical processing due to its significant influence on the 

effectiveness and stability of the final product (Liu, 2015).  

The technology paving the way towards the production of monoclonal antibody treatments at 

scale was discovered in 1975 by César Milstein and Georges Köhler (Köhler, G., Milstein, 

1975). Initially, this technology was met with doubt with a patent response stating that it was 

difficult “to identify any immediate practical applications which could be pursued as a 

commercial venture” (Tansey & Catterall, 1995). In contrast, by 1986, muromonab-CD3 

became the first mAb to be approved by the FDA for its use in preventing kidney transplant 

rejection (Steinitz, 2014). As of 2023, there have been a total of 1437 antibody-based 

therapeutics subjected to clinical trials as part of steps towards commercial production and 

distribution (Kinch et al., 2023). That said, the transition to this has not been in the absence of 

further scientific advancements described below mainly tackling the issues surrounding 

immunogenicity.  

Originally, initial monoclonal antibody treatments were murine such as muromonab-CD3. 

Here, these treatments were foreign to the human immune system. Therefore, these murine 

antibodies suffered from immunogenicity due to the high level of non-human epitopes and the 

resulting human anti-mouse antibody response (Jarboe et al., 2014). Following this, in 1994, 

the first chimeric (human–mouse) monoclonal antibody was approved for heart disease, 

abciximab (Tamhane & Gurm, 2008). In chimeric monoclonal antibodies, the murine constant 

domain was replaced by human constant regions to make the antibodies 70% human (Chames 

et al., 2009). Overall, the first developed chimeric monoclonal antibodies showed extended 

half-life in the human body and reduced immunogenicity versus murine therapies (Buss et al., 

2012). However, the risk of a patient producing anti-drug antibodies when using chimeric-

based treatment was still too high (Buss et al., 2012). To reduce this risk, humanised 

monoclonal antibodies were developed by substituting the heavy-chain variable region of a 

chimeric antibody onto a human antibody framework. In doing so, these monoclonal antibodies 

were 85-90% human with improved immunogenicity (Chames et al., 2009). The first 
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humanised monoclonal antibody (daclizumab) was approved for transplant rejection by the 

FDA in 1997. Further advances in antibody engineering eventually enabled the development 

of fully human monoclonal antibodies such as adalimumab (approved by the FDA in 2002) 

and panitumumab (approved by the FDA in 2006). Fully human antibodies significantly reduce 

the risk of the patient developing anti-drug antibodies, although they may still develop immune 

responses.  

Despite many advances, monoclonal antibodies as relatively large molecules with complex 

post-translational modifications such as glycosylation, require sophisticated expression 

systems. Further, since large dose amounts are often required to achieve clinical efficacy, the 

production of monoclonal antibodies at scale involves the use of large cell cultures followed 

by extensive purification under good manufacturing practice (GMP) and subject to strict 

regulations (Glassy & Gupta, 2014). This very briefly explains the high monoclonal antibody 

production costs, thus treatment costs limiting the accessibility of such therapies (Chames et 

al., 2009; Glassy & Gupta, 2014). There is ongoing research on the use of other expression 

systems. One example is using microorganisms such as Escherichia coli to produce 

monoclonal antibodies, but these systems have been mainly used to produce non-glycosylated 

antibody fragments (Spadiut et al., 2014). Due to the requirement for a product with minimal 

immunogenic side effects and for human-like post-translational modifications such as 

glycosylation, mammalian host cell lines, specifically, CHO cells, remain the predominant 

expression system to produce monoclonal antibodies. 
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2.2 Production of Monoclonal Antibodies 

The production of monoclonal antibodies can be split into (a) upstream processing and (b) 

downstream processing as shown in Figure 2. During upstream processing, host cells are 

cultured through progressively larger bioreactors known as seed fermenters. When a suitable 

inoculum volume is available, cells are inoculated within a production fermenter where the 

bulk of the biopharmaceutical product is expressed. Following this, it is necessary to purify the 

product using a series of downstream processing unit operations. Here, many other impurities 

are removed such as nucleic acids, host cell proteins, and cell debris to ensure product safety 

(Papathanasiou & Kontoravdi, 2020). During upstream processing, product titres can now 

exceed 10 g/L (Y. M. Huang et al., 2010). Meanwhile, monoclonal antibody-based products 

have dosage concentrations of around 200 mg/L hence the main task in downstream processing 

is impurity removal (Das, 2016; Hu et al., 2020). 

 

Figure 2 Schematic of a biopharmaceutical process. 

The primary purpose of upstream processing is to produce a safe and efficacious product with 

consistency. Secondly, the product must be generated at a sufficient rate such that the overall 

process is economically viable (Walther et al., 2019). Previously batch mode was the main 

mode of operation for products licensed prior to the 1990s achieving final titres of around 100 

mg/L (Jayapal et al., 2007; Ozturk & Hu, 2005). During batch processing, the limited amount 

of nutrients led to premature cell death caused by nutrient starvation. Now, fed-batch remains 

the most widely implemented mode of production achieving titres of around 5-10g/L (Walther 

et al., 2019). Here, a feed is continuously added to the cell culture at regular intervals, 

prolonging cell culture longevity and/or increasing product titre versus batch cell culturing. 

Finally, there is a great research interest towards perfusion wherein a product stream is removed 
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at the same rate as a feed stream is introduced. This could allow for highly prolonged cell 

cultures, lower capital costs, and the potential for reduced downtime (Sarna et al., 2023). 

However, perfusion has not been widely applied due to the complex process control required, 

large media requirements, and requirements for a genetically stable cell line (Walther et al., 

2019). Meanwhile, despite advances towards continuous downstream processing 

(Papathanasiou et al., 2017), scheduling challenges could be created if only upstream is 

continuous whilst downstream is not. 

2.3 Biopharmaceutical Process Development  

Alongside product development, the process used to manufacture the final biopharmaceutical 

must also be capable of producing a product that ensures patient safety and product efficacy. 

As such various process development activities are performed at different scales as shown in 

Figure 3. In general, there is a strong interplay between selecting a suitable cell line for product 

expression, selecting suitable conditions tailored to that cell line, and producing a product with 

desired properties. In general, process development workflows are highly laborious and 

continuously iterated (for example, upon selection of a new product or cell line) and can 

increase time to market. 

 

Figure 3 Process development workflow. 

Initially, a high-performing strain is developed with a focus on cell line stability, high 

productivity, and favourable growth characteristics (Majumdar et al., 2024). Following this, 

fed-batch studies are performed to optimise medium, feed, and other process conditions for the 

cell line. In doing so, not only can the process performance be enhanced, but the necessary in-

depth understanding of the cell line is built (J. Xu et al., 2022).  

During process development, many different conditions must be efficiently screened. 

Traditionally, quality-by-testing (QbT) has been used whereby key product attributes are tested 

across the bioprocess and its development to ensure end-product quality (L. Zhang & Mao, 
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2017). However, QbT can lead to significant waste and may be inadequate for understanding 

the root causes of inefficiency across the process (Anurag S Rathore & Helen Winkle, 2009). 

This has prompted a shift over the last decade towards quality-by-design (QbD) which is now 

recommended by drug regulators such as the FDA and the EMA (I. Walsh et al., 2022). QbD 

involves ensuring a comprehensive understanding between critical quality attributes (CQA), 

critical process parameters (CPP), and critical material attributes (CMA) (Guerra et al., 2019; 

Maguire & Peng, 2015). These are defined as follows (Holm et al., 2017; Maguire & Peng, 

2015; Rudge & Nims, 2017): 

• CQA: "A physical, chemical, biological, or microbiological property or characteristic 

that should be within an appropriate limit, range, or distribution to ensure the desired 

product quality". 

• CPP: "A process parameter whose variability has an impact on a CQA and therefore 

should be monitored or controlled to ensure the process produces the desired quality" 

• CMA: " A physical, chemical, biological, or microbiological property or characteristic 

of an input material that should be within an appropriate limit, range, or distribution to 

ensure the desired quality of output material. "  

QbD ensures that the targets of all CQAs are met. Further, QbD is already implemented within 

industry with the first full QbD approval in 2013 for Obinutuzumab (Sommeregger et al., 

2017). Implementation requires the product target CQAs to be defined whilst the likely impact 

of CPPs and CMAs on CQAs is considered using a risk assessment (Looby et al., 2011). This 

is developed further using design of experiments, multivariate data analysis, or process 

modelling (I. Walsh et al., 2022). In doing so, a design space can be identified, and 

characterization studies used to determine acceptable variabilities of CPPs (Buss et al., 2012). 

Although not prioritised by QbD, some parameters can be classified as key process parameters 

(KPPs) which affect the process’s key performance indicators (e.g., product titre) and must be 

controlled along with CPPs. Table 1 shows an example adapted from a recent study where QbD 

was used to define a process control strategy (J. Xu et al., 2022). 
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Table 1 Example process control strategy defined using QbD and adapted from (J. Xu et al., 2022) 

Process Step Process Parameters Critical Process 

Parameters 

Key Performance 

Indicators/Attributes 

n-2 Seed Temperature 35.5-

37.5 °C 

Duration < 108 hours 

 Final viable cell density 4-10 

x 106 

Viability ≥ 90% 

n-1 Seed Temperature 35.5-

37.5 °C 

Duration < 108 hours 

 Final viable cell density 14-

22 x 106 

Viability ≥ 90% 

Production 

Bioreactor 

Temperature 35.5-

37.5 °C 

Initial Viable Cell 

Density 4-6.5 x106 

Duration 13-15 days 

Cell generation 

<83 

Final viability ≥ 50% 

Final Normalised Titre ≥ 1 

It should be noted that CPPs can vary between processes as they are defined specifically for 

each using a risk assessment. In the example in Table 1, only the cell generation was considered 

a CPP. However, in other processes, variables such as pH and temperature could also be 

considered critical process parameters depending on the outcome of QbD analysis. 

2.4 Process Measurement Technologies for Cell Cultures 

To implement the control strategies defined during the final step of QbD, process measurement 

technologies are paired with suitable control algorithms (Anurag S Rathore & Helen Winkle, 

2009). In this regard, the PAT framework, introduced by the FDA in 2004, has led to 

advancements in tools that can supply more timely process information aiming for increased 

process understanding and better quality control (FDA, 2004; Yan et al., 2024). However, there 

are still major challenges during upstream biopharmaceutical processes that make obtaining 

relevant process information difficult. Broadly, fed-batch cell cultures are rarely steady-state 

with time-varying dynamics that are very sensitive to change and thus require sensitive process 

measurement technologies (Teixeira et al., 2009; Vann & Sheppard, 2017). Several process 
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measurement technologies used during cell culturing are based offline and require sampling. 

However, sampling introduces a contamination risk to the cell culture. Therefore, the sampling 

frequency, thus measurement frequency, is constrained to reflect this e.g., to sampling and 

measurement once a day. On the contrary, measurement technologies based online must be 

able to withstand a range of harsh sterilisation procedures e.g., high temperatures from steam-

in-place sterilisation. With these challenges, a sensor must provide high selectivity, sensitivity, 

robustness, repeatability, short response time, low detection limit and a long life (Biechele et 

al., 2015). 

In general, three types of variables can be measured by sensors in bioreactors (Biechele et al., 

2015): 

• Physical variables such as temperature or pressure, 

• Chemical variables such as pH, dissolved oxygen (DO) and substrates, 

• Biological variables such as total and viable cell density/concentration, and 

extracellular concentrations of metabolites. 

Sensors used to measure the variables can either record measurements (1) online, (2) in-line, 

(3) at-line, or (4) offline. During online measurements, sensors are placed in contact with the 

cell culture or within the bioreactor to offer real-time measurements. Alternatively, in-line 

measurements are taken by a sensor that is not placed directly within the reactor but outside 

where a sample flows to thus offering near real-time monitoring. Next, at-line measurements 

remove a sample volume from the bioreactor system for subsequent automated analysis. 

Finally, offline measurements represent the most manual solution where a sample is taken to 

be analysed manually away from the process. Many industrial fed-batch CHO cell culture 

processes rely on offline measurements where a major disadvantage is the delay between 

sample and analysis (Claßen et al., 2017). Overall, a summary of process measurement 

technologies used in fed-batch CHO cell cultures are shown in Table 2. 
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Table 2 Overview of key process parameters monitored by PAT during fed-batch CHO cell culturing, adapted 

from (Reyes et al., 2022). 

Type Monitored 

variable 

Example process 

measurement 

technology 

Controlled 

by 

Online/in-

line/at-

line/offline 

Physiochemical Temperature Thermocouple Heating jacket Online 

Dissolved oxygen Optical Sparging Online 

pH Optical Acid/Base 

addition, 

sparging 

Online 

Extracellular 

metabolite 

concentration 

Enzymatic Assays Media, 

feeding 

Offline 

Biological Product titre Turbidimetric 

Immunoassay 

Media, 

feeding 

Offline 

Cell 

concentration and 

characteristics 

Capacitance, 

Microscopy 

Volume 

adjustment 

Online, 

Offline 

 

In recent years, there has been a growing interest in applying spectroscopy for process 

monitoring of cell culturing with the aim of non-invasive continuous process monitoring. 

Specifically, there has been increased research interest in Raman and near-infrared (NIR) 

spectroscopy (Biechele et al., 2015). Initially, NIR lacked sensitivity and robustness with 

difficulties distinguishing low-concentration metabolites such as glutamine (M. Li et al., 2018; 

Sandor et al., 2013). However, improved use of regression models with NIR has shown promise 

for measuring non-glycosylated mAb concentration and glycosylated mAb concentration. of 

specific glycoforms (Zavala-Ortiz et al., 2020). That said, applications of infrared at a 

manufacturing scale are limited (Claßen et al., 2017). On the contrary, the number of 

applications of Raman is growing in both industry and academia (Claßen et al., 2017). Raman 

spectroscopy shows superior sensitivity and selectivity compared to other spectroscopy 
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techniques as it does not experience interference from aqueous solutions and can predict 

multiple metabolites simultaneously even at low concentrations (Abu-Absi et al., 2011; M. Li 

et al., 2018). Because of this, Raman has been applied across scales including 500L (Abu-Absi 

et al., 2011) up to 10,000L (Santos et al., 2019). However, a key disadvantage of Raman is the 

requirement of a model (e.g., partial least squares regression) to interpret the spectral data 

which can require recalibration upon changing process conditions (Mehdizadeh et al., 2015; 

Tanemura et al., 2023). Because of this and despite increasing interest, Raman is not yet widely 

deployed to fed-batch CHO cell cultures. Therefore, although advances in PAT are being made, 

a control strategy deployed at present would likely rely on existing widely available sensors 

including those based offline. 

2.5 Influence of Conditions on CHO Cell Cultures  

Major advances in tuning the conditions of CHO cell culture processes have been made to 

improve product titre, reduce by-products, and improve product quality (Coulet et al., 2022). 

The following section will give a brief overview of several key cell culture conditions and their 

effects on the process. 

2.5.1 Impact of Temperature  

Temperature is a key process parameter and potentially critical process parameter that 

significantly affects cell growth, productivity, and product quality (Z. Zhu et al., 2023). There 

are broadly two key strategies for temperature modulation within CHO cell cultures (1) keeping 

temperature constant e.g., at 37°C throughout the process and, (2) temperature shift during 

processing (McHugh et al., 2020). In the latter, reduced temperatures can be used to slow down 

cell metabolism. Before a temperature downshift, a cell culture is kept at its physiological 

temperature to maximise growth before the temperature is decreased to control cell 

proliferation and maintain a high viability over a prolonged period (Oguchi et al., 2006) 

Slowing down a cell’s metabolism may prevent a build-up of inhibitory or toxic metabolites 

such as lactate and ammonia, postpone apoptosis, and improve product quality  (Mellahi et al., 

2019; A. Moore et al., 1997; Sou et al., 2015). Temperature downshifts have been used to 

increase specific productivity by up to 46% (W. C. Yang et al., 2016). In other studies, despite 

similar cell-specific productivities, a temperature downshift led to a 3-fold increase in final 
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product titre owing to prolonged viability (Mellahi et al., 2019). More recently, the effects of 

temperature downshift on metabolic pathways were explored with a balanced redox state being 

the overarching reason for improvements in cell culture performance (Le Gal et al., 2021; Z. 

Zhu et al., 2023). That said, the exact changes in performance due to a temperature shift are 

dependent on the cell line (McHugh et al., 2020). Further, the exact choice of temperature has 

shown to be influential with one study showing a downshift to 35°C decreased final titre 

significantly, whilst a downshift to 32°C increased final titres by 25% (McHugh et al., 2020). 

A suitable design of dynamic experiments (DoDE) may help uncover process-specific optimal 

conditions. However, in previous studies utilising DoDE, temperature setpoint was kept as a 

static input, rather than a dynamic input (Luo, Stanton, et al., 2023). Alternatively, a process 

model incorporating temperature, or temperature-dependant parameters, could be used to 

lessen the experimental burden and optimise culture conditions. (Sou et al., 2017). 

2.5.2 Impact of pH  

During CHO cell culturing, pH is typically maintained at around pH 7.0. As cells grow, glucose 

is metabolised to produce Adenosine-triphosphate (ATP) and lactic acid is produced as a by-

product causing a decrease in pH. To balance this, a base is used (e.g., sodium hydroxide 

[NaOH] or sodium bicarbonate [NaHCO3]) to increase the pH and return it to its setpoint. 

Further, an allowable range is generally set. The key advantage of doing this is to prevent 

excessive control action. In detail, although the base can neutralise the cell culture, it increases 

osmolality which can negatively impact cell growth (Alhuthali et al., 2021). As scale increases, 

mixing becomes more challenging due to the balance of maintaining a homogenous cell culture 

and preventing high shear stress from being exerted on the cell due to intense mixing. Similarly, 

pH can be increasingly difficult to control as base additions cause localised differences in pH 

for example, at the location of addition of up to +/- 0.8 in 8000L vessels (Langheinrich & 

Nienow, 1999). These challenges mean that the industry is shifting towards prioritising 

sparging for pH adjustment paired with a buffered media (Hoshan et al., 2019). The challenges 

of controlling pH when scaling up have led to several studies purposefully perturbating pH to 

observe the effects. For example, various setpoints for pH were tested on a CHO cell culture 

including low 6.7, 6.9 and 7.1 and determined that there was no difference between a pH of 6.9 

and 7.1 with respect to cell growth (Lee et al., 2021). Similar indifferences at higher pH values 

were reported in a more recent study that purposefully introduced oscillations in pH between 
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7.1 and 7.5 and observed minimal impact on growth and productivity across different cell lines 

(Zakrzewski et al., 2022). At a lower pH of 6.7, a lower cell growth and thus a lower product 

titre was observed (Lee et al., 2021). Further, a lower pH also led to a threefold increase in the 

accumulation of toxic by-products such as ammonia (Lee et al., 2021). In addition, it was also 

observed that excessive additions of base led to increased lactate production (Jiang et al., 2018; 

Lee et al., 2021). That said, the effects of pH on cell cultures may be cell-line dependent. For 

example, an earlier study explored how variations in pH affected galactosylation whilst also 

discussing the mixed results present in other literature (Jiang et al., 2018). Therein, one cell 

line tested showed increased levels of galactosylation with increased deviations in pH but that 

was not reflected in the other two cell lines tested although the cause was not confirmed (Jiang 

et al., 2018). Ultimately, tight control of pH is crucial for improving process robustness as 

small deviations in pH may have negative consequences (Konakovsky et al., 2016; Michl et 

al., 2019). 

2.5.3 Impact of Dissolved Oxygen  

Dissolved oxygen (DO) is controlled to ensure oxygen availability within the cellular 

environment, enable cellular respiration and promote cell growth. Often this is set at 25-50% 

however some studies describe how fluctuations in DO have a greater negative effect on titre 

whilst the choice of setpoint is less important (Hippach et al., 2018). That said a setpoint too 

low (<10%) may lead to hypoxic conditions whereby cells may experience reduced growth 

rates (Kreuter, 2006). Further, limited DO could negatively affect galactosylation (Kunkel et 

al., 1998). On the contrary, setting a DO setpoint too high may lead to challenges in foam 

control and CO2 stripping (Anane et al., 2021). At increased scales, heterogeneity in the cell 

culture can lead to low localised levels of DO that have been reported to prevent late-stage 

lactate consumption (Anane et al., 2021). However, therein DO did not affect productivity and, 

in general, research suggests that other process conditions, in particular feed, may be more 

influential of performance (Anane et al., 2021). 

2.5.4 Impact of Feed  

The variation in feed components to improve CHO cell culture performance has received 

significant interest (W. J. Xu et al., 2023). Feeds are generally complex with over 100 
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components typically classed into several categories including carbon sources, amino acids, 

inorganic salts, vitamins, lipids as well as many other additives (W. J. Xu et al., 2023). 

Unfortunately, most commercially available feeds are of proprietary composition. Further, 

there is no one-size-fits-all feed and unlike many other process industries where inputs to a 

system are dictated by closed-loop controllers, the exact feeding schedule, components, and 

volumes (or fed-batch recipe) of CHO cell cultures are often set pre-emptively and decided 

using empirical approaches (Mellahi et al., 2019). Each fed-batch recipe is process-specific, 

with effects dependent on the cell line, but broadly fed to reach or maintain a specific cell 

density, enabling the expression of a product of a desired specification. Finally, an effective 

feeding strategy should also consider downstream purification for example, by minimising the 

accumulation of by-products which later must be separated from the product.  

Generally, all feeds are paired with glucose which is fed in bolus additions to the cell culture 

during fed-batch processing. Here, it acts as a key carbon source reportedly contributing 40-

70% of the total carbon influx to the cells (Sellick et al., 2011). In detail, glucose is utilised in 

the glycolytic metabolic pathway to create pyruvate (Sellick et al., 2011). Pyruvate can then 

enter the tricarboxylic acid cycle to produce ATP, a key energy source required for cell 

function. However, during the cell’s exponential growth stage, it is estimated that 75% of 

glucose consumption goes towards lactate production via pyruvate (Coulet et al., 2022). This 

represents a great limitation of CHO cells as lactate also inhibits growth (Lao & Toth, 1997; 

Martínez-Monge et al., 2019). As such, feed optimisation has been performed to identify 

alternative carbon sources in several studies e.g., using galactose (Altamirano et al., 2000). 

However, glucose is a key growth-limiting metabolite therefore, its substitution may result in 

a lower viable density (Altamirano et al., 2000). Other efforts to reduce metabolic by-products 

include the simultaneous feeding of glucose and lactate which was found to also reduce the 

extracellular concentration of ammonia, a toxic by-product, although growth and productivity 

remained similar (J. Li et al., 2012). More recently, flux balance analysis was used to explore 

feeding strategies that can induce efficient metabolism (Martínez-Monge et al., 2019).  

Feed optimisation remains a large research topic with several hundred components constituting 

a single feed recipe. As such, the review of each component is outside the scope of this study 

with in-depth analysis available elsewhere (Coulet et al., 2022). More broadly, the effects of 

key process variables on product titre and quality are generally cell-line dependent and have 

also been recently summarised (Ha et al., 2022). Instead, the focus of this thesis will be on 
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tackling the status quo for reliance on large experimental approaches to optimise and control 

processes. Such approaches are costly, laborious, and add significant time to process 

development. Instead, there has been increased interest in the mathematical modelling of CHO 

cell cultures for in silico design and optimisation. With such models, advanced process 

controllers can be developed to directly control key performance indicators. Progress in each 

of these follows. 

2.6 Modelling Mammalian Cell Cultures 

2.6.1 Model Classification 

Mathematical models are powerful tools that can significantly advance process development. 

Once developed, the use cases for process models include increasing process understanding, 

optimising feed and media (Maria, 2020), optimising process parameters (Sou et al., 2015), or 

process monitoring and control (Dewasme et al., 2023). Primarily, a model should provide an 

accurate description of cell culture conditions, whilst being able to extrapolate and make 

predictions of conditions not previously explored experimentally. Overall, an extensive range 

of model classifications have been proposed in literature (Figure 4) depending on the modelling 

approach, system characteristics, knowledge available, modelling domain, and modelling 

response (Tangirala, 2018; van den Bosch & van der Klauw, 2020). The following sections 

will review notable model classifications used within cell culture modelling applications. 

 

Figure 4 Mathematical model classifications. Adapted from (Tangirala, 2018). 
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The most widely compared model classifications when modelling cell cultures are mechanistic 

models, data-driven models, and hybrid models. Mechanistic models are built on first 

principles assumptions using extensive domain-specific knowledge (Kyriakopoulos et al., 

2018) and have been reviewed extensively (Kyriakopoulos et al., 2018). For cell cultures, this 

can be in the form of differential equations to describe the mass balances of key cell culture 

components along with algebraic equations to describe metabolite utilisation and biomass 

growth rates (Mears et al., 2017). Mechanistic models require strong domain-specific 

knowledge and therefore necessitate significant time and resources to develop (Luo, Kurian, et 

al., 2021). Despite this, many mechanistic models often only approximate underlying 

assumptions about a process (van den Bosch & van der Klauw, 2020). This is especially the 

case for upstream biopharmaceutical processes (relative to downstream) whose mechanisms 

by large remain only partially understood due to the complexity of the cell metabolism and its 

intrinsic living nature (Narayanan, Sponchioni, et al., 2022). Even for known mechanisms, the 

translation of these into a mathematical domain remains challenging with some models built 

describing several thousand individual reactions (Strain et al., 2023). Despite the inclusion of 

such in-depth knowledge, these remain cell-line and thus process-specific (Strain et al., 2023). 

To date, the creation of generalized models for CHO cell cultures remains an open challenge 

and instead, models must be reevaluated when the cell line, process parameters or scale is 

changed. However, once developed, mechanistic models possess a key advantage owing to the 

injection of scientific assumptions which may lead to increased extrapolation capabilities 

(versus data-driven or hybrid) (Bayer et al., 2023). For the same reason, mechanistic models 

may also require less data to develop than other modelling approaches (Bayer et al., 2023). 

Data-driven models are built empirically with less concern about whether the structure or 

parameters are biologically relevant provided the overall model allows for accurate prediction 

(Luo, Kurian, et al., 2021). The standardised structuring and parameterisation workflows give 

data-driven models an advantage over mechanistic models and can increase ease of 

development (Rashedi et al., 2023a). Further, data-driven models are also useful when model 

simplicity is preferred (Luo, Kurian, et al., 2021). For instance. if only analysis of the 

relationships between existing data is required, rather than a dynamic prediction of new process 

conditions, then statistical modelling is suited (I. Walsh et al., 2022; Yatipanthalawa & Gras, 

2023). Previously, multivariate data analysis has been applied to elucidate the high correlation 

between lactate consumption during late-stage cell culturing and high productivity in fed-batch 
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CHO cell cultures (Le et al., 2012). Overall, a drawback of data-driven modelling techniques 

is that they can require greater amounts of experimental data versus mechanistic models 

(Narayanan, Sponchioni, et al., 2022). Further, data-driven models may have less extrapolation 

capability than mechanistic models (Herwig, 2018; von Stosch et al., 2014).  

Balancing the benefits and drawbacks of data-driven and mechanistic models, hybrid models 

are increasingly being applied to CHO cell cultures partly due to the increased momentum of 

the industry to adopt principles of PAT (Doyle et al., 2023; von Stosch et al., 2014). 

Specifically, hybrid models can combine the interpretability of mechanistic model structures, 

whilst easing the development efforts of less known mechanisms that occur during cell culture 

(Narayanan et al., 2019). Hybrid models inherently allow for a large amount of structural 

flexibility (Narayanan et al., 2019). For example, mechanistic and data-driven aspects could be 

segmented in a serial approach (Thompson & Kramer, 1994) by modelling cell metabolism 

and growth mechanistically and feeding the results to an artificial neural network to model 

glycosylation (Kotidis & Kontoravdi, 2020). Alternatively, data-driven and mechanistic 

aspects can be more heavily integrated into a parallel approach (Thompson & Kramer, 1994) 

by using data-driven rate equations integrated into a series of ordinary differential equations 

(Doyle et al., 2023; Pinto et al., 2023). Despite the benefits, the main drawback is the increased 

amount of data that may be required for hybrid modelling relative to mechanistic models 

(Bayer et al., 2023). This may translate to increased experimental efforts and thus bring 

increased associated costs relative to mechanistic models. Ultimately, a balance must be drawn 

depending on data availability and the use case of the model. 

Models can also be classed based on their modelling approach depending on the scales they 

incorporate (Figure 5). This could include modelling the cell culture at (a) the macro extra-

cellular scale which may consider the bulk of the cell culture environment and assume 

homogeneity across the cell population (Sarna et al., 2023) ; (b) the meso-cellular scale for 

example whereby cells could be segmented into distinct populations with mass balances for 

each (Karra et al., 2010); or (c) the micro-intra-cellular scale which may consider reactions in 

a specific cellular compartment (Villiger, Scibona, et al., 2016).  
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Figure 5 Scales across a cell culture. 

In multi-scale models, several scales of the cell culture are modelled separately and brought 

together into one model for example to provide more accurate descriptions of cell metabolism 

(Karra et al., 2010). Multi-scale models could also model difficult-to-measure scales of the 

system (e.g. at an intra-cellular scale) using variables which are more easily measured (e.g., at 

an extra-cellular scale) and therefore there is potential for their use as a soft sensor to quantify 

hard to measure variables using more routinely available measurements (Villiger, Scibona, et 

al., 2016). However, increased modelling efforts may be required to describe a process across 

scales whilst the resulting model structure and parameters may have a large degree of 

uncertainty (Luo, Kurian, et al., 2021). Further, single-scale models that only approximate the 

behaviour of variables across one scale are a common dynamic model structure with suitable 

accuracy for many applications such as closed-loop process control (Rashedi et al., 2023a). 

Not dissimilar from the classification of models by scale, models can be distinctly classed 

depending on the degree of segregation (Sidoli et al., 2004). In nature, cells are far from 

homogenous, hence segregated cell culture models aim to explore these inhomogeneities 

(Shirsat et al., 2015). Conversely, unsegregated models assume a homogenous cell population 

(Shirsat et al., 2015). Commonly across several types of mammalian cell cultures, segregated 

models are used to split the cell population based on cell cycle (Lam et al., 2008). However, a 

challenge with these models is the requirement of increased amounts of data to describe the 

subpopulations of cells. Intuitively, increasing advances in process analytical technologies will 

ease the development of segregated cell culture models. In the meantime, cell populations can, 

if desired, be modelled with sufficient accuracy by treating the population as one entity 

(Yatipanthalawa & Gras, 2023).  
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A further classification depends on the level of intracellular detail modelled. Structured models 

describe the inner structure of the cell such as with defined metabolic pathways, whilst 

unstructured models do not contain intracellular descriptions (Sidoli et al., 2004). For example, 

genome-scale models are a type of structured model built using knowledge of known 

intracellular reactions and used to design feeding strategies to improve product titre by up to 

two-fold (Fouladiha et al., 2020; Z. Huang et al., 2020). However, structured models require 

extensive knowledge of the cell mechanisms in some cases over 6000 reactions, as well as 

advanced analytical experiments to validate this knowledge (Strain et al., 2023). As such, 

reduced scale models have been developed to describe CHO cell metabolism with a few 

hundred important reactions and only a 2.5% reduction in prediction accuracy versus larger 

models (Jiménez del Val et al., 2023). Flux balance analysis is paired with genome-scale 

models commonly for post-hoc interrogation of experimental data. That said, there are two 

main limitations of current approaches, namely flux balance optimises an objective function 

that is commonly set to maximise biomass and thus can assume an overly optimal metabolism 

(Strain et al., 2023). Secondly, flux balance analysis alone outputs the steady-state of the cell 

culture which may be less useful for applications where dynamic capability is favourable e.g., 

for process control. Instead, dynamic flux balance analysis can be performed where the 

metabolite fluxes are estimated sequentially (Nolan & Lee, 2011). That said, dynamic flux 

balance analysis can be computationally intensive requiring optimisation at sufficiently short 

intervals to give accurate results. Alternatively, a structured kinetic model could be used for 

dynamic modelling (N. Chen et al., 2014). However, these models require significant 

parametrisation and structuring efforts.  

Versus structured models, unstructured models describe extracellular variables. Previously, 

over 70% of unstructured mechanistic models for mammalian cell cultures were centred around 

a description of cell growth using Monod growth rate kinetics (Kyriakopoulos et al., 2018). 

Studies have shown the effectiveness of using Monod growth rate equations across scales (2L 

and 15L) and modes of operation (Craven et al., 2013). One of the key steps towards defining 

growth in mechanistic unstructured growth rates is the specification of growth-limiting (e.g., 

glucose, glutamine) and growth inhibitory (e.g., lactate, ammonia) metabolites (Karra et al., 

2010; Xing et al., 2010). Previous authors have reviewed in depth the effect of each metabolite 

on growth (Pereira et al., 2018). However, growth can also be affected by other conditions and 

not solely metabolite concentrations. Therefore, several authors tackled this by including 
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modified pH-dependant Monod expressions, or temperature-dependant parameters (Gadgil, 

2015; Sou et al., 2017). Crucially, careful choice of metabolites is required to ensure that the 

measurements of those selected are easily accessible especially if the model is to be used for 

closed-loop process control (Yatipanthalawa & Gras, 2023).  

One of the great challenges with modelling CHO cell cultures (and more widely mammalian 

cell cultures) is that using approximations of a highly complex system, such as with 

unstructured unsegregated models, leads to a degree of uncertainty in the model structure and 

parameters (Kiparissides et al., 2011). Several developments have been made in research to 

deal with this. For example, sensitivity analysis can be performed on the parameters and model 

structure to quantify how parametric uncertainty affects the model outputs (Kiparissides et al., 

2009). Further, insignificant parameters can be fixed whilst design of experiments can be 

utilised to further minimise uncertainty in significant parameters (Kontoravdi et al., 2010). As 

well as uncertainty stemming from the model, uncertainty in the system may stem from batch-

to-batch variability in the inoculum, measurement errors, or variability in feeds. Many of the 

former modelling studies focus on deterministic modelling using a single value for parameters 

to deliver a single value output. Alternatively, stochastic models can handle uncertainties by 

providing a range of outputs and the relative likelihood of each. For example, Bayesian 

parameter estimation was used to model the seed train bioreactors using a mechanistic model 

wherein both an estimate of each unknown model parameter as well as the corresponding 

probability distribution were found (Hernández Rodríguez et al., 2019). In addition, a digital 

twin framework was used whereby as the process was operated, the model was updated to 

improve accuracy and reduce uncertainty (Hernández Rodríguez et al., 2019). Despite the 

promise of this method, stochastic models require increased computational effort to model and 

simulate versus deterministic models (Székely & Burrage, 2014). 

Overall, over the past five years, there has been sustained interest in modelling CHO cell 

cultures. These advances are presented in Table 3. 
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2.6.2 Recent Advances in Modelling CHO Cell Cultures  

Table 3 Recent advances in modelling CHO cell cultures. For research listed here, a literature review network has been built using Inciteful (follow link) which lists an up-to-

date version of similar papers, review papers, predicts top authors, and predicts important papers (Weishuhn, 2024a). 

Category Manipulated Variable Modelled Outputs 

No. of 

Experiments 

(data split) 

Culture 

Period 

(days) 

Working 

Volume 

(L) 

Reference 

Hybrid and 

data-driven 

Glucose feed and variations 

in the inoculum (Rouiller et 

al., 2012) 

Xv, [mAb], [Glc], [Lac], 

[Gln], [Glu], [Amm], Osm, V 
81 (8:2) 10 3.5 

(Narayanan et 

al., 2019) 

Mechanistic 

Galactose feed (6.5mM-

50mM) and uridine feed 

(0.76-20mM) 

Xv, Xt, [Glc], [Asn], [Amm], 

[Lac], [Urd], [Gln], [Glu], 

[Gal], [Asp], [mAb], 

glycoforms, V 

6 12 0.1 

(Kotidis, 

Jedrzejewski, et 

al., 2019) 

Hybrid 

Various described in 

(Kotidis, Jedrzejewski, et 

al., 2019), (Villiger, 

Steinhoff, et al., 2016) and 

(Bydlinski et al., 2018) 

Xv, Xt, [Glc], [Asn], [Amm], 

[Lac], [Urd], [Gln], [Glu], 

[Gal], [Asp], [mAb], 

Glycoforms, V 

6 (5:1) 12 0.005-0.1 

(Kotidis & 

Kontoravdi, 

2020) 

https://inciteful.xyz/p?ids%5B%5D=W2918163347&ids%5B%5D=W3024508204&ids%5B%5D=W3126869566&ids%5B%5D=W3082333662&ids%5B%5D=W4283017114&ids%5B%5D=W4220673939&ids%5B%5D=W4309159259&ids%5B%5D=W4310760636&ids%5B%5D=W2955350610
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Mechanistic 

(Jimenez del Val 

et al., 2016) and 

data-driven 

Temperature (33.5-37), pH 

(6.8-7), Feed 

mAb, Xv, [Glc], glycoforms, 

V 
5 14 0.05 

(O. Yang & 

Ierapetritou, 

2021) 

Hybrid 

Feed including glucose 

with disturbances from 

asparagine, glutamate, and 

copper feed. 

Xt, Xv, [mAb], [Lac], 

[Amm], [Glc], [Gln], [Glu], 

[Ala], [Asn], [Asp], [Pro], 

glycoforms, V 

15 (12: 3:1) 16 0.1 
(Luo, Lovelett, 

et al., 2021) 

Various 

mechanistic to 

data-driven  

Feed of glucose and 

glutamine. Experimental 

data from various sources. 

nAb, Xv, [Glc], [Lac], 

[Amm], [Gln], Osm, V 

80 in-silico 

(20:20). 

67 exp. (16:51) 

14 3 

(Narayanan, 

Luna, et al., 

2022) 

Mechanistic 
Temperature (32-37°C), 

Feed 

HCP, [mAb], Xv, Xt, cell 

volume, [Asn], [Amm], [Glc], 

[Lac], [Ala], [Gln], [Glu], 

Osm, [Na], [K] 

4 14 1.2 

(Alhuthali & 

Kontoravdi, 

2022) 

Hybrid and 

 mechanistic 

Feed time, feed rate, feed of 

glucose, feed of glutamine 

(Möller et al., 2019) 

[mAb], Xv, Xt, [Glc], [Gln], 

[Amm], [Lac], [Gln] 

33 (4:28, 

19:14,33:0) 

 

10 

 

0.03-0.04 
(Bayer et al., 

2023) 
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Hybrid 

Mechanistic 

Feed. See (Kyriakopoulos 

& Kontoravdi, 2014) 

mAb, Xv, Xt, [Glc], [Lac], 

[Amm], [Ala], [Arg], [Asn], 

[Asp], [Gln], [Glu], [Gly], 

[His, [Ile], [Leu], [Lys], 

[Met], [Phe], [Pro], [Ser], 

[Thr], [Trp], [Tyr], [Val] 

3 18 0.05 
(Doyle et al., 

2023) 
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In 2019, hybrid modelling was compared to data-driven modelling (Narayanan et al., 2019). 

Firstly, an artificial neural network with one layer was used to calculate specific rates and 

combined with a first principles model (Narayanan et al., 2019). Next, two partial least squares 

models were built with one model predicting the absolute values of the states, whilst the second 

model predicted the intermediate daily change in state (Narayanan et al., 2019). The hybrid 

model successfully predicted viable cell density based on error, whilst the statistical models 

both had an error that was greater than the experimental error (Narayanan et al., 2019). 

Interestingly, the ability of each model to extrapolate was tested by training the models only 

on the lower 50% of achieved endpoint product titres and using this to predict experiments for 

the upper 50% (Narayanan et al., 2019). On average, the hybrid model resulted in a 5-10% 

increase in error whereas the statistical models had up to a 45-50% increase in error (Narayanan 

et al., 2019). This model used data from previous research (Rouiller et al., 2012), however, it 

is rare to see and to have access to so many experiments as is visible (in Table 3) when 

compared to other studies. The data from these experiments was split 80:20 between training 

and testing data helping to prevent over-parameterisation (Narayanan et al., 2019). The large 

amount of data and data splitting could explain why the hybrid model performed exceptionally 

when extrapolating outside of the conditions upon which it was built. 

In the same year, a mechanistic model was parameterised and subsequently used to maximise 

galactosylated antibody titre (Kotidis, Jedrzejewski, et al., 2019). Compared to the former study 

(Narayanan et al., 2019), the scale and number of experiments were reduced given the high 

associated costs and labour required (Kotidis, Jedrzejewski, et al., 2019). Using 7 experiments, 

a mechanistic model was built to describe the cell growth, metabolism, productivity, and 

glycoforms distribution (Kotidis, Jedrzejewski, et al., 2019). A Monod growth rate expression 

was used with glucose, asparagine selected as limiting metabolites, and ammonia, lactate, and 

uridine selected as inhibitory metabolites (Kotidis, Jedrzejewski, et al., 2019). Further, 

ammonia and uridine were used to describe cell death (Kotidis, Jedrzejewski, et al., 2019). It 

should be noted that some metabolites including uridine which was central to the growth 

prediction, required advanced analytical methods (chromatography) to determine their 

extracellular concentration (Kotidis, Jedrzejewski, et al., 2019). Further, nucleotide and 

nucleotide sugar quantification also required advanced analytics (Kotidis, Jedrzejewski, et al., 

2019). This may cause challenges in applying the model for real-time control due to the 

difficulty, and length of time required to obtain state measurements. However, given that 
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galactosylation is a critical quality attribute that the model accurately predicts, this could be 

justified. On this part, excellent predictive capabilities were observed for viable cell density 

and product titre where for each the R2 > 0.95 (Kotidis, Jedrzejewski, et al., 2019). Further, an 

accuracy of +/- 5% error was observed for most predictions of glycoforms distribution (Kotidis, 

Jedrzejewski, et al., 2019). Consequently, model-based optimisation was performed and a 90% 

increase in galactosylated antibody concentration was observed (Kotidis, Jedrzejewski, et al., 

2019). Overall, this represents a significant contribution both in modelling, including of 

galactosylation, and an experimentally validated method using open-loop optimisation for 

process control. 

The following year, an ANN was built to describe the glycan distribution with a mechanistic 

model built for the CHO cell metabolism (Kotidis & Kontoravdi, 2020). Using a manual search 

for hyperparameter tuning, 2 hidden layers were selected with 22 and 18 nodes respectively 

(Kotidis & Kontoravdi, 2020). Further, care was taken to avoid overparameterization by 

splitting the data for testing after which an informed decision was taken not to include a third 

hidden layer (Kotidis & Kontoravdi, 2020). The average absolute error of the glycoform 

distribution of the IgG was just 0.87% representing a substantial achievement (Kotidis & 

Kontoravdi, 2020). Further, robustness was tested by sequentially excluding inputs to the data-

driven aspect of the hybrid model which resulted in a 1.25% error (Kotidis & Kontoravdi, 

2020). Finally, a statistical model was built using PLS that reduced parameter and structuring 

efforts however the average error was 1.66% showing that the proposed hybrid model was 

superior to the proposed solely data-driven modelling (Kotidis & Kontoravdi, 2020). 

Elsewhere, an unstructured kinetic model describing productivity and glycosylation that was 

previously developed (Jimenez del Val et al., 2016) was modified with additions on cell growth 

to capture temperature effects and on productivity to model pH effects (O. Yang & Ierapetritou, 

2021). Following this, a data-driven model was developed to reduce the computational 

complexity of the model with the aim of easing process optimization efforts (Jimenez del Val 

et al., 2016). Overall, given the relatively low number of experiments, the data-driven model 

was able to predict the glycoforms with high accuracy and an error of <10% in all cases 

(Jimenez del Val et al., 2016). Next, the data-driven model was applied further to predict a 

design space that would ensure a glycoform would meet the requirements identical to that of 

Herceptin thus presenting a significant contribution towards demonstrating quality by design 

(Jimenez del Val et al., 2016). 



30 

Remaining with the trend of integrating glycosylation into models of CHO cell cultures, Luo 

et al demonstrated a workflow for adapting existing models to parameterised under one set of 

process conditions to a new set of process conditions (Luo, Lovelett, et al., 2021). Leave one 

out cross-validation was used with 12 experiments used to train a hybrid model and 3 

experiments used for testing (Luo, Lovelett, et al., 2021). An interesting prospect would be to 

test whether this method of altering an existing model can be applied to other models. Further 

to what extent a process can be changed before this method becomes redundant e.g., due to 

plant mode mismatch. Overall, this presents a significant contribution as it relieves significant 

modelling efforts upon process changes. 

Thus far, the key studies have generally compared a maximum of two model types. However, 

Narayanan et al proposed 7 models that lie between fully data-driven and fully mechanistic at 

varying “degrees of hybridisation” (Narayanan, Luna, et al., 2022). Therein the models were 

compared based on accuracy, model-building effort, extrapolation capability, and ease of 

utilisation (Narayanan, Luna, et al., 2022). Overall, models across the scale of hybridisation 

proposed have varying limitations. For example, data-driven models performed inaccurately 

and extrapolated poorly during instances of low data availability (Narayanan, Luna, et al., 

2022). Interestingly, just 10 experiments were required for a hybrid model to perform similarly 

to a full data-driven model built with 50 experiments (Narayanan, Luna, et al., 2022). On the 

opposite end, a mechanistic model’s performance was observed to be independent of the 

number of experiments used to build it indicating that mechanistic models can be built with 

low experimental efforts (Narayanan, Luna, et al., 2022). However, mechanistic models 

introduce bias in the assumptions made during structuring and parametrisation and therefore 

the best-performing hybrid models outperformed all mechanistic models (Narayanan, Luna, et 

al., 2022). That said, only one fully mechanistic model structure was tested in this study thus 

perhaps the former could be an unfair conclusion against all mechanistic models. Other types 

of mechanistic models include structured vs non-structured, or segmented vs non-segmented 

as described in previous sections. This could also indicate why the mechanistic model did not 

offer the best extrapolation capability either. Although in this study mechanistic models were 

outperformed by some measures, there is an argument that mechanistic models may inherently 

drive advancements in process understanding. To counter this argument, this could also 

introduce bias and reduce the advantages promised by mechanistic modelling. 
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In a 2022 study, mechanistic modelling was used to further understand the mechanisms 

occurring during the secretion of host cell proteins during CHO cell culturing (Alhuthali & 

Kontoravdi, 2022). Therein, volume-based population balance modelling was used to link the 

negative effects of osmolality on growth rate, and the effects of hyperosmolality on cell volume 

(Alhuthali & Kontoravdi, 2022). The same model structure was used to produce two sets of 

parameters for differing temperature control strategies (Alhuthali & Kontoravdi, 2022). This 

model was particularly successful at modelling late-stage cell cultures and presents an 

opportunity for integration with downstream models towards end-to-end process optimisation 

(Alhuthali & Kontoravdi, 2022). Finally, the model was used for open-loop optimisation testing 

6 objective functions for in-silico optimisation of product titre, to balance product titre with 

host cell protein secretion, and to predict the effects of a temperature shift (Alhuthali & 

Kontoravdi, 2022). The choice of objective functions is also discussed with respect to process 

design, especially considering downstream processing (Alhuthali & Kontoravdi, 2022).  

In 2023, another comparative study was published between a pre-defined unsegmented 

mechanistic model and a hybrid model utilising an artificial neural network (Bayer et al., 2023). 

Therein, several different training and testing splits (see Table 3) were tested to explore the 

accuracy and extrapolation capabilities of each model (Bayer et al., 2023). The mechanistic 

model used Monod growth kinetics with glucose and glutamine as limiting metabolites, and 

ammonia as an inhibitory metabolite (Bayer et al., 2023). Meanwhile, the ANN was built using 

one hidden layer and the hybrid model was developed in the Novasign GmbH (Vienna, Austria) 

Hybrid Modelling Toolbox (https://portal.novasign.at/) (Bayer et al., 2023). Similar to previous 

comparative studies (Narayanan, Luna, et al., 2022), Bayer et al highlights how there is not a 

universal approach to the selection of an appropriate modelling workflow (Bayer et al., 2023). 

For low data scenarios, mechanistic models can make accurate predictions, but the benefit 

diminishes with increased data (Bayer et al., 2023). Further, the selection of appropriate 

experiments for model-building is important where previously, the optimal choice of model-

building experiments led to over a 25% decrease in NRMSE versus the original training dataset 

(Bayer et al., 2023). 

https://portal.novasign.at/
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2.6.3 Challenges in Modelling Cell Cultures 

In summary, knowledge gaps remain in the mechanisms driving CHO cell culture processes. 

As such, there has been a trend towards hybrid and data-driven modelling. However, the first 

major obstacle towards developing models of CHO cell cultures is the requirement for 

experimental data which comes with large costs and labour efforts. Given that multiple studies 

comparing hybrid to mechanistic models have highlighted the potential advantage of 

mechanistic models during instances of low data availability, mechanistic models still pose a 

clear advantage during such situations. In addition, mechanistic models must inherently be built 

in pursuit of increased process understanding. Crucially, during model-building, an awareness 

of the potential to introduce bias must be maintained especially during the structuring and 

parametrisation of unstructured, unsegmented mechanistic models. Other challenges in data 

collection pertain to the datasets often containing infrequent daily measurements and 

potentially misaligned time points. As such, a minor consideration during model-building 

should be towards more rigorous data analysis methodologies to tackle this e.g., automated 

data alignment, automated unit conversation, and automated regression as demonstrated in 

recent work (Doyle et al., 2023). Further, the latter is crucial before the development of any 

automated modelling workflows, including automated mechanistic modelling which remains 

an open challenge. Finally, demonstrations of workflows that limit the number of parameters 

and variables within a model to reduce over-parametrisation risk are of value (Doyle et al., 

2023). On this point, it is also worthwhile to consider parametrisation strategies, recently 

reviewed elsewhere (Reddy et al., 2023). Comparison of parametrisation strategies is also a 

gap in many modelling studies.  

2.7 Overview of Control of Mammalian Cell Cultures 

Process control is the final step of implementing quality by design to biopharmaceutical 

processes (Anurag S Rathore & Helen Winkle, 2009). However, methods currently 

implemented for control of upstream biopharmaceutical processes significantly lag relative to 

other process industries (Mitra & Murthy, 2022). Broadly, upstream biopharmaceutical 

processes present challenges stemming from the production of a product from a heterogenous 

cell culture that has high sensitivity to bioreactor conditions (Luo, Kurian, et al., 2021). 
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Specifically, these processes often have highly non-linear, time-varying, and uncertain 

dynamics, paired with highly coupled process inputs (Dewasme et al., 2023). These challenges 

make it very difficult to implement robust process control methods capable of maintaining 

optimal process conditions (Nikita et al., 2023). 

2.7.1 Control Problem Definition 

Broadly, control systems can be operated in an open-loop or closed-loop manner (Mears et al., 

2017). Controlled variables include (1) bioreactor conditions such as pH, DO, temperature, and 

extracellular glucose concentration, some of which may be critical process parameters, (2) key 

performance indicators such as product titre, and (3) critical quality attributes such as 

glycosylation. To control those variables, manipulated variables commonly used include base 

or acid additions, feed additions, or sparging. Overall, an effective control strategy will create 

conditions for high process performance and process robustness wherein a process will meet 

specifications even in the event of the numerous disturbances that are present in cell culturing. 

2.7.2 Control Algorithm Classification 

The most basic form of control is a system operated in an open-loop manner whereby 

predetermined process inputs are implemented as shown in Figure 6.  

 

Figure 6 Open-loop system. 

A key feature is that this control strategy does not rely on a feedback loop, and therefore does 

not necessitate advanced process sensors to achieve the desired process outputs. Because of 

this, this method is low cost, and simple to implement versus other control strategies discussed 

(Bolmanis et al., 2023). However, open-loop systems may not account for process deviations 

such as those created by process disturbances e.g., variations in the inoculum (Hernández 

Rodríguez et al., 2019). That said, open-loop systems are commonly implemented within the 
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biopharmaceutical industry using a fed-batch recipe with defined volumes of feed to be fed at 

fixed times (Bolmanis et al., 2023; Teixeira et al., 2009). Further, many industrial fed-batch 

systems are operated in some form of open-loop manner (Bolmanis et al., 2023). Examples of 

open-loop systems in literature are presented in Table 4. 
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Table 4 Examples of open-loop systems deployed for mammalian cell culturing. All defined using model-based optimisation. 

Manipulated 

Variable 
Control Variable 

Controller 

Testing 

Scale 

(L) 

Expression 

System & 

Product 

Reference 

Temperature Product titre Experimental 0.05 CHO, interferon–γ (Fox et al., 2004) 

Feed glucose and 

glutamine 
Product titre Experimental 0.01 Hybridoma, mAb (Lam et al., 2008) 

Feed of glucose 

and glutamine 

Various: (1) specific productivity, (2) product 

titre, (3) viable cell concentration, (4) integral 

viable cell concentration  

In-silico 0.2 Hybridoma, mAb 
(Koumpouras & 

Kontoravdi, 2012) 

Feed glucose and 

glutamate 
Product titre Experimental 0.02 GS-NS0, mAb 

(Kiparissides et al., 

2015) 

pH Product titre Experimental 1L CHO, mAb (Hogiri et al., 2018) 
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For open-loop systems manipulated variables can be defined by using a design of experiments. 

However, there are several examples where model-based strategies have been used to define 

manipulated variables for open-loop systems in literature. In 2004, research wherein an 

unstructured mechanistic model of a CHO cell culture was built with two sets of temperature-

dependant parameters for 32C and 37°C respectively and a structure centred around a Monod 

growth rate (Fox et al., 2004). The model was able to predict the productivity based on the day 

of the temperature shift and was subsequently validated in an open-loop manner leading to an 

improvement in productivity by 40% versus operating at the low temperature of 32°C, and 90% 

higher than operating at 37°C. This study represented one of the first model-based control 

strategies to manipulate the temperature shift of a CHO cell culture. Following this, in 2008, 

dynamic optimisation was performed on a previously developed mechanistic model 

(Kontoravdi et al., 2005) segregated based on cell cycle where model based open-loop 

optimisation led to increased cell culture lifetime and 40% increase in product titre (Lam et al., 

2008). Further advances were made following this where in 2012, a model of a mammalian 

cell culture was utilised to test in-silico four different objective function for model-based 

dynamic optimisation as listed in Table 4 (Koumpouras & Kontoravdi, 2012). From these, it 

was postulated that as the predicted specific productivity was identical for all four objective 

functions tested, including where this was maximised, the limiting factor was the cell line 

(Koumpouras & Kontoravdi, 2012). Meanwhile, maximising viable cell concentration led to 

lower product titres than other objective functions (Koumpouras & Kontoravdi, 2012). 

Therefore, the authors concluded that integral viable cell density and product titre were the 

most appropriate variables to include within the objective functions for model-based 

optimisation (Koumpouras & Kontoravdi, 2012) This study is particularly interesting as it 

considered several objective functions rather than solely product titre (Koumpouras & 

Kontoravdi, 2012). In subsequent studies, Kiparissides et al. defined a mechanistic model of a 

GS-NS0 expression system that accounted for lag phase following inoculation which was then 

used to optimise the feeding frequency rather than using fixed feeding times. By varying the 

feed schedule of glucose and glutamate, a 30% increase in product titre was achieved 

(Kiparissides et al., 2015). Unlike the previously presented methods in this section, Hogiri et 

al., manipulated pH to control product titre (Hogiri et al., 2018). Further, this study was 

performed in 3L bioreactors (1L working volume) and therefore a closer representation of 

large-scale manufacturing conditions vs the flasks that were used for experiments in previous 

examples. In detail, a mechanistic model was built with 4 sets of parameters representing each 
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pH of 6.6, 6.8, 7.0, and 7.2 respectively (Hogiri et al., 2018). Following this optimisation was 

performed to maximise product titre and determine optimal pH shift. Experimental validation 

resulted in a 40% increase in product titre (Hogiri et al., 2018). The main challenge in the 

former study would be to achieve such tight control of pH in practice. Although perhaps dated, 

previous research suggests that at larger scale, pH can vary by 0.8 due to poor mixing 

(Langheinrich & Nienow, 1999). More recent research suggested that CHO cell cultures were 

not affected by small pH changes between 6.9 and 7.1, although this may be cell line dependant 

(Lee et al., 2021). Overall, open-loop systems have demonstrated success with strong 

experimental results when using model-based optimisation to maximise titre.  

 

Figure 7 Closed-loop control. 

Open-loop process control is well accepted in the biopharmaceutical industry because of its 

inherent simplicity and is broadly considered a “safe” operation strategy (Teixeira et al., 2009). 

For model-based control, if the process model is sufficiently accurate and robust, then open-

loop systems may be sufficient to achieve reasonable control objectives as demonstrated by the 

success of studies in Table 4. However, in the presence of significant process deviations for 

example due to disturbances or plant model mismatch, open-loop systems may not perform 

adequately (Mears et al., 2017). Instead, closed-loop control (Figure 7) can help address these 

issues. Contrary to open-loop systems, closed-loop control systems rely on a feedback 

measurement prior to taking a control action thus there is a requirement for appropriate process 

analytical technology (Bolmanis et al., 2023). However, the advantage of closed-loop control 

is that it may lead to batch reproducibility by properly reacting to process deviations (Bolmanis 

et al., 2023). 
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One of the most common closed-loop control methods is proportional-integral-derivative (PID) 

controller shown in Figure 8. This is centred around correcting the process by reacting to the 

setpoint error, the difference between the setpoint and the measured output.  

 

Figure 8 Process-integral-derivative control. 

Using the setpoint error (e(t)), the control action is calculated based on Eq. 1. 

 u(t) = Kpe(t) + KI � e(t) dt + Kd
de(t)

dt
 Eq. 1 

Here, u(t) is the controller input at time t, Kp is the proportional gain, KI is the integral gain, 

and Kd is the derivative gain. Briefly, the proportional term responds to the error at time, t, the 

integral term responds to the accumulated error aiming to reduce overshoot, and the derivative 

term responds to the rate of change of error aiming to reach setpoint faster. It should be noted 

that each controller gain can be tuned separately, and it is common to only use some terms e.g., 

P, PI, PD, or PID controller. For CHO cell cultures, PID controllers are generally utilised for 

regulatory control of base bioreactor conditions including pH, DO and temperature (Martens 

et al., 2014). 

In 2011, Chotteau et al., demonstrated a PID tuning strategy to control DO in a 50L reactor 

(Chotteau & Hjalmarsson, 2011). Subsequently, DO and pH were simultaneously controlled in 

a 400L reactor (Chotteau & Hjalmarsson, 2011). In doing so, this research aimed to tackle one 

of the main challenges with scaling up where long mixing times create heterogeneities in the 

cell culture (Lee et al., 2021). When designing a controller at the 50L scale, random noise, and 
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variation in the oxygen consumption rate was added to test robustness of the controller under 

several scenarios. Meanwhile for the 400L scale, a water system was used to test several 

controllers and obtain satisfactory controller gains before being tested in a mammalian cell 

culture (Chotteau & Hjalmarsson, 2011). One downside of PID control is that it contains fixed 

parameters suited to linear control e.g., a P controller is suited to a process where the error is 

always proportional to the required corrective action. However, mammalian cell cultures have 

highly nonlinear process dynamics. Hence, adaptive controllers may be more suited and have 

been used for mammalian cell culturing. For example, Aehle et al., used an adapted 

proportional controller shown in Eq. 2 (Aehle et al., 2011). 

 𝑢𝑢(𝑡𝑡) = �1 + 𝐾𝐾𝑝𝑝𝑒𝑒(𝑡𝑡)� 𝑢𝑢 𝑆𝑆𝑆𝑆(𝑡𝑡) Eq. 2 

Compared to a P controller which only takes the setpoint error (e(t)) as a variable, an adaptive 

controller can take several terms such as by using the desired se point trajectory, 𝑢𝑢 𝑆𝑆𝑆𝑆(𝑡𝑡). Aehle 

et al. used Eq. 2 to manipulate the feed of glutamine and control the cumulative oxygen uptake 

rate (tcOUR). The tcOUR was chosen as a controlled variable to supress the effects of 

measurement noise that would otherwise be present in OUR. Several robustness tests were 

performed including deviating the initial viable cell density by 30% in which case the controller 

kept the process within +/- 5% relative deviation by 70h (Aehle et al., 2011) rather than by 110 

h that was achieved without adaptive control (Aehle et al., 2012). Recent advances have led to 

possibility of using Raman for online measurement of the extracellular concentration of key 

metabolites such as glucose, lactate, or ammonia. As such, there is a renewed research interest 

in the use of PID for control of CHO cell cultures (Luo, Kurian, et al., 2021). One example of 

this is online glucose control using a proportional controller and Raman spectroscopy for 

feedback measurements (Matthews et al., 2016). Further examples are presented in Table 6. 
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Table 5 Examples of closed-loop control deployed for mammalian cell culturing. 

Manipulated 

Variable 

Control 

Variable 
Controller Testing 

Initial 

Working 

Volume 

(L) 

Control 

Strategy 
Reference 

Sparging 

oxygen 

Various: (1) 

DO, (2) DO, 

pH 

Experimental 

Various: 

(1) 50, 

(2) 400 

PI 

control 

(Chotteau & 

Hjalmarsson, 

2011) 

Feed 

glutamine 
tcOUR Experimental 2.5 

Adaptive 

P control 

(Aehle et al., 

2011) 

Feed glucose Glucose Experimental 5 
P-

Control 

(Berry et al., 

2016) 

 

Model predictive control has been implemented widely across process industries and within 

other processes led to a range of benefits including a 5% throughput increase, a 15% reduction 

in operating costs, with 69% of users reporting process stability, and a reported 6–9-month 

payback time (Bauer & Craig, 2008a; William Y. Svrcek, Donald P. Mahoney, 2014). Yet, 

over 90% of biopharmaceutical processes do not use model predictive control and instead rely 

on classical control such as single input single output PID control (Mitra & Murthy, 2022). 

Despite this, model predictive control is seen as a promising method for closed-loop control of 

bioprocesses (Bolmanis et al., 2023), 

In principle, model predictive control (Figure 9) requires a robust and accurate process model 

to anticipate the future behaviour of the system. Crucially, the success of the control strategy 

is heavily limited by the model robustness and accuracy (Schwenzer et al., 2021). For CHO 

cell cultures, modelling remains a challenge and can require large amounts of data (Bayer et 

al., 2023). This, and a lack of process validation of model predictive control applications in 

CHO cell culturing, partly explains why there is limited adoption (Mitra & Murthy, 2022). 

Once a model is developed, however, it is used to predict the process across a prediction 

horizon. Following this, optimisation is performed within a set of constraints to determine an 

optimal control action. Next, only the first control action is taken. Instead, upon receipt of new 
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data, the initial conditions of the model are updated, and optimisation is performed again to 

determine the next control action. This is repeated at every decision point to give a full control 

trajectory across the entire time horizon.  

 

 

Figure 9 Model predictive control 

 

A key advantage of model predictive control is the ease with which constraints can be set 

explicitly. Further depending on the model, model predictive control allows for implementation 

of multi-input multi-output control using inputs and an objective function. Common objectives 

include minimisation of error against a predefined trajectory. Alternatively, the minimisation 

or maximisation of process variables can also be set as an objective. Overall, due to the repeated 

re-prediction of the process, resulting in step ahead predictions, model predictive control may 

also offer robust performance through reduction in process-plant model mismatch. Examples 

of model predictive control are shown in Table 6. 
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Table 6 Examples of model predictive control deployed for mammalian cell culturing. 

Manipulated 

Variable 

Control 

Variable 

Controller 

Testing 

Initial 

Working 

Volume (L) 

Reference 

Feed of glucose and 

glutamine 
Product titre Experimental 2 

(Teixeira et al., 

2007) 

Feed of glutamine  
Total oxygen 

update rate 
Experimental 2 

(Aehle et al., 

2012) 

Feed of glucose 

Extracellular 

glucose 

concentration 

Experimental 15 
(Craven et al., 

2014) 

Feed of mannose High mannose Experimental 0.002 
(Zupke et al., 

2015) 

Feed of galactose 
Galactosylated 

product titre 
In-Silico 2 

(Downey et al., 

2017) 

Feed of glucose, 

glutamate, arginine, 

aspartate, and 

asparagine 

IVCD, In-Silico 0.2 
(Papathanasiou 

et al., 2017) 

 

From Table 6, feed to the cell culture is often used as the manipulated variable for the control 

of product titre. Commonly this includes a major carbon source such as glucose or glutamine. 

For example, Teixeira et al. built a hybrid model of a baby hamster kidney (BHK) cell culture, 

whereby model parameters were updated in real-time (Teixeira et al., 2007). From this, a model 

predictive controller was used to determine the optimal feed of glucose and glutamine that 

would maximise product formation. During in-silico studies, this led to a predicted 10% 

increase in product titre and highlighted the importance of low initial extracellular  

concentrations of glucose and glutamine whilst viable cell density is low. Using the feed of 
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glutamine as a manipulated variable was subsequently tested experimentally by Aehle et al. on 

a CHO cell culture (Aehle et al., 2012). Here however, the total oxygen consumed was 

controlled, indirectly controlling viable cell concentration, with the aim of achieving process 

robustness rather than maximising process performance. To do so, model predictive control 

was used to minimise the error between the predicted trajectory of the oxygen consumed to a 

desired reference trajectory obtained during a previous experimental run. Overall, model 

predictive control led to a high degree of batch-to-batch reproducibility, although the exact 

RMSE deviations and other quantitative controller performance was not shown in this study.  

Fixed setpoint tracking (rather than control variable minimisation/maximisation) was also used 

by Craven et al. whereby glucose feed was manipulated, and glucose concentration controlled 

in real-time. This was achieved by minimising the errors between the predicted extracellular 

glucose concentration and setpoint extracellular glucose concentration of 11mM at 0-100 hrs 

and 15mM after 100 hours (Craven et al., 2014). This study represents a major contribution as 

it uses a relatively small sample time of just 6 minutes, achieved experimentally by 

incorporating Raman spectroscopy for near continuous monitoring. As such, glucose can be 

supplemented at similarly short intervals potentially reducing osmotic stress that the cell 

culture is exposed to due to lower glucose feed volumes. Despite the use of Raman 

spectroscopy leading to increased measurement noise, the model predictive control strategy 

was able to effectively achieve near continuous setpoint tracking. Overall, this study 

demonstrates effective regulatory control of bioreactor conditions (e.g., glucose concentration). 

That said, closed-loop control of key performance indicators (e.g., product titre) or critical 

quality attributes (e.g., glycosylation) would be of value. Zupke et al. is one of the first to 

implement model predictive control experimentally to control glycosylation in a pilot scale 

(500L) reactor. Specifically, high-mannose N-linked glycosylation (“High Mannose”, %) is 

controlled by manipulating mannose feed and resulted in setpoint tracking achieving 6% High 

Mannose (+/- 1%).  

As mentioned, one of the benefits of model predictive control is its ability for multiple input, 

multiple output control, thus is suited to CHO cell culturing. Papathanasiou et al. presents a 

notable in-silico example of multi-input control using the feed of several different metabolites 

to control antibody titre rather than solely glutamine and/or glucose. Further, varying sampling 

and feeding times during the fed batch schedule was also tested. Overall, model predictive 
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control may be suited to CHO cell culturing, and given the advances in process modelling 

described, the next step would be to implement these experimentally for real-time optimisation. 

Over the past five years, there has been a growing interest in process control of CHO cell 

cultures with key studies shown in Table 5. Nearly 80% of studies listed use feed as a 

manipulated variable, with more 50% of studies specifically using glucose. As discussed in 

Section 2.5.4, glucose if the main carbon source used within the metabolism of CHO cells and 

therefore is highly influential on cell growth and product titre. In general, there remains 

significant opportunity for control of CQAs (e.g., HCP concentration) or KPIs (e.g., product 

titre) with over 50% of studies instead focusing on regulatory control for example of pH. 

Further, less than 10% of studies listed experimentally demonstrate closed-loop control of a 

KPIs or CQAs. Here, this research gap may be due to the challenges association with 

development for use during controller design and deployment that describes these KPIs and 

CQAs. In addition, the challenges associated with experimental demonstration of process 

control of CHO cell cultures, including the associated high cost and labour efforts, may also 

explain why nearly 50% of studies listed focus on in-silico development of a controller rather 

than experimental demonstrations. In addition, for similar reasons this may explain why in all 

studies, controllers are designed on lab scale reactors (<15L). Overall, there is still a strong 

focus on fed-batch mode of operation which may be explained as this is the main mode of 

operation used at a manufacturing scale. Finally, despite the promised benefits of MPC 

described in previous sections, less than 50% of studies listed utilise MPC. Thus, there remains 

a significant research gap with only one study listed demonstrating MPC experimentally for 

control of KPIs or CQAs. A more in-depth discussion into relevant studies in control of CHO 

cell cultures is given in Section 5.1. 
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Table 7 Recent advances in control of CHO cell cultures. For research listed here, a literature review network has been built using Inciteful (follow link) which lists similar 

papers, review papers, predicts top authors, and predicts important papers (Weishuhn, 2024b). 

Control Type Manipulated 

Variables 

Controlled Variables Controller 

Testing 

Mode of 

Operation 

Scale Reference 

Open loop 

optimisation 

Feed of galactose and 

feed of uridine 

Galactosylated product 

titre 

Experimental Fed-batch 0.1 (Kotidis, 

Jedrzejewski, et 

al., 2019) 

PID Feed of glucose Glucose concentration Experimental Fed-batch 2.5 (B. Moore et al., 

2019) 

MPC Feed of a commercial 

feed 

Lactate concentration Experimental Fed-batch 1-1.5 (Schmitt et al., 

2019) 

MPC Feed of a commercial 

feed, pH 

Product titre, viable cell 

density 

In-silico Fed-batch Unspecified (Hebing et al., 

2020) 

PID Feed of lactic acid and 

glucose 

Lactate concentration 

and glucose 

concentration 

Experimental Fed-batch 1.8-1.9 (Eyster et al., 

2021) 

https://inciteful.xyz/p?ids%5B%5D=W1870974274&ids%5B%5D=W2021199190&ids%5B%5D=W2040813538&ids%5B%5D=W2606676378&ids%5B%5D=W2911651053&ids%5B%5D=W2918163347&ids%5B%5D=W2944297854&ids%5B%5D=W2998669422&ids%5B%5D=W3081409172&ids%5B%5D=W3089053125&ids%5B%5D=W3159978004&ids%5B%5D=W3184972500&ids%5B%5D=W3197910548&ids%5B%5D=W3213616917&ids%5B%5D=W4210728282&ids%5B%5D=W4210728486&ids%5B%5D=W4220673939&ids%5B%5D=W4224326997&ids%5B%5D=W4287148180&ids%5B%5D=W4289518856&ids%5B%5D=W4308501848&ids%5B%5D=W4320882916&ids%5B%5D=W4321084191&ids%5B%5D=W4382181862&ids%5B%5D=W4382919287&ids%5B%5D=W4383621366&ids%5B%5D=W4386187252&ids%5B%5D=W4388345018&ids%5B%5D=W4388660846
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PID Feed of phenylalanine 

and glucose 

Phenylalanine 

concentration and 

glucose concentration 

Experimental Fed-batch 5 (Webster et al., 

2021) 

PID Bleed rate (flow rate 

out) 

Viable cell density Experimental Perfusion 1.5 (G. Chen et al., 

2021) 

Reactive 

scheduling 

Feed of galactose and 

feed of uridine 

Galactosylated product 

titre 

In-silico Fed-batch 0.1 (Kotidis et al., 

2021) 

(1) PID and (2) 

MPC 

Feed of a commercial 

feed including glucose 

Product titre, glucose 

concentration 

In-silico Fed-batch 15 (Rashid et al., 

2021) 

Open loop 

optimisation 

Feed of a commercial 

feed including 

asparagine, glucose 

and glutamate 

(1) Product titre, (2) 

ratio of product titre to 

host cell protein 

concentration 

In-silico Fed-batch 1.2 (Alhuthali & 

Kontoravdi, 2022) 

PID Base flow rate, CO2 

flow rate, stirrer 

speed, air flow rate, 

headspace, and O2 

flow rate 

Dissolved oxygen and 

pH 

Experimental Fed-batch 0.2-0.5 (Harcum et al., 

2022) 
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PID Feed of glucose and 

arginine 

Glucose concentration 

and arginine 

concentration 

Experimental Fed-batch 2 (Domján et al., 

2022) 

PID Feed of glucose Glucose concentration Experimental Perfusion 1-5 (Graf et al., 2022) 

Open loop 

optimisation 

Feed of a commercial 

feed, sample rate, time 

of temperature switch, 

and time of operation 

mode switch to 

perfusion 

Product titre, reactor 

run time, and glucose 

feed volume, working 

volume. 

In-silico Perfusion 8 (Kumar et al., 

2022) 

(1) PID and (2) 

MPC 

Bleed rate (flow rate 

out) 

Viable cell density In-silico Perfusion 10 (Pappenreiter et 

al., 2022) 

PID Feed of a commercial 

feed including glucose 

Glucose concentration Experimental Fed-batch 2 (Webster et al., 

2023) 

PID Bleed rate (flow rate 

out) and glucose feed 

rate 

Viable cell density and 

glucose 

In-silico Perfusion 0.83 (Sakaki et al., 

2023) 

MPC Feed of glucose Glucose utilisation rate In-silico Fed-batch 0.05 (Monteiro et al., 

2023) 
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PID Feed of glucose Glucose concentration Experimental Fed-batch 1 

 

(Gibbons et al., 

2023) 

MPC Temperature, pH, 

Feed of glucose, Bleed 

rate (flow rate out) 

Product titre, harvest 

rate 

In-silico Perfusion 0.2 (Sarna et al., 2023) 

MPC Feed of a commercial 

feed including glucose 

Viable cell density, 

total cell density, 

lactate, glucose 

concentration, 

glutamate 

concentration, lactate 

concentration, 

ammonia 

concentration, 

osmolality, glutamine 

concentration, sodium 

and potassium 

concentration 

Experimental Fed-batch 0.8-1.9 (Rashedi et al., 

2023a) 
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 (1) PID and (2) 

MPC 

CO2 flow rate, and O2 

flow rate 

Dissolved oxygen, and 

pH 

Experimental Fed-batch 7 (Jones et al., 2023) 

MPC Feed of glucose and 

glutamine 

Product titre In-silico Fed-batch 0.2 (Ohkubo et al., 

2023) 

MPC Feed of a commercial 

feed including 

glucose, agitation 

setpoint, pH setpoint, 

temperature setpoint, 

DO setpoint 

Viability, product titre, 

level of fucoslyation 

In-silico Fed-batch 0.3 (Luo, Kurian, et 

al., 2023) 
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Chapter 3 Project Aims 

3.1 Research Proposal 

In this thesis, several methodologies are developed computationally and deployed 

experimentally to advance towards process automation of upstream biopharmaceutical 

processing. Working with the predominant production process for the manufacture of 

monoclonal antibodies, this thesis uses a fed-batch operating mode along with an industrial cell 

line. Specifically, there is an aim to demonstrate effective closed-loop process control methods 

for fed-batch CHO cell cultures. To do so, a three-step approach is defined as follows: 

1. Develop a process model, 

2. Define an operating strategy, 

3. Deploy a control strategy. 

Overall, three process control strategies were tested experimentally including using manual 

bolus feeding of glucose, open-loop optimisation, and model-predictive control with the latter 

shown in Figure 10. Whilst previous studies have paved the way towards development of 

mechanistic models for fed-batch CHO cell cultures, in this study there is a purposeful 

development of mechanistic models for online application. As far as the author is aware, this 

presents the first attempt to deploy a mechanistic model within a model predictive controller 

for production of monoclonal antibodies to simultaneously control product titre, viable cell 

density, extracellular  lactate concentration, osmolality and minimise feed.  
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3.2 Research Objectives & Proposal 

To achieve the aim of this research, several research objectives were focused on using a mixture 

of computational and experimental methodologies shown in Table 8. These methods are 

demonstrated in two results chapters that are broken down as follows: 

1. Chapter 4 Mechanistic Modelling of CHO Cell Cultures for Online Application: 

The impacts of different glucose feeding regimes are investigated to develop a 

mathematical model of the fed-batch CHO cell culture with the following tasks. 

a. Three manual glucose feeding strategies are tested in a 2L single-use fed-batch 

CHO cell culture: a low glucose feed, a nominal glucose feed, and a high 

glucose feed. 

b. The cell culture is monitored throughout the cell culture collecting key data: (i) 

viable cell density, (ii) total cell density, (iii) product titre, (iv) key metabolite 

and by-product concentrations, (v) osmolality, (vi) temperature, (vii) pH, (vii) 

dissolved oxygen. 

c. An automated data analysis script is built in Python for unit conversions and 

key calculations such as growth rates and metabolite utilisation rates. 

d. Relationships between process variables are determined and a model structure 

and parameters that describe the fed-batch CHO cell culture is determined. 

2. Chapter 5 Advanced Process Control of CHO Cell Cultures: Using the previous 

process model, in-silico experiments are used to define an operating strategy. Then, this 

operating strategy is deployed within a model predictive controller. 

a. Sensitivity analysis is used to describe the relationship between process inputs 

and process outputs.  

b. In-silico optimisation is used to rapidly test several process control strategies 

and reduce experimental burden. 

c. Model predictive control is deployed and compared to reactive scheduling 

during an operating error. 

d. Model predictive control is deployed and compared to open-loop optimisation 

and manual feeding during normal operation.  
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Figure 10 Towards implementation of model predictive control to fed-batch production of monoclonal antibodies. 
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Table 8 Summary of methods utilised within this thesis. 

Thesis Chapter Chapter Segment Operation Methods/Platform 

Chapter 4 Mechanistic 

Modelling of CHO Cell 

Cultures for Online 

Application 

Model training data 

collection using a 

manual glucose feeding 
Cell culture 

2Lsingle-use bioreactor (Sartorius Univessel® SU and 

Holder), monitoring and control hardware (Sartorius 

Biostat® B), monitoring software (Sartorius BioPAT® 

MFCS) 

Sampling/harvest 
Centrifugation (Thermo Scientific™ Medifuge™ Small 

Benchtop Centrifuge) 

Product titre 
High throughput analyser (Roche Cedex Bio HT® 

Analyser) 

Cell count 
Cell counter (Beckman Coulter Vi-CELL XR Cell 

Viability Analyser) 

Metabolite analysis 
High throughput analyser (Roche Cedex Bio HT® 

Analyser) 

Osmolality 
Osmometer (Advanced Instruments OsmoPro Micro-

Osmometer) 
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pH 
Blood gas analyser (Siemens Healthineers RAPIDPoint 

500 Blood Gas Analyzer) 

Temperature control 
Preset PID controller with fixed setpoint (35°C, Sartorius 

Biostat® B), heating jacket, temperature probe 

pH Control 

Preset PID controller with fixed setpoint (pH 6.9-7.0, 

Sartorius Biostat® B), base (NaHCO₃) addition (Sartorius 

Biostat® B), L-Sparger (Sartorius Univessel® SU) 

Dissolved oxygen 

control 

Preset PID controller with fixed setpoint (50% DOT, 

Sartorius Biostat® B), electrochemical sensor (Sartorius 

Univessel® SU and Holder), L-Sparger (Sartorius 

Univessel® SU) 

Agitation control 

Preset PID controller with fixed setpoint (225 rpm, 

Sartorius Biostat® B), 3-blade segment impeller 30° 

(Sartorius Univessel® SU), and motor (Sartorius) 

Feeding Manual feeding at a fixed schedule 

Modelling Data analysis Custom Python 3.9 script 

Model structuring Manual 
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Model 

parameterisation 
Siemens gPROMS ModelBuilder 7.1.0 

 

Chapter 5 Advanced 

Process Control of CHO 

Cell Cultures 

Operating strategy 

development and 

deployment 

Sensitivity analysis Siemens gPROMS ModelBuilder 7.1.0 

In-silico optimisation Siemens gPROMS ModelBuilder 7.1.0 

Real-time 

optimisation 

Custom Python 3.9 script, Siemens gPROMS 

ModelBuilder 7.1.0 

Open-loop optimisation 

experiment 

Same as model-

building experiments. 
Same as model-building experiments. 

Reactive Scheduling Same as model-

building experiments. 
Same as model-building experiments. 

Non-linear model 

predictive control 

experimental 

Same as model-

building experiments. 
Same as model-building experiments. 
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Chapter 4 Mechanistic Modelling of CHO Cell 

Cultures for Online Application 

4.1 Introduction 

Developing mathematical models of Chinese hamster ovary (CHO) cell cultures can aid 

process development towards defining a suitable operating strategy that would otherwise be 

determined through significant experimental efforts. In literature, there are notable examples 

of such models describing CHO cell metabolism including mechanistic (Kyriakopoulos et al., 

2018), data-driven and hybrid models (Bayer et al., 2023; Doyle et al., 2023) as described in 

Chapter 2. Data-driven and hybrid models can require a larger quantity of data compared to 

mechanistic models (Bayer et al., 2023). However, during upstream process development, this 

is often not the case. The inclusion of first principles relationships in mechanistic models can 

make them suited to model processes with limited data (Bayer et al., 2023). In addition, even 

if hybrid/data-driven models can make more accurate predictions, the pursuit of biologically 

relevant mechanistic models inherently can advance process understanding by either validating 

existing mechanistic equations or postulating new mechanistic equations whose structure better 

reflects the underlying processes. The obvious major challenge here is the requirement for 

knowledge of the relevant mechanisms present. One prominent example in this respect is the 

complexity of modelling the extracellular concentration of lactate, especially where cells show 

a shift from production to consumption of lactate. Cell lines that display this mechanism are 

highly sought in an industrial setting due to its association with increased productivity (Rish et 

al., 2022) However, the metabolic shift from lactate production towards lactate consumption 

remains enigmatic (Hartley et al., 2018) This knowledge gap creates challenges during 

mechanistic modelling where lactate, as an inhibitory metabolite, is frequently placed at the 
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centre of models within Monod-based growth rate equations (Kyriakopoulos et al., 2018). 

Practically, lactate build-up could lead to decreased pH necessitating pH control for example 

with base addition thus increasing osmotic pressure on the cells. Interestingly, even hybrid 

models presented in recent research using relatively large datasets often describe extracellular 

lactate concentration less accurately relative to other metabolites (Bayer et al., 2023; Doyle et 

al., 2023). When combined with an incomplete awareness of mechanisms present during CHO 

cell cultures, there remains scope to demonstrate mechanistic model development with 

extremely limited datasets. 

Another, open challenge for mechanistic models, is their purposeful development and 

subsequent application for real-time use. This presents unique challenges relative to existing 

models whose primary purpose is generally to increase process understanding prior to process 

operation. For real-time use, models should be developed to have high parsimony, minimising 

the number of variables to explain the process whilst ensuring goodness of fit. For example, it 

would be advantageous to ensure that models developed for real-time applications minimise 

their requirement for both quantity and complexity of process sensors or measurement 

technologies. In terms of complexity, process variables should be easily accessible, preferably 

measurable online or at-line. In terms of quantity, a model with many variables may rely on an 

increased number of sensors (hardware or software-based) to update the model and enable real-

time integration. More so during process development, increased sensor numbers will cause 

increased burden in the event of sensor failures or inaccuracies (e.g., due to erroneous 

calibration) during which time the model may not be usable in real-time due to a lack of 

measurements. Greater sensor requirements also create the need for expanded creation and 

maintenance of data flows within a highly regulated environment. Yet, despite the above, the 

radical exclusion of process variables could subsequently hinder a model’s ability to describe 

the highly complex and non-linear nature of CHO cell cultures. 

Following this, Chapter 4 presents the development of a mechanistic model for use in real-time 

application, based on Monod-type equations to describe CHO cell growth, and material 

balances to describe extracellular concentration of key metabolites and product titre. Limited 

experimental efforts were used to generate training data.  
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Overall, Chapter 4 aims to investigate and provide insight into the following: 

• Can a mechanistic model be used to describe CHO cell metabolism on an unseen cell 

line, with limited experimental data, suitable for real-time application? 

• Can the logic of existing mechanistic modelling workflows be demonstrated and further 

formalised with the aim of being automated in the future?  
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4.2 Materials & Methods 

4.2.1 Cell Culture 

The experimental data used in this chapter for the construction, parameterization and testing of 

the model were generated through four experiments using a GSK mAb-producing CHO cell 

line. In preparation for the experiments, cells were revived from frozen cell banks into GSK 

proprietary growth media. Cells were incubated at 37°C, 5% CO2, and 150 rpm in an orbital 

shaking incubator at a 25mm shaking diameter. Cells were sub-cultured every 3-4 days until 

sufficient volumes of cell culture were available for bioreactor inoculation at a suitable viable 

cell density. Each experiment contained cells for 5 passages to ensure the number of 

generations was kept close. 

Four experiments were performed in 2L single-use bioreactors with a seeding density of 

1 𝑥𝑥 106 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐.𝑚𝑚𝑚𝑚−1  and a 1.6L working volume (Figure 11). Each process was operated under 

fed-batch conditions for 15 days with the feeding of a proprietary GSK feed on days 3, 6, 8, 

10, and 13. Meanwhile, a supplementary feed of glucose (300 g.L-1) was fed on days 3, 6, 7, 8, 

9, 10, 13, and14. During the model-building experiments, the volume of glucose fed was based 

on the cell population density and current extracellular glucose concentration measurements to 

deliver (1) manual feeding a nominal amount of glucose, MF-N, (2) manual feeding a low 

amount of glucose, MF-L, and (3) manual feeding a high amount of glucose, MF-H. The 

normalised volume of glucose fed in each experiment is shown in Figure 12. On day 10, to 

prevent glucose starvation due to a 3-day feeding gap at a high cell density, it is visible that the 

MF-L feeding strategy was fed more glucose than the MF-N. A repeat of the nominal amount 

of glucose (MF-N) was performed enabling calculation of standard deviation and an estimation 

of process variability with minimal experiments. PID controllers were used to maintain a fixed 

temperature of 35°C, and an allowable pH range between 6.9-7.0 controlled using NaHCO3 

and CO2 additions. Dissolved oxygen tension (DOT) was controlled to a setpoint of 50% using 

air and O2 supplied via a sparger at a variable ratio starting at 20 ccm of air with no pure O2, 

after which, O2 is controlled depending on demand and was capped at 300 ccm. Antifoam 

(Gibco™ FoamAway™ Irradiated AOF, ThermoFisher Scientific) was supplemented to the 

cell culture and a constant agitation speed of 225 rpm was applied throughout the process. 
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Figure 11 Model-building experiment overview with selected key outputs listed. MF-N: Manual feeding a 

nominal amount of glucose. MF-L: Manual feeding a low amount of glucose. MF-H: Manual feeding a low 

amount of glucose. 

 

Figure 12 Normalised volume of glucose fed on each day throughout the model-building experiments. MF-N: 

Manual feeding a nominal amount of glucose. MF-L: Manual feeding a low amount of glucose. MF-H: Manual 

feeding a low amount of glucose. Volumes are normalised based on the maximum volume of glucose fed which 

occurred in MF-H on Day 10. 

 

4.2.2  Analytical Methods 

Cell culture samples were taken daily. A RAPIDPoint 500 Blood Gas Analyzer (Siemens 

Healthineers) was used to calibrate and validate the pH sensor using a single daily 

measurement. To measure culture viability, viable cell concentration, and total cell 

concentration, 0.5mL of the cell culture sample was mixed with equal parts of TrypLE™ 
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Express enzyme (Thermo Fisher Scientific) to enable the dissociation of aggregated cells. This 

was then split into three samples of 0.17mLand incubated for 10 minutes at 37°C before all 

three samples were measured by a Vi-CELL XR Cell Viability Analyser (Beckman Coulter) 

and the results averaged. The remainder of the cell culture sample was centrifuged for 2 minutes 

at 800 x g. The final supernatant was extracted, and the pellet was discarded. From this, a Cedex 

Bio HT® Analyser (Roche) was used with three repeat samples of 0.1mL of the supernatant to 

obtain extracellular concentrations of glucose, lactate, glutamate, glutamine, ammonia, lactate 

dehydrogenase and product titre. Finally, an OsmoPro Micro-Osmometer (Advanced 

Instruments) was used to obtain the osmolality measurement using two repeat measurements. 

The remainder of the sample was stored at -80°C. 

4.2.3 Data Processing and Analysis 

Following experiments, a Python script was built using the NumPy Python package to automate 

data processing using the workflow shown in Figure 13. Previously, this operation would be 

calculated manually for each data set which is challenging especially when feed schedules vary. 

Instead, this script allows for efficient analysis, especially for larger datasets with a high 

number of experiments. Similar approaches have been taken in previous research (Doyle et al., 

2023) wherein a metabolite is assumed to be fed if the concentration increases more than 3 

times during the process. However, in this research, the metabolites fed are explicitly defined 

by the user to enable ease of automation and prevent false assumptions, especially as this 

information is available prior to data processing. 
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Figure 13 Automated data processing - workflow built in Python using NumPy. 

 

From Figure 13, raw experimental data is inputted as a comma-separated value (CSV) file 

containing working volume, feed volumes, feed concentrations, extracellular metabolite 

concentrations, and product concentrations. Each variable must be labelled by the user prior to 

input according to the variable key shown in the appendix. In addition, feed points are labelled 

by the user prior to input to define when feeding occurs or when only measurements are taken. 

Following this, variables are labelled, and units are standardised across all variables as shown 

in Figure 14. This step ensures the code is generalisable which is crucial to enable efficient 

automation in further use cases. A dictionary is used containing 200 frequently used variable 

names, variable types, and allowable units. In addition, the molar mass of 14 key metabolites 

is stored and used for unit conversion between g.L-1 and mM. An example of how units are 

labelled and subsequently relabelled upon unit conversion from raw data to standardised data 

is shown in Table 9 
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Figure 14 Automated data processing–- unit conversion and variable labelling workflow performed in Python. 

Table 9 Automated data processing–- unit conversion example moving from raw data to standardised data. 

 Raw Data Variable Key Standardised Data Variable Key 

Variable Name 4 Batch Time 4 Batch Time 

Variable Type 2 Time 2 Time 

Variable Units 2 Date Time 3 Hours 

Data 01/01/2020 00:00 0 

… … 

12/01/2020 00:00 288 

 

Data is structured as a long data structure where columns represent the variables, and batches 

are split by time points along rows. Further, feed times and metabolites are labelled to automate 

the step where the extracellular concentrations of metabolites in the cell culture are calculated 

after a feed is introduced using Eq. 3.  

 𝐶𝐶𝑖𝑖(𝑡𝑡) =
�𝑉𝑉𝑖𝑖𝑖𝑖𝐶𝐶𝑖𝑖,𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 + 𝐶𝐶𝑖𝑖(𝑡𝑡 − 1)𝑉𝑉(𝑡𝑡 − 1)�

𝑉𝑉(𝑡𝑡)
 Eq. 3 

Here, 𝐶𝐶𝑖𝑖 (mM) is the extracellular concentration of metabolite and 𝐶𝐶𝑖𝑖,𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 (mM) is the 

concentration of metabolite in the feed. 𝑉𝑉𝑖𝑖𝑖𝑖 (L) is the volume of feed fed in at the feed interval, 
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and 𝑉𝑉 (L) is the working volume of the cell culture. Eq. 3 assumes insignificant metabolic 

effects during the feeding interval, starting at (𝑡𝑡 − 1) and ending at (𝑡𝑡). Next, the integral 

viable cell density (IVCD) is estimated using Eq. 4. 

 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼(𝑡𝑡) = 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼(𝑡𝑡 − 1) +
�𝑋𝑋𝑣𝑣(𝑡𝑡) + 𝑋𝑋𝑣𝑣(𝑡𝑡 − 1)�Δ𝑡𝑡

2
 Eq. 4 

Eq. 4 uses the trapezium rule to estimate the integral where 𝑋𝑋𝑣𝑣 (cells.L-1) is the viable cell 

density. The estimated growth rate (𝜇𝜇𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔ℎ, h-1) is calculated using Eq. 5 interpolated in-

between the nearest measurements of 𝑋𝑋𝑣𝑣 whilst the overall growth rate (𝜇𝜇𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔ℎ,𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜, h-1) is 

calculated using Eq. 6. Finally, the cell-specific metabolite utilisation rates 𝑞𝑞𝑖𝑖 (mM.cell-1.h-1) 

are calculated using Eq. 7. 

 𝜇𝜇𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔ℎ�(𝑡𝑡 − 1) + 0.5Δ𝑡𝑡� =
ln � 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼(𝑡𝑡)

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼(𝑡𝑡 − 1)� 

Δ𝑡𝑡
 Eq. 5 

 𝜇𝜇𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔ℎ,𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 =
ln �𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼(𝑡𝑡𝑒𝑒𝑒𝑒𝑒𝑒)

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼(𝑡𝑡0) � 

Δ𝑡𝑡
 Eq. 6 

 𝑞𝑞𝑖𝑖�(𝑡𝑡 − 1) + 0.5Δ𝑡𝑡� =
Δ𝐶𝐶𝑖𝑖

Δ𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼
 Eq. 7 

Despite what may seem like a rudimentary task, automation of data processing from 

experimental format to that suitable for in silico tools is sometimes overlooked and performed 

manually. Yet this forms the initial steps towards process automation and real-time application 

of existing in silico tools efficiently. The present work automates the calculation of metabolite 

utilisation rates from raw experimental data, further work could include automating constraint 

definition for flux balance analysis (FBA). This would allow for real-time FBA especially 

using recently published computationally efficient models such as CHOmpact (Jiménez del 

Val et al., 2023). Alternatively, further automation could build and include real-time process 

fingerprinting that was previously demonstrated as a tool for increasing process understanding 

(Sokolov et al., 2015). 
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4.2.4 Mathematical Modelling 

A mechanistic modelling workflow shown in Figure 15 is utilised. Owing to their demonstrated 

performance during instances of limited data availability (Bayer et al., 2023). Data was 

processed using the function described in Section 4.2.3. Next, the growth rate equation and 

metabolite utilisation rates are defined based on experimental observations and data analysis 

described in Section 4.3 and Section 4.4. 

 

Figure 15 Mechanistic modelling workflow. 

Model parameterisation was performed in gPROMS ModelBuilder v7.1.1 (Siemens PSE). 

Using Eq. 8, the maximum likelihood formulation was used for parameter estimation whereby 

a solver maximises the probability of predicting experimental data using parameters assuming 

normally distributed measurement errors and standard deviations.  

 𝜙𝜙 =
𝑁𝑁
2

ln(2𝜋𝜋) +
1
2

min
𝜃𝜃
�� � � �ln�𝜎𝜎𝑖𝑖𝑖𝑖𝑖𝑖2 � +

�𝑧̃𝑧𝑖𝑖𝑖𝑖𝑖𝑖 − 𝑧𝑧𝑖𝑖𝑖𝑖𝑖𝑖�
2

𝜎𝜎𝑖𝑖𝑖𝑖𝑖𝑖2
�

𝑁𝑁𝑀𝑀𝑖𝑖𝑖𝑖

𝑘𝑘=1

𝑁𝑁𝑉𝑉𝑖𝑖

𝑗𝑗=1

𝑁𝑁𝑁𝑁

𝑖𝑖=1
� Eq. 8 

Here, 𝜙𝜙 is the solver objective function minimised by optimising the physical parameters, 𝜃𝜃 

subject to upper (𝜃𝜃𝑢𝑢) and lower (𝜃𝜃𝑙𝑙) bounds where 𝜃𝜃𝑙𝑙 ≤ 𝜃𝜃 ≤ 𝜃𝜃𝑢𝑢. 𝑁𝑁 is the total number of 
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experimental data points, 𝑁𝑁𝑁𝑁 is the total number of experiments, 𝑁𝑁𝑉𝑉𝑖𝑖 is the total number of 

model variables measured at the 𝑖𝑖𝑡𝑡ℎ experiment, 𝑁𝑁𝑀𝑀𝑖𝑖𝑖𝑖 is the total number of experimental 

measurements for the 𝑗𝑗𝑡𝑡ℎvariable in the 𝑖𝑖𝑡𝑡ℎ experiment, and 𝜎𝜎𝑖𝑖𝑖𝑖𝑖𝑖2  is the variance of the 𝑘𝑘𝑡𝑡ℎ 

measurement for the 𝑗𝑗𝑡𝑡ℎvariable in the 𝑖𝑖𝑡𝑡ℎ experiment. Finally, 𝑧̃𝑧𝑖𝑖𝑖𝑖𝑖𝑖 is the 𝑘𝑘𝑡𝑡ℎ experimental 

measurement for the 𝑗𝑗𝑡𝑡ℎvariable in the 𝑖𝑖𝑡𝑡ℎ experiment whilst 𝑧𝑧𝑖𝑖𝑖𝑖𝑖𝑖 is the 𝑘𝑘𝑡𝑡ℎ model prediction 

for the 𝑗𝑗𝑡𝑡ℎvariable in the 𝑖𝑖𝑡𝑡ℎ experiment. 

Once a dynamic model (described in Section 4.4) was parameterised it was tested by simulating 

the experimental conditions which were used to build it. Dynamic model simulation was 

performed in gPROMS ModelBuilder v7.1.1 (Siemens PSE) using the inbuilt DASOLV 

function to solve a set of mechanistic ordinary differential equations and algebraic equations. 

A discretisation interval equal to the smallest feeding interval was used and an absolute 

tolerance several orders of magnitude lower than the smallest parameter value or metabolite 

utilisation rate. 

During model parameterisation, the uncertainty surrounding the values of the parameters may 

require large bounds. Further, the non-linearity of the system increases the risk that estimated 

parameter values may only be locally optimum. Sensitivity analysis can be used to decipher 

how uncertainty in a model can be apportioned to different model inputs. Uncertainty analysis 

is distinctly separate and only characterises uncertainty without identifying the accompanying 

responsible input factors (Saltelli et al., 2019). Using sensitivity analysis, input factors that 

contribute most to uncertainty can be explored further (factor prioritisation) to address and 

hopefully reduce it (Saltelli & Tarantola, 2002). For example, following factor prioritisation, 

design of experiments under parametric uncertainty can be used to further decrease model 

uncertainty (Nimmegeers et al., 2020). Sensitivity analysis can also be used to identify factors 

that can be fixed (factor fixing) if they do not contribute significantly to model uncertainty 

(Saltelli & Tarantola, 2002). This can simplify future parametrisation problems by reducing 

the number of parameters required to be estimated and thus the computational cost of 

parameterisation.  

Global Systems Analysis within gPROMS ModelBuilder v7.1.1 (Siemens PSE) was used to 

explore the relative importance of each of the parameters used in the mechanistic model 
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(described in Section 4.4) and their influence on the mechanistic model outputs. This variance-

based sensitivity analysis method is only suggested where the number of input factors, in this 

case, parameters, are under 20 (Saltelli et al., 2008), otherwise metamodeling may be required 

(Kucherenko & Zaccheus, 2021). Variance-based sensitivity analysis is used to determine first 

order and total effect indices for each parameter normalised by the variance in response (Saltelli 

et al., 2010). The first order effect for each parameter is attributed to the contribution to the 

uncertainty for that parameter alone and can be used for factor prioritisation (Saltelli & 

Tarantola, 2002), whereas the total effect is the combination of linear and nonlinear 

contributions from all parameters on a model’s uncertainty and can be used to facilitate factor 

fixing (Saltelli & Tarantola, 2002). Quasi-random Sobol sampling is a sampling method that 

yields no overlapping points (Sobol, 1976) and was used to generate 4096 sets of parameters. 

Here, an increasing number of parameters were chosen until each analysis converged to the 

same values of sensitivity indices. These parameter sets were used during sensitivity analysis 

with bounds set dependent on the confidence intervals obtained during parameterisation, 

assuming a normal distribution for each parameter. The first order and total effect indices are 

estimates of the Sobol indices that converge to their true value as the number of samples 

increases (Saltelli et al., 2010). As such, the number of parameter sets must be sufficiently large 

such that the estimated Sobol indices remain stable. 

4.2.5 Data Normalization 

To protect GSK intellectual property, data was normalised prior to presentation using min-max 

normalisation described in Eq. 9. 

 𝑋𝑋′ =
𝑋𝑋 − 𝑋𝑋𝑚𝑚𝑚𝑚𝑚𝑚

𝑋𝑋𝑚𝑚𝑚𝑚𝑚𝑚 −  𝑋𝑋𝑚𝑚𝑚𝑚𝑚𝑚
 Eq. 9 
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4.3 Experimental Observations 

Prior to modelling, experimental results should be analysed. Looking at Figure 16, despite 

significant differences visible in the extracellular glucose concentration of up to 50% between 

experiments, other measured variables do not appear to differ as substantially. This initial 

observation showcases an ideal characteristic of an industrial cell line which should be robust 

in the presence of process deviations. 

Product titre trajectories can be observed in Figure 16 where the low glucose feeding strategy 

resulted in a 6.2% higher endpoint product titre than the nominal feeding strategy and a 25% 

higher endpoint product titre than the high glucose feeding strategy. This could be attributed to 

either (a) higher specific productivity, or (b) higher specific growth rate. The specific 

productivity shown in Figure 17 shows more variation than the specific growth rate shown in 

Figure 18. The spike in specific productivity in Figure 17 during late-stage culture of the high 

glucose experiment (MF-H) may be explained by a measurement error in product titre on Day 

13 which appears off-trend relative to other measurements in Figure 16. Nonetheless, the peak 

viable cell density is also highest when less glucose is fed in MF-L and lowest in MF-H. 

Therefore, it can be observed that over-feeding glucose has a negative impact on growth which 

is also observed in previous research (Fan et al., 2015). 

Interestingly, the death rate is also higher more frequently during low glucose feeding (MF-L) 

as can be seen in Figure 19 and is validated in Figure 16 where the dead cell density is highest 

in MF-L. In addition, increased death is backed up when the extracellular concentration of 

lactate dehydrogenase (LDH) is also highest in MF-L as can be seen in Figure 16. However, it 

can be observed in Figure 16 that both ammonia and lactate are lowest in MF-L and highest in 

MF-H. As such, the increased death rate in MF-L is not due to increased waste extracellular 

metabolites inducing increased apoptosis. Instead, during the stationary and death phase of cell 

culture, the extracellular concentration of glucose is approaching limiting levels and therefore 

this may cause nutrient starvation thus inducing cell death. In other research, the extracellular 

concentration of LDH is often used as an indicative measure of lysed cells (Chan et al., 2013; 

O’Mara et al., 2019) perhaps due to nutrient starvation.  



 

69 

Reduced availability of glucose may also induce lactate consumption (Martínez et al., 2013) 

which may also explain why the endpoint extracellular lactate concentration shown in Figure 

16 is lowest in MF-L and highest in MF-H. The increased extracellular ammonia 

concentrations observable in Figure 16 in MF-H experiments could also indicate an inefficient 

metabolism by cells leading to over-production of ammonia. However, the higher extracellular 

glutamine concentrations of MF-H do not explain this. Similar to previous research where 

increased osmolality led to increased ammonia synthesis, perhaps other amino acids are playing 

a part in the slightly higher production of ammonia in high osmolality (Alhuthali et al., 2021). 

In this case, access was not available to all amino acid measurements, but measurements of 

these would allow a more comprehensive flux balance analysis to be performed to identify the 

effects on ammonia utilisation. The same research (Alhuthali et al., 2021) reported that high 

osmolality suppressed cell growth in CHO cells. The feeding regime in MF-L resulted in lower 

osmolality (Figure 16 ) compared to the other experiments, which may explain why MF-L is 

sustaining higher cell growth rates (Figure 18). Further, despite differences in osmolality, there 

is little observable difference in productivity between all three experiments as shown in Figure 

17. This is validated in previous research which suggests hyperosmolality does not affect 

productivity in certain cell lines (Romanova et al., 2021).  
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Figure 16 Effects on cell culture of a nominal glucose feeding strategy (MF-N), a low glucose feeding strategy 

(MF-L), and a high glucose feeding strategy (MF-H). Normalised using min-max normalisation. 
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Figure 17 Specific productivity across time within the experimental model-building experiments. 

 

Figure 18 Specific growth rate across time within the experimental model-building experiments. 

 

Figure 19 Specific death rate across time within the experimental model-building 
experiments. MF-N: Manual feeding a nominal amount of glucose. MF-L: Manual feeding a 
low amount of glucose. MF-H: Manual feeding a low amount of glucose. Normalised using 

min-max normalisation.  
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4.4 Model Development 

The cell culture model was adapted from previous work on fed-batch CHO cell cultures 

(Alhuthali& Kontoravdi, 2022; Kontoravdi et al., 2010; Kotidis et al., 2019) and assumes a 

homogenous culture achieved through perfect mixing. It is a reduced empirical model based 

on the Monod growth equation. Using the rationale elaborated on below, it describes the effects 

of glucose, lactate, and osmolality, on cell growth and mAb productivity. The total volumetric 

balance is given in Eq. 10. Whilst the viable cell balance and total cell balance are given in Eq. 

11 and Eq. 12 respectively.  

 𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑

= 𝐹𝐹𝑖𝑖𝑖𝑖 − 𝐹𝐹𝑜𝑜𝑜𝑜𝑜𝑜 Eq. 10 

 𝑑𝑑(𝑉𝑉𝑋𝑋𝑣𝑣)
𝑑𝑑𝑑𝑑

= (𝜇𝜇𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔ℎ − 𝜇𝜇𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑ℎ)𝑉𝑉𝑋𝑋𝑣𝑣 − 𝐹𝐹𝑜𝑜𝑜𝑜𝑜𝑜𝑋𝑋𝑣𝑣 Eq. 11 

 𝑑𝑑(𝑉𝑉𝑋𝑋𝑡𝑡)
𝑑𝑑𝑑𝑑

= 𝜇𝜇𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔ℎ𝑉𝑉𝑋𝑋𝑣𝑣 − 𝐹𝐹𝑜𝑜𝑜𝑜𝑜𝑜𝑋𝑋𝑡𝑡 − 𝐾𝐾𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝑉𝑉(𝑋𝑋𝑡𝑡 − 𝑋𝑋𝑣𝑣) Eq. 12 

V (L) is the cell culture working volume, according to the volumetric flow in, 𝐹𝐹𝑖𝑖𝑖𝑖 (L.h-1) and 

out 𝐹𝐹𝑜𝑜𝑜𝑜𝑜𝑜(L.h-1), 𝑋𝑋𝑣𝑣 (cells.L-1) is the viable cell density, 𝜇𝜇𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔ℎ (h-1) is the specific growth rate, 

𝜇𝜇𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑ℎ (h-1) is the specific death rate, 𝑋𝑋𝑡𝑡 (h-1) is the total cell density, and 𝐾𝐾𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 (h-1) is the rate 

of cell lysis. The specific growth rate for mammalian cells can be determined by Eq. 13, a 

function of the limiting factor 𝑓𝑓lim (-) shown in Eq. 15, and the inhibitory factor 𝑓𝑓𝑖𝑖𝑖𝑖ℎ (-) shown 

in Eq. 16. 

 𝜇𝜇𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔ℎ = 𝜇𝜇𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔ℎ,𝑚𝑚𝑚𝑚𝑚𝑚𝑓𝑓lim𝑓𝑓𝑖𝑖𝑖𝑖ℎ Eq. 13 

Here, 𝜇𝜇𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔ℎ,𝑚𝑚𝑚𝑚𝑚𝑚 (h-1) is the maximum specific cell growth rate. The limiting factor and 

inhibitory factor are functions of the limiting substrates and inhibitory metabolites, 

respectively. The definition of these metabolites is process-dependent, as are the associated 

parameter values. With limited data available, it is advantageous to lessen the number of 

parameters in a model to avoid over-parametrisation. Hence, the selection logic of metabolites 

that are most influential and should be included in a Monod equation is crucial. Previously, the 

logic for automation of hybrid modelling has been developed (Doyle et al., 2023) where a 
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saturation and sigmoidal structure is used to describe cell-specific rates of metabolites. 

However, automating mechanistic modelling is uniquely challenging due to the requirement of 

maintaining a model’s biological relevance using relationships unique to each metabolite 

instead of the same model structure across all process metabolites. Utilising previous research 

(Barbosa, 2021; Kontoravdi et al., 2010), in this study foundations are further demonstrated 

that could form the basis of future automated mechanistic modelling platforms and be 

subsequently applied in real-time. 

To begin, experimental data is processed using the automated processing function described in 

Section 4.2.4 . Next data is segmented based on the growth stage, namely lag, log, stationary, 

and death phase. This can be done visually but, in the interest of moving towards process 

automation, is formalised as follows. The lag phase was split to prior the first point of inflexion 

in the growth rate in Figure 21 or at the time step before the first instance of 𝑑𝑑𝜇𝜇𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔ℎ/𝑑𝑑𝑑𝑑 =

 −𝑑𝑑𝜇𝜇𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔ℎ/𝑑𝑑𝑑𝑑 and 𝜇𝜇𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔ℎ,𝑚𝑚𝑚𝑚𝑚𝑚. The log phase was identified after the lag phase where 

𝜇𝜇𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔ℎ > 𝜇𝜇𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔ℎ
𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ,𝑚𝑚𝑚𝑚𝑚𝑚  , and is the maximum growth rate occurring within the stationary 

phase. Similarly, the stationary phase was determined after the log phase and up to where 

𝜇𝜇𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔ℎ ≥ 𝜇𝜇𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔ℎ
𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ,𝑚𝑚𝑚𝑚𝑚𝑚  and is the maximum growth rate within the stationary phase. The 

death phase occurs after the stationary phase. 
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Figure 20 Viable cell density across time within the experimental model-building experiments: MF-N is with 

nominal glucose feeding, MF-L is with low glucose feeding, and MF-H is with high glucose feeding. 

Segmentation based on cell growth stage is colour-coded. Normalised using min-max normalisation. 

 

 

Figure 21 Specific growth rate across time within the experimental model-building experiments: MF-N is 

with nominal glucose feeding, MF-L is with low glucose feeding, and MF-H is with high glucose feeding. 

Segmentation based on cell growth stage is colour-coded. Normalised using min-max normalisation. 

To determine which variables affected the growth, only experimental data occurring within the 

log (growth) phase of the cell culture was used to postulate a growth rate equation. Although 
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this approach is simplistic in that it assumes the limiting and inhibitory metabolites selected 

and their respective parameters remain fixed throughout all stages of the process, it is also 

inappropriate to burden the model due to overparameterization. Increased amounts of data may 

allow for a more advanced approach. Linear regression was used to find the relationships 

between the metabolite utilisation rates and 𝜇𝜇𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔ℎ fitting Eq. 14 along with 𝑅𝑅2 to measure fit 

performance. Pearson correlation coefficients (PCC) were also calculated between 

𝜇𝜇𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔ℎ,𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
𝑙𝑙𝑙𝑙𝑙𝑙  and 𝑞𝑞𝑖𝑖

𝑙𝑙𝑙𝑙𝑙𝑙. The results of the linear regression can be visualised in Figure 22. 

The 𝑅𝑅2, 𝛼𝛼 values, and PCC were used with rules-based logic to define minor and major 

metabolites. As such, this will enable future automation of this workflow. In this study, as the 

number of experiments is small and an identical model is desired for all conditions within, the 

overall 𝑅𝑅2, 𝛼𝛼 values, and PCC  values were taken. With enough data and, if appropriate, one 

could create a set of models for varying process conditions. 

The higher the value of 𝛼𝛼, the higher the predicted production of a metabolite during an 

increased specific cell growth rate, whilst the lower the value of 𝛼𝛼 the higher the predicted 

consumption during increased growth. The major metabolites were set so that only metabolites 

with 𝛼𝛼 ≤ −1 × 10−6 were classed as limiting metabolites or metabolites with 𝛼𝛼 ≥ 1 × 10−6 

were classed as inhibitory metabolites. Care should be taken to ensure that this decision is 

biologically relevant. 𝑅𝑅2 is used to validate the linear regression and ideally should be close to 

1. In this case, due to limited data, this was relaxed to reject any linear regression with 𝑅𝑅2 less 

than 0.7. To further justify any relationships, especially when faced with limited data, PCC can 

be used. This assumes the relationship is linear during the growth phase where this analysis 

occurs. Inhibitory metabolites will have a PCC approaching 1, whilst limiting metabolites will 

have a PCC approaching -1. Overall, constraints on these metrics can be used to reject or accept 

metabolites into the growth equation. Tight constraints on these metrics will result in fewer 

metabolites included in the growth rate equation and less risk of over-parametrisation. 

However, this may result in the model failing to capture the full dynamics. In the latter case, 

an iterative approach should be taken using Figure 15 to relax the selection criteria. 

 𝑞𝑞𝑖𝑖
𝑙𝑙𝑙𝑙𝑙𝑙 = 𝛼𝛼𝜇𝜇𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔ℎ,𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

𝑙𝑙𝑙𝑙𝑙𝑙 + 𝛽𝛽 ∶  𝜇𝜇𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔ℎ
𝑙𝑙𝑙𝑙𝑙𝑙 ⊂  𝜇𝜇𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔ℎ, 𝑞𝑞𝑖𝑖

𝑙𝑙𝑙𝑙𝑙𝑙 ⊂ 𝑞𝑞𝑖𝑖 Eq. 14 
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Table 10 Quantitative metrics defining the relationship between growth rate and metabolite utilisation rates of minor metabolites. 

 Gln Glu Amm 

𝜶𝜶 𝑹𝑹𝟐𝟐 PCC 𝜶𝜶 𝑹𝑹𝟐𝟐 PCC 𝜶𝜶 𝑹𝑹𝟐𝟐 PCC 

MF-N 2 × 10−7 0.77 0.88 3 × 10−7 0.12 0.37 1 × 10−6 0.98 0.99 

MF-L 2 × 10−7 0.37 0.61 −3 × 10−8 0.00 -0.02 1 × 10−6 0.83 0.91 

MF-H 1 × 10−7 0.98 0.99 4 × 10−7 0.52 0.72 6 × 10−7 0.66 0.81 

Overall 1 × 10−7 0.65 0.8 3 × 10−7 0.16 0.4 9 × 10−7 0.73 0.85 

 

Table 11 Quantitative metrics defining the relationship between growth rate and metabolite utilisation rates of major metabolites. 

 Lac Glc 

𝜶𝜶 𝑹𝑹𝟐𝟐 PCC 𝜶𝜶 𝑹𝑹𝟐𝟐 PCC 

MF-N 1 × 10−5 0.94 0.97 −6 × 10−6 0.99 -0.99 

MF-L 1 × 10−5 0.93 0.97 −6 × 10−6 0.88 -0.94 

MF-H 7 × 10−6 0.52 0.72 −3 × 10−6 0.53 -0.72 
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After assessing the relationship between metabolites utilisation rate and growth rate, the results 

of the analysis can be found in Table 10 and Table 11 and following this, the growth rate 

equation can be formulated as shown in Eq. 15 and Eq. 16. 

 𝑓𝑓lim =
[𝐺𝐺𝐺𝐺𝐺𝐺]

[𝐺𝐺𝐺𝐺𝐺𝐺] + 𝐾𝐾𝐺𝐺𝐺𝐺𝐺𝐺
 Eq. 15 

 𝑓𝑓inh =
𝐾𝐾𝐼𝐼𝐿𝐿𝐿𝐿𝐿𝐿

[𝐿𝐿𝐿𝐿𝐿𝐿] + 𝐾𝐾𝐼𝐼𝐿𝐿𝐿𝐿𝐿𝐿
𝐾𝐾𝐼𝐼𝑂𝑂𝑂𝑂𝑂𝑂

𝑂𝑂𝑂𝑂𝑂𝑂 + 𝐾𝐾𝐼𝐼𝑂𝑂𝑂𝑂𝑂𝑂
  Eq. 16 

Using data analysis, glucose is considered a limiting substrate, while lactate is considered to 

inhibit growth. This is further clear in Figure 22 where there is a strong apparent correlation 

between increased glucose consumption (negative utility rate) with increased growth rate, and 

increased lactate production at higher growth rates. In Eq. 15 and Eq. 16 the extracellular 

concentrations of glucose and lactate are represented by [𝐺𝐺𝐺𝐺𝐺𝐺] (mM) and [𝐿𝐿𝐿𝐿𝐿𝐿] (mM) 

respectively.𝐾𝐾𝐺𝐺𝐺𝐺𝐺𝐺 (mM) is the Monod constant for glucose representing the concentration when 

glucose becomes limiting to growth. 𝐾𝐾𝐼𝐼𝐿𝐿𝐿𝐿𝐿𝐿 (mM) is the Monod constant for lactate representing 

the concentration when lactate becomes inhibitory to growth. The inclusion of lactate and 

glucose within the growth rate equation is also common in notable examples of existing 

research (Kontoravdi et al., 2010; Kotidis, Jedrzejewski, et al., 2019; Miller et al., 1988). 

Ammonia is often included as an inhibitory metabolite in other research (Kontoravdi et al., 

2010). Further, studies suggest that the inhibitory concentration is around 2-5mM although this 

value is cell line and condition dependent (Altamirano et al., 2013; Xing et al., 2008). However, 

in the present study, ammonia was not considered as (a) data analysis showed otherwise, (b) 

the extracellular concentrations of ammonia were low, and (c) during parameter estimation, the 

value of 𝐾𝐾𝐼𝐼𝐴𝐴𝐴𝐴𝐴𝐴 tended to infinity.  
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(a) MF-N–- Major metabolites

 

(b) MF-N – Minor metabolites

 

(i)–MF-L – Major metabolites

 

(d) MF-L – Minor metabolites

 

(i) MF-H – Major metabolites

 

(f) MF-H – Minor metabolites

 

Figure 22 Relationship of growth and metabolite utilisation in (a) major metabolites in MF-N, (b) minor 

metabolites in MF-N, (c) major metabolites in MF-L, (d) minor metabolites in MF-L, (e) major metabolites in 

MF-H, (f) minor metabolites in MF-H. MF-N: Manual feeding a nominal amount of glucose. MF-L: Manual 

feeding a low amount of glucose. MF-H: Manual feeding a low amount of glucose. Normalised using min-max. 
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In Eq. 16, 𝑂𝑂𝑂𝑂𝑂𝑂 (mOsm/kg H2O) signifies the osmolality of the extracellular environment and 

𝐾𝐾𝐼𝐼𝑂𝑂𝑂𝑂𝑂𝑂 (mOsm/kg H2O) is an inhibitory constant for osmolality. The choice to include 

osmolality was based on the apparent effects of osmolality on growth shown in Figure 23. Here 

the overall specific growth rate was estimated using Eq. 6 and the overall integral osmolality 

was estimated using the trapezium rule. The integral osmolality is used to capture the effects 

over time of osmolality throughout the process, as opposed to using the endpoint value, which 

may not reflect the overall trajectory.  

 

Figure 23 Effects of osmolality on specific growth rate in model-building experiments with nominal glucose 

feeding (MF-N), low glucose feeding (MF-L), and high glucose feeding (MF-H). Normalised using min-max 

normalisation. 

Increased glucose feeding leads to higher osmolality of the extracellular environment due to 

excess glucose and potentially increased waste metabolites. This negatively affects the growth 

rate and is also validated within previous research (Alhuthali et al., 2021; Romanova et al., 

2021; M. M. Zhu et al., 2005). 

 𝜇𝜇𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑ℎ = 𝜇𝜇𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑ℎ,𝑎𝑎𝑎𝑎 Eq. 17 

Eq. 17 describes the cell-specific death rate where 𝜇𝜇𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑ℎ,𝑎𝑎𝑎𝑎 (h-1) is the average specific cell 

death rate. Aside from during the lag phase of cell culture, the cell-specific death rate had a flat 

trend across time as shown in Figure 24. Further, towards the end of the batch, variability in 

measurements of viable cell density and total cell density is displayed making it harder to 

distinguish the overall trends in death rate. Therefore, to minimise the number of parameters 
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required, reducing the risk of over-parametrisation particularly due to the low amount of 

experimental data, the death rate was modelled as constant.  

 

Figure 24 Death rate across the cell culture period. MF-N: Manual feeding a nominal amount of glucose. MF-L: 

Manual feeding a low amount of glucose. MF-H: Manual feeding a low amount of glucose. Normalised using 

min-max normalisation. 

For real-time use, only the process variables that are manipulated, controlled, or otherwise are 

required to compute manipulated and controlled variables should be included within the model. 

This reduces the number of parameters required whilst also decreasing the number of variables 

that require measurement. In this case, the metabolites measured will be limited to only those 

in the growth rate equation, glucose, and lactate. However, other metabolites not measured in 

these experiments may be inhibitory or limiting to cell growth. 

 𝑑𝑑(𝑉𝑉[𝐺𝐺𝐺𝐺𝐺𝐺])
𝑑𝑑𝑑𝑑

= 𝐹𝐹𝑖𝑖𝑖𝑖[𝐺𝐺𝐺𝐺𝐺𝐺] − 𝐹𝐹𝑜𝑜𝑜𝑜𝑜𝑜[𝐺𝐺𝐺𝐺𝐺𝐺] + 𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑉𝑉𝑋𝑋𝑣𝑣  Eq. 18 

 𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔 = −
𝜇𝜇𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔ℎ
𝑌𝑌𝑥𝑥𝑔𝑔𝑔𝑔𝑔𝑔

  Eq. 19 

Eq. 18 and Eq. 19 describe the dynamics associated with the extracellular glucose 

concentration, [Glc] (mM). Here 𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔 (mM.cell-1.hr-1) is the specific utility rate of glucose and 

𝑌𝑌𝑥𝑥𝑔𝑔𝑔𝑔𝑔𝑔  is the yield of cell biomass on glucose and is assumed to remain constant to avoid 
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overparameterization. For the same reason, the model does not include a maintenance 

coefficient of glucose either.  

 𝑑𝑑(𝑉𝑉[𝐿𝐿𝐿𝐿𝐿𝐿])
𝑑𝑑𝑑𝑑

= 𝐹𝐹𝑖𝑖𝑖𝑖[𝐿𝐿𝐿𝐿𝐿𝐿] − 𝐹𝐹𝑜𝑜𝑜𝑜𝑜𝑜[𝐿𝐿𝐿𝐿𝐿𝐿] + 𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔𝑉𝑉𝑋𝑋𝑣𝑣 Eq. 20 

 
𝑞𝑞𝐿𝐿𝐿𝐿𝐿𝐿 = −

𝑞𝑞𝑔𝑔𝑔𝑔𝑔𝑔
𝑌𝑌𝐿𝐿𝐿𝐿𝑐𝑐𝐺𝐺𝐺𝐺𝐺𝐺

− 𝑚𝑚𝐿𝐿𝐿𝐿𝐿𝐿,1
[𝐿𝐿𝐿𝐿𝐿𝐿]

𝐿𝐿𝐿𝐿𝑐𝑐𝑚𝑚𝑚𝑚𝑚𝑚 + [𝑙𝑙𝑙𝑙𝑙𝑙]

+ 𝑚𝑚𝐿𝐿𝐿𝐿𝐿𝐿,2 �−
𝑂𝑂𝑂𝑂𝑂𝑂

𝐾𝐾𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂
+ 𝛼𝛼𝐿𝐿𝐿𝐿𝐿𝐿�  

Eq. 21 

Eq. 20 and Eq. 21 describe the dynamics associated with the extracellular lactate concentration, 

[Lac] (mM). Here 𝑞𝑞𝐿𝐿𝐿𝐿𝐿𝐿 (mM.cell-1.hr-1) is the specific utilisation rate of lactate which is 

assumed to be a function of glucose utilisation rate via the production of pyruvate in the 

glycolysis metabolic pathway which is subsequently converted to lactate. 𝑌𝑌𝐿𝐿𝐿𝐿𝑐𝑐𝐺𝐺𝐺𝐺𝐺𝐺  

(mMLac.mMGlc) is the yield of lactate from glucose. 𝐿𝐿𝐿𝐿𝑐𝑐𝑚𝑚𝑚𝑚𝑚𝑚 (mM) is a kinetic constant for 

lactate consumption that occurs in the stationary phase (Hartley et al., 2018; Sou et al., 2017). 

When [𝐿𝐿𝐿𝐿𝐿𝐿] >  𝐿𝐿𝐿𝐿𝑐𝑐𝑚𝑚𝑚𝑚𝑚𝑚 then −𝑚𝑚𝐿𝐿𝐿𝐿𝐿𝐿,1
[𝐿𝐿𝐿𝐿𝐿𝐿]

𝐿𝐿𝐿𝐿𝑐𝑐𝑚𝑚𝑚𝑚𝑚𝑚+[𝑙𝑙𝑙𝑙𝑙𝑙] will approach −𝑚𝑚𝐿𝐿𝐿𝐿𝐿𝐿,1 indicating lactate 

consumption. Conversely, when [𝐿𝐿𝐿𝐿𝐿𝐿] <  𝐿𝐿𝐿𝐿𝑐𝑐𝑚𝑚𝑚𝑚𝑚𝑚, then −𝑚𝑚𝐿𝐿𝐿𝐿𝐿𝐿,1
[𝐿𝐿𝐿𝐿𝐿𝐿]

𝐿𝐿𝐿𝐿𝑐𝑐𝑚𝑚𝑚𝑚𝑚𝑚+[𝑙𝑙𝑙𝑙𝑙𝑙] will approach 0 

and the rate will be higher indicating lactate production. During lactate consumption, lactate 

may be converted to pyruvate which subsequently can enter the central metabolism. With 

limited measurements during experiments, the effects of these reactions may go unmeasured 

and are not described in this model. As such, other metabolic pathways from lactate can be 

approximated through a lactate maintenance coefficient, 𝑚𝑚𝐿𝐿𝐿𝐿𝐿𝐿,1 (mM.cell-1.hr-1). It can be 

observed in Figure 16 that the endpoint extracellular lactate consumption of MF-L is 14.6% 

and 15.6% lower than MF-N and MF-H, respectively. This could suggest a slight increase in 

lactate consumption in experiments where osmolality was lowest. To capture this in the model, 

a third set of terms based on osmolality were implemented into the prediction 𝑞𝑞𝐿𝐿𝐿𝐿𝐿𝐿 based on 

the effects of osmolality in previous studies (Alhuthali & Kontoravdi, 2022). Here, 𝑚𝑚𝐿𝐿𝐿𝐿𝐿𝐿,2 

(mM.cell-1.hr-1) is a term to account for the increased lactate consumption at lower osmolality 

dependant on 𝐾𝐾𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂 (mOsm/kg H2O) and 𝛼𝛼𝐿𝐿𝐿𝐿𝐿𝐿 (mOsm/kg H2O). 
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 𝑂𝑂𝑂𝑂𝑂𝑂 = 𝛼𝛼𝑔𝑔𝑔𝑔𝑔𝑔,𝑜𝑜𝑜𝑜𝑜𝑜[𝐺𝐺𝐺𝐺𝐺𝐺] + 𝛼𝛼𝑙𝑙𝑙𝑙𝑙𝑙,𝑜𝑜𝑜𝑜𝑜𝑜[𝐿𝐿𝐿𝐿𝐿𝐿] + 𝛼𝛼𝑓𝑓𝑓𝑓𝑓𝑓,𝑜𝑜𝑜𝑜𝑜𝑜 �𝐹𝐹𝑖𝑖𝑖𝑖 + 𝛼𝛼𝑜𝑜𝑜𝑜𝑜𝑜 Eq. 22 

Osmolality was predicted using Eq. 22 and is a function of the glucose that is fed into the cell 

culture. 𝛼𝛼𝑔𝑔𝑔𝑔𝑔𝑔,𝑜𝑜𝑜𝑜𝑜𝑜 (mOsm/kg H2O) and 𝛼𝛼𝑙𝑙𝑙𝑙𝑙𝑙,𝑜𝑜𝑜𝑜𝑜𝑜 (mOsm/kg H2O) are linked to the increase in 

glucose and lactate respectively with osmolality. The effects of feed additions on osmolality 

are approximated by taking the integral of the feed in and using 𝛼𝛼𝑓𝑓𝑓𝑓𝑓𝑓,𝑜𝑜𝑜𝑜𝑜𝑜 (mOsm/kg H2O) as a 

parameter to correlate the effects of feed in on osmolality. Finally, 𝛼𝛼𝑜𝑜𝑜𝑜𝑜𝑜 (mOsm/kg H2O) is 

used to describe the addition of any other inputs on osmolality such as base additions where 

those states are not included in the model. 

 𝑑𝑑(𝑉𝑉[𝑚𝑚𝑚𝑚𝑚𝑚])
𝑑𝑑𝑑𝑑

= −𝐹𝐹𝑜𝑜𝑜𝑜𝑜𝑜[𝑚𝑚𝑚𝑚𝑚𝑚] + 𝑞𝑞𝑚𝑚𝑚𝑚𝑚𝑚𝑉𝑉𝑋𝑋𝑣𝑣  Eq. 23 

 𝑞𝑞𝑚𝑚𝑚𝑚𝑚𝑚 = 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚  Eq. 24 

Eq. 23 and Eq. 24 describe the product mass balance where [mAb] (mg.L-1) is the product titre 

and 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 (mg.cell-1h-1) is a non-growth associated term. In experimental studies, the specific 

productivity appeared independent of growth rate and constant between experiments (see 

Figure 17). Therefore, to reduce the risk of overparameterization, only a non-growth-associated 

term was included in the model. 
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4.5 Model Parameterisation 

Using a warm start with parameters taken from previous research or data analysis, the model 

was parameterised (using the methodology stated in Section 4.4) with the results shown in 

Table 12 and Table 13. The parameters were found sequentially by fixing other variables as 

polynomials to reduce the degrees of freedom during parametrisation. Following this, 

improved guesses of parameters were found, and all variables were unfixed. The 95% 

confidence interval is commonly used in other studies to determine whether the parameters can 

be accepted if the former is smaller than 10% of the parameter value (Kontoravdi et al., 2010). 

In this case, the maximum growth rate, and the lysis rate had 95% confidence intervals outside 

of this. However, this can be justified given the limited amount of data available to parametrise 

the model initially. Interestingly, the yield of lactate from glucose (𝑌𝑌𝐿𝐿𝐿𝐿𝑐𝑐𝐺𝐺𝐺𝐺𝐺𝐺) was close to its 

theoretical maximum of 2.00. The equation for lactate utilisation rate (Eq. 20) only predicts the 

conversion of glucose to lactate and lactate consumption. However, there are other metabolic 

pathways not described here which may influence the specific lactate utilisation rate. For 

example, research reports how increased glutaminolysis can replenish pyruvate in the cell, 

which could lead to increased lactate production (Hartley et al., 2018). This could be why in 

Figure 16, both extracellular lactate concentration and extracellular glutamine concentration 

are correlated (PCC = 0.94) prior to the death phase. Performing flux balance analysis may 

provide further insight, although this is out of the scope of this research and would require 

significantly more measurements of metabolite concentrations which were not available in 

these experiments. Overall, the model is only an approximation of what is occurring 

biologically, and parameters (e.g. Monod limiting/inhibitory constants) are also only estimates 

of their true biological value. In practice, if more data became available, re-parametrisation or 

restructuring may enable better estimates. This may be required especially if new operating 

conditions were used relative to the data which the model was originally parameterised upon.  
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Table 12 Parametrisation results for the parameters associated with growth and productivity in the mechanistic 

model. *95% confidence interval is greater than 10% of the parameter value. 

Estimated Parameter Units Confidence Interval /Value (%) 

𝜇𝜇𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔ℎ,𝑚𝑚𝑚𝑚𝑚𝑚 h-1 35.67* 

𝐾𝐾𝐺𝐺𝐺𝐺𝐺𝐺 mM 4.72 

𝐾𝐾𝐼𝐼𝐿𝐿𝐿𝐿𝐿𝐿 mM 4.12 

𝐾𝐾𝐼𝐼𝑂𝑂𝑂𝑂𝑂𝑂 mOsm.kg H2O 0.27 

𝜇𝜇𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑ℎ,𝑚𝑚𝑚𝑚𝑚𝑚 h-1 0.32 

𝐾𝐾𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 h-1 286.50* 

𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 mg.h-1 1.15 

 

Table 13 Parametrisation results for the parameters associated with extracellular metabolite concentration and 

osmolality in the mechanistic model. 

Estimated Parameter Units Confidence Interval/Value (%) 

𝑌𝑌𝑥𝑥𝑔𝑔𝑔𝑔𝑔𝑔  mM.cell-1.hr-1 0.19 

𝑌𝑌𝐿𝐿𝐿𝐿𝑐𝑐𝐺𝐺𝐺𝐺𝐺𝐺 mM.cell-1.hr-1 8.69 

𝑚𝑚𝐿𝐿𝐿𝐿𝐿𝐿,1 mM.cell-1.hr-1 2.66 

𝐿𝐿𝐿𝐿𝑐𝑐𝑚𝑚𝑚𝑚𝑚𝑚 mM 0.82 

𝑚𝑚𝐿𝐿𝐿𝐿𝐿𝐿,2 mM.cell-1.hr-1 0.82 

𝐾𝐾𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂 mOsm.kg H2O 0.34 

𝛼𝛼𝐿𝐿𝐿𝐿𝐿𝐿,𝑂𝑂𝑂𝑂𝑂𝑂 mOsm.kg H2O 1.39 

𝛼𝛼𝐺𝐺𝐺𝐺𝐺𝐺,𝑂𝑂𝑂𝑂𝑂𝑂 mOsm.kg H2O 3.93 

𝛼𝛼𝐹𝐹𝐼𝐼𝐼𝐼,𝑂𝑂𝑂𝑂𝑂𝑂 mOsm.kg H2O 7.94 

𝛼𝛼𝑂𝑂𝑂𝑂𝑂𝑂 mOsm.kg H2O 1.18 
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4.6 Results 

4.6.1 Model Parameter Sensitivity Analysis 

Sensitivity analysis of the effects of the parameters on the model outputs was carried out using 

the Global Systems Analysis function on gPROMS ModelBuilder 7.2 (Siemens PSE) as 

described in Section 4.2.4. Considering the 95% confidence intervals of the model parameters, 

quasi-random Sobol sampling was used to vary parameters around their value by +/- 40% as 

all parameters, apart from 𝐾𝐾𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿, are below this threshold. The result provides sensitivity 

indices that quantify the first order interactions of each parameter with the output (Si) and the 

total effect the parameters have on outputs (St) (Saltelli et al., 2010). The first order effects can 

be used for factor prioritisation. In addition, the total effects include first order effects and 

higher order effects due to interaction between parameters and be used for factor fixing. Figure 

25a shows the effects of each parameter on the model variability. Here, the first order and total 

order indices (Si and St respectively) associated with the effect of each parameter on each of 

the six outputs in the mechanistic model described in Section  4.4 and Section 4.5 were summed 

across all outputs for each parameter to get ΣSi and ΣSt respectively. Further, Figure 25b shows 

which output is most affected directly by model uncertainty stemming from parameters. Here, 

the first order and total order indices (Si and St respectively) associated with the effect of each 

parameter on each output in the mechanistic model described in Section  4.4 and Section 4.5 

were summed across all parameters on each output to get ΣSi and ΣSt respectively.  For 

example, in Figure 25b, the sum of the total effects on outputs is lowest in product titre 

suggesting that parameters associated with this affect model variability less than those 

associated with other parameters. A sensitivity threshold can be set to filter parameters that 

have a negligible contribution to model variability usually between 0-0.2 (Kiparissides et al., 

2009). Although this threshold is arbitrary, in this study it was set at 0.05 so as not to class 

parameters as insignificant when modelling using limited experimental data  (Kotidis, Demis, 

et al., 2019; Saltelli et al., 2004). 
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(a) 

(b) 

Figure 25 First order indices and total sensitivity indices from the parameter sensitivity analysis varying 

parameters by 40% on (a) summing indices on each parameter, and (b) summing indices on each output. 
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4.7 Model Performance 

Using experimentally validated mathematical structures, a biologically relevant model is 

postulated that estimates the specific cell growth rate, the specific cell metabolite utilisation 

rates, and the specific cell productivity. In doing so, the extracellular concentration of 

metabolites, cell density, and product titre can be predicted using only the initial viable cell 

density, the feeding schedule of the fed-batch experiments, and the metabolite concentrations 

in the feed and media. Figure 26 shows the results of the model’s predictive capability when 

compared to experimental data across the cell culture period. Here, parity plots are shown 

where a perfect fit is y=x.  
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(e)  
 (f)  

(g)   (h)  

(i)  (j)  
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(k) 
 (l)  

Figure 26 Experimental vs model predictions of variables within the mechanistic model across the cell culture 

period, and in parity. MF-N: Manual feeding a nominal amount of glucose. MF-L: Manual feeding a low 

amount of glucose. MF-H: Manual feeding a low amount of glucose. Normalised using min-max normalisation. 

In addition, the values of R2, RMSE, and Pearson correlation coefficient (PCC) are also used 

to score the goodness of fit between the model and experimental data as shown in Table 14. 

Overall, Table 6 shows that the model performed well achieving accurate predictions of the 

experimental data with all R2 being above 0.92 and PCC above 0.96. Under this metric, this 

model is on par with existing mechanistic models presented in literature (Bayer et al., 2023). 

The model also performs well when looking at the trajectories and parity plots in Figure 14. 

Table 14 Performance metrics for the goodness of fit between model predictions and experimental data. RMSE: 

Root mean square error, PCC: Pearson Correlation Coefficient. MF-N: Manual feeding a nominal amount of 

glucose. MF-L: Manual feeding a low amount of glucose. MF-H: Manual feeding a low amount of glucose. 

 MF-N MF-L MF-H 
 

R2 RMSE PCC R2 RMSE PCC R2 RMSE PCC 

[mAb] 1.00 62.51 1.00 1.00 108.98 1.00 0.97 142.00 0.99 

Xv 0.96 1.89 x 106 0.98 0.92 1.90 x 106 0.96 0.95 1.22 x 106 0.97 

Xt 0.98 1.25 x 106 0.99 0.96 1.31 x 106 0.98 0.92 1.40 x 106 0.96 

[Glc] 0.99 2.37 1.00 0.97 3.10 0.99 0.98 7.63 0.99 

[Lac] 0.99 1.98 0.99 0.99 1.73 0.99 0.99 1.50 1.00 

Osm 0.96 11.37 0.98 0.92 9.26 0.96 0.99 11.65 0.99 
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4.8 Discussion 

Viable cell density is accurately described during the lag, log, and stationary stages of cell 

culture. However, during the death phase, the model over-predicts the viable cell density of 

MF-N and MF-L (Figure 26). The assumption that cell death can be described by one parameter 

as shown in Eq. 17 may contribute to an inaccurate description of viable cell density. Despite, 

the confidence interval obtained during parametrisation being within an accepted 10%, the 

sensitivity analysis revealed that the model is highly sensitive to this parameter. As such a poor 

approximation of cell death will affect model accuracy negatively. In addition to this, looking 

at the decrease in both viable cell density and total cell density that occurs during the death 

phase (Figure 26), there seems to be a degree of cell lysis that may not be captured by the 

model. This risk is further shown during the parameter sensitivity analysis wherein the 

confidence interval of 𝐾𝐾𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 is high. Here, a weak parameter estimate due to limited data may 

be the cause of the suboptimal description of viable and total cell density during the death 

phase. Although the majority of product is made during the lag, log and stationary phases, and 

a batch can be stopped prior to the death phase, poor predictions of the late-stage culture, can 

lead to increased amounts of undesirable impurities including host cell proteins and DNA 

released by cells during secretion and cell lysis. In general, there is less mechanistic 

understanding of cell death (versus other growth stages) and even recent models utilising a 

hybrid approach to describe cell growth and death dynamics achieved similar R2 values to those 

in the present study (Okamura et al., 2022). The total cell density (Figure 26) displays similar 

characteristics to the viable cell density and, during the death stage of cell culture, the model 

appears to predict experimental results more closely. That said, the challenges and risks 

associated with parameterisation during instances of low data are evident in Figure 13. Here, 

parameters within the growth rate (Table 4) equation including 𝜇𝜇𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔ℎ,𝑚𝑚𝑚𝑚𝑚𝑚 and 𝐾𝐾𝐼𝐼𝑂𝑂𝑂𝑂𝑂𝑂 have 

relatively large sensitivity indices indicating that any inaccuracies in the predicted values of 

these parameters could cause a flawed prediction of the growth rate and viable cell density. 

Further, 𝜇𝜇𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔ℎ,𝑚𝑚𝑚𝑚𝑚𝑚 has a large confidence interval indicating a high degree of uncertainty in 

its predicted value. However, the drawbacks and risks mentioned formerly are outweighed 

given the model’s overall performance in the prediction of viable cell density and total cell 
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density. Importantly, the model correctly predicts the stunted growth during increased 

osmolality especially during the MF-H experiment. 

One of the key performance indicators is the product titre, its dynamic profile and its endpoint 

value. Here the model displayed excellent performance as indicated by the PCC value. Further, 

the RMSE for all experiments apart from MF-H was approaching the experimental error (up to 

80 mg.L-1). During MF-H, there may have been a measurement error on Day 13 evident in 

Figure 14 which contributed to the slightly higher RMSE than in other experiments. However, 

by the end of the batch, this was rectified, and the model had accurately predicted the endpoint 

product titre, especially during increased osmolality in MF-H. Promisingly, the sensitivity 

analysis shown in Figure 13 showcased the model’s insensitivity to parameters associated with 

product titre shown by first order effects indices. In particular, the sum of the total effects 

indices on product titre is the lowest out of all other modelled variables. This could be put down 

also because this variable presented limited non-linear behaviour across time relative to other 

variables This is ideal given that product titre is a key performance indicator of the process and 

in future real-time applications of the model, the ability to predict this with certainty will be 

crucial for robust control.  

Next looking at the manipulated variable, extracellular glucose concentration, the model 

correctly predicts the consumption of glucose. This is indicated in Figure 14 with a PCC of 

over 0.99 in all cases shown in Table 6. However, Figure 14 shows some discrepancies in 

predicting extracellular glucose concentration during late-stage culture in MF-H. This could be 

due to inaccuracy in the prediction of viable cell density. Yet, viable cell density is predicted 

most accurately during this stage in MF-H compared to other experiments. As such, it is 

plausible that the cell-specific glucose utilisation rate may be inaccurately modelled. 

Interestingly, the predictions of extracellular glucose concentration for MF-N and MF-L 

experiments have a lower RMSE compared to MF-H as shown in Table 6. Yet in both 

experiments, the viable cell density is overpredicted. This suggests that the true specific glucose 

consumption rate is lower than predicted during these MF-N and MF-L despite yielding more 

accurate predictions of the absolute extracellular concentration of glucose. Despite this, the R2 

of all model predictions for extracellular glucose concentration is above 0.95 overbearing any 

minor inadequacies. 
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Figure 14 shows that the model accurately predicts the lactate metabolic shift, a key behaviour 

of productive cell lines. Although there are few differences during the cell culture between the 

experiments, the model can capture that MF-L has a lower extracellular lactate concentration 

and displayed signs of increased lactate consumption towards the end of the cell culture. 

Crucially, the R2 and PCC all are above 0.99 indicating an excellent model fit. 

Finally, the model can accurately estimate osmolality despite only predicting the extracellular 

concentration of two metabolites. This is done through an algebraic approach inspired by 

previous studies (Alhuthali & Kontoravdi, 2022). In doing so, the variation in osmolality and 

subsequent effects on viable cell density are accurately predicted. 

The model presented herein is well suited for real-time application in that process monitoring 

requirements are minimised due to low reliance on complex offline measurement technologies. 

For example, to perform real-time model-based control, efforts should be minimal to update 

the controller with the most recent measurements. The future vision is to combine the 

methodology described in this chapter towards automated mechanistic modelling platforms for 

real-time application. Here, a model can be used as a digital shadow where predictions can be 

made one step ahead, or as a digital twin wherein a mechanistic model derived prior to process 

operation can be deployed and the constituent equations and parameters updated upon receipt 

of new data.  
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4.9 Summary 

In Chapter 4, a set of experiments in 2L reactors was used to understand the effects of glucose 

feeding on a cell culture. Previously reported results at a small scale were validated where 

reduced growth was observed at increased osmolality. This highlights the risk of overfeeding. 

In addition, a mechanistic model was developed outlining existing modelling frameworks 

(Kontoravdi et al., 2010) here with the aim of producing a model during instances of limited 

data availability. The mechanistic model accurately models the cell growth, and cell culture 

productivity and predicts the extracellular metabolite concentrations of those that most impact 

growth. Importantly for real-time application of this model expected in further research, the 

model is limited to a minimal number of metabolites that do not require complex measurement 

techniques. As such, the model can be deployed at ease in real-time without hindrance to 

efficient operation and the included metabolites can be monitored or controlled to ensure 

optimum process performance. 

Attention was given towards automating the data processing from raw experimental data to be 

used further during model-building. This is also the first step towards developing further 

automation tools. In addition, the logic towards minimising the metabolites required to 

accurately model the process was outlined to balance between over-parametrisation during 

limited data availability, and a model’s ability to explain core mechanisms such as growth or 

productivity. This involved segregation of the process into key growth phases namely lag, log, 

stationary, and death. Next, a detailed analysis of each measured metabolite’s relationship with 

cell growth was performed. In this instance, only glucose and lactate were required to explain 

the cell culture growth. Finally, osmolality was incorporated into the growth rate equation 

inspired by previous literature albeit in this study a reduced-size model was built considering 

the data availability challenges. 

Overall, the model was able to describe core mechanisms accurately including predicting 

growth and productivity. In addition, key metabolites were described correctly, and the model 

was able to correctly predict key mechanisms including a metabolic shift from lactate 

production to consumption. The model can describe the effect of variations in glucose feeding 

to the cell culture and is specific to the cell line and scale.
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Chapter 5 Advanced Process Control of CHO Cell 

Cultures 

5.1 Introduction 

Despite the large market growth in the use of monoclonal antibodies as therapies for major 

diseases, the great cost of biologics, and the development of biosimilars, have created an 

increased focus on developing lower-cost manufacturing methods (Reddy et al., 2023; G. 

Walsh & Walsh, 2022). This includes the use of process automation which can reduce cost per 

unit of product, increase process performance, increase process robustness, or shorten process 

development timelines (Luo, Kurian, et al., 2021; Mitra & Murthy, 2022). However, 

implementing process automation requires the deployment of advanced process control, this 

remains a formidable challenge (Aehle et al., 2012). Here, there are several aspects contributing 

to a lack of advanced process control in CHO cell cultures including (1) the high degree of 

non-linearity in the process, (2) a lack of robust and inexpensive process sensor technologies, 

(3) a weak process understanding, (4) greatly interdependent process variables, (5) a highly 

multivariable process, and (6) the presence of large time-delays in dynamics (Rathore et al., 

2021). Thus, significant research gaps are present as existing process control of mammalian 

cell cultures is basic (e.g., regulatory control of (pH, dissolved oxygen, and temperature) 

compared to the advanced control present in other process industries (Mitra & Murthy, 2022). 

Addressing these research gaps will also tackle one of the final hurdles towards wholly 

implementing quality by design (Anurag S Rathore & Helen Winkle, 2009). 
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5.1.1 Operating Strategy Development 

Process control firstly requires a defined operating strategy subsequently implemented by a 

defined process control algorithm. As a basic example, process control of temperature in a 

CHO cell culture would entail two decisions, namely the choice of temperature, e.g., 35°C, and 

the choice of process control algorithm e.g., Proportional-Integral-Derivative (PID). Here, an 

operating strategy refers to a predefined objective and could include the following: (1) a fixed 

setpoint value such as controlling the cell culture temperature to 35°C, (2) a fixed setpoint 

range for example, controlling the cell culture pH between 6.9-7.0, (3) a dynamic setpoint for 

instance, performing temperature shifts during process operation (McHugh et al., 2020) or (4) 

a function to be minimised or maximised, for example, maximising product titre (Naderi et al., 

2014). Despite clear over-arching goals of the biopharmaceutical industry to produce products 

in a cost-effective, resource-minimising manner, the definition of process-specific operating 

strategies is non-trivial. Previously, an operating strategy would be defined through extensive 

experimental studies, with conditions defined by one-factor-at-a-time procedures (Bibila & 

Robinson, 1995). At present, design of experiments studies are common but still require large 

experimental efforts (Möllerl et al., 2015). In part, this perceived large experimental effort 

required to develop a suitable operating strategy has hampered the adoption of advanced 

process controllers (Downey et al., 2017). To address this, model-based decision-making using 

in silico tools is becoming increasingly utilised as for example they may reduce development 

costs or time by maximally utilising existing process data and allow for efficient design space 

analysis (Ahleboot et al., 2021; Helgers et al., 2022; Reddy et al., 2023). In recent research, 

such tools have been used to decipher the optimal pH shift to maximise productivity using 

genetic algorithm-based optimisation (Hogiri et al., 2018), tailor the feeding schedule for 

optimal glycan distribution using sensitivity analysis (Kotidis, Demis, et al., 2019), or to 

improve product titre using design of dynamic experiments (Luo, Stanton, et al., 2023). 

Intrinsically, the development of an advanced process control strategy should be paired with 

an operating strategy defined with model-based tools.  
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5.1.2 Open-Loop vs Closed-Loop Systems 

Once an operating strategy is developed, process control may run in either an open-loop manner 

or a closed-loop manner. In open-loop, the control inputs are independent of the real-time 

process outputs, such as using dynamic optimisation to form a pre-defined feeding regime to 

maximise galactosylation (Kotidis, Jedrzejewski, et al., 2019) or simultaneously product titre 

and galactosylation (Kappatou et al., 2020). Alternatively, in closed-loop control, the control 

inputs are decided during process operation and are dependent on the process outputs. For 

example, feeding is based on a feedback loop containing the most recent set of measurements 

to maximise glycosylation (Luo, Kurian, et al., 2023). One of the main advantages of closed-

loop control that makes it suitable for CHO cell cultures is its inherent ability to correct for 

disturbances and plant model mismatch (Rathore et al., 2021). There are notable examples of 

closed-loop control of fed-batch processes that include monitoring bioreactor conditions such 

as pH (Gagnon et al., 2011; Konakovsky et al., 2016), extracellular metabolite concentrations 

(Berry et al., 2016; Eyster et al., 2021; Lu et al., 2013; Webster et al., 2021), or by estimating 

oxygen transfer rate (Goldrick et al., 2018). Further, advanced closed-loop control of key 

performance indicators or critical quality attributes has also been demonstrated in silico to 

control product titre (Papathanasiou et al., 2017) and galactosylation (Kotidis et al., 2021; Luo, 

Kurian, et al., 2023). Yet there remains a gap in research for experimental demonstrations of 

closed-loop control of key performance indicators or critical quality attributes on fed-batch 

CHO cell cultures due to the challenges described in previous sections. 

5.1.3 Key Process Control Algorithms 

Regarding the process control algorithm used by the control loop, many other process 

industries frequently implement multi-input multi-output (MIMO), non-linear, advanced 

process control strategies predominantly using model predictive control (MPC) (Bauer & 

Craig, 2008b). However, over 90% of biopharmaceutical processes rely on more basic single-

input single-output (SISO) classical process control strategies e.g., proportional–integral–

derivative control (PID) (Mitra & Murthy, 2022). PID control is a reactive control algorithm 

that is easy to implement and highly suited to linear, time-invariant control problems. Hence, 

PID is frequently used within upstream biopharmaceutical processing for basic regulatory 
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SISO control of critical process parameters such as temperature, pH, or DO in segregated 

control loops (Rathore et al., 2021). To complement these control loops, the status quo in 

manufacturing is for a feeding recipe defined prior to process operation to be delivered 

manually to achieve control of key performance indicators and critical quality attributes in an 

open-loop manner. 

In recent research in the control of CHO cell cultures, proportional-integral (PI) control has 

been presented for control of extracellular glucose concentration by manipulating glucose feed 

having secondary effects of improving product quality (Berry et al., 2016). Lately, Raman 

spectroscopy has been used alongside PI control to control glucose and lactic acid extracellular 

concentration leading to increased galactosylation (Eyster et al., 2021). Despite their 

achievements, these studies are examples of regulatory control of extracellular metabolite 

concentrations. In fact, the aforesaid benefits of PID control can diminish when implemented 

into CHO cell culture systems for closed-loop control of key performance indicators such as 

product titre (Sarna et al., 2023). Firstly, CHO cell culture systems have a large number of 

inputs and outputs which are also highly coupled systems. That said, the decoupling of large 

multivariable processes remains an open challenge in process control research, outside the 

scope of this study, and is one of the main problems cited by controller manufacturers (Garrido 

et al., 2016). Meanwhile, existing solutions increase in complexity with dimensionality, can 

achieve poor disturbance rejection, or achieve inferior controller tracking when implemented 

within nonlinear systems (Garrido et al., 2016; Navratil et al., 2020). Another more prominent 

challenge inhibiting the application of advanced process control to fed-batch CHO cell 

culturing is related to the non-linear and time-varying process dynamics. However, recent 

advances in process modelling have brought increased process understanding therefore 

rendering predictive model-based control methods promising for closed-loop control of fed-

batch cultures (Bolmanis et al., 2023). Unlike PID, which is a reactive control method where 

inputs are decided based on past or current outputs, model predictive control can include future 

predictions to determine process inputs. Moreover, model predictive control can more easily 

handle MIMO processes via the inclusion of variables within an objective function paired with 

soft or hard constraints. It should be noted, however the effectiveness of this heavily depends 

on the accuracy of the process model. Nonetheless, advances in process modelling (discussed 

in Chapter 4) provide a strong direction to model predictive control of CHO cell cultures.  
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5.1.4 Developments in Model Predictive Control of CHO Cell Cultures 

There have been several notable implementations of model predictive control in CHO cell 

cultures as shown in Table 15. This differentiates these contributions for example, based on 

mode of operation, controlled variable, manipulated variables, objective function type, or 

whether they are in-silico or experimental demonstrations. 
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Table 15 Summary of key contributions implementing model predictive control to CHO cell cultures. MVs: manipulated variables. CVs: controlled variable. OF: objective 

function. FB: fed-batch. DD: data-driven. SPEM: setpoint error minimisation. CVM: CV minimisation/maximisation 

Reference Mode of 

Operation 

MVs CVs OF Model 

Type 

Demonstration 

(Aehle et al., 

2012) 

FB FinGln Total cumulative oxygen 

uptake rate 

SPEM Mechanistic Experimental 

(Craven et al., 

2014) 

FB FinGlc [Glc] SPEM Mechanistic Experimental 

(Jones et al., 

2023) 

FB O2 and air sparge, CO2 sparge DO, pH SPEM DD Experimental 

(Joynes & Zhang, 

2022) 

FB FinGlc [Glc] SPEM DD In-silico 

(Luo, Kurian, et 

al., 2023) 

FB Setpoints of agitation, 

temperature, DO, feed rate 

containing glucose, 

temperature, DO 

[mAb], Viability, 

fucosylation 

SPEM DD In-silico 
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(Ohkubo et al., 

2023) 

FB FinGlc, FinGln [mAb] CVM Mechanistic In-silico 

(Papathanasiou et 

al., 2017) 

FB FinGlc, FinGlu, FinArg, FinAsp, 

FinAsn 

[mAb] CVM DD In-silico 

(Rashedi et al., 

2023a) 

FB FinGlc Xv, [Glc], [Glu], Xt, [Lac], 

[Amm], Osm, viability, 

[Gln], [K], [Na] 

SPEM DD Experimental 

(Rashid et al., 

2021) 

FB (1 & 2) Feed containing 

glucose and glutamine 

(1) [Glc], (2) [mAb] (1) 

SPEM, 

(2) CVM 

DD In-silico 

(Schmitt et al., 

2019) 

FB pH setpoint and feed rate [Lac] SPEM DD Experimental 

(Downey et al., 

2017) 

FB FinGal Galactosylation SPEM DD In-silico 

(Sarna et al., 

2023) 

Perfusion Temperature, pH, [Glc]in, 

FinGlc, bleed rate 

[mAb], harvest rate CVM DD In-silico 
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(Zupke et al., 

2015) 

Perfusion FinMan High Mannose SPEM Mechanistic Experimental 
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For example, model predictive control has been used in fed-batch cell cultures (Aehle et al., 

2012; Craven et al., 2014; Downey et al., 2017; Jones et al., 2023; Joynes & Zhang, 2022; Luo, 

Kurian, et al., 2023; Ohkubo et al., 2023; Papathanasiou et al., 2017; Rashedi et al., 2023a; 

Rashid et al., 2021; Schmitt et al., 2019) and perfusion-based CHO cell cultures (Sarna et al., 

2023; Zupke et al., 2015). Although there are significant research efforts towards continuous 

perfusion cell culturing (Sarna et al., 2023), the fed-batch mode of operation is widely 

implemented within industry (G. Walsh & Walsh, 2022) and therefore it is of initial importance 

to develop advanced control strategies for this predominant manufacturing method. 

Model predictive control has been used for control of metabolite concentrations (Joynes & 

Zhang, 2022; Schmitt et al., 2019), pH (Jones et al., 2023), oxygen consumption (Aehle et al., 

2012), viable cell density, or control of key performance indicators (e.g. product titre) or critical 

quality attributes (e.g. glycosylation) (Downey et al., 2017; Luo, Kurian, et al., 2023; Ohkubo 

et al., 2023; Papathanasiou et al., 2017; Rashedi et al., 2023a; Rashid et al., 2021; Sarna et al., 

2023; Zupke et al., 2015). Although there is value and challenges remaining in regulatory 

control of base bioreactor conditions (pH, temperature, dissolved oxygen), metabolite 

concentration and other critical process parameters, it is more ambitious yet intuitive to provide 

supervisory control of key performance indicators such as product titre. Moreover, direct 

control of critical quality attributes would facilitate overcoming the final hurdle towards quality 

by design (Anurag S Rathore & Helen Winkle, 2009). 

Model predictive control uses a mathematical model to predict the future behaviour of the 

system over a finite time horizon (prediction horizon). Based on the most recent measured or 

estimated value of the system states, an optimisation problem is solved iteratively to determine 

the values of the manipulated variables. A central decision during the design of model 

predictive control is the objective function which could contain a constant setpoint, time-

dependant setpoint, or economic objective. The inclusion of constant setpoints in an objective 

function is useful for regulatory control e.g., to minimise the error against, and control pH to, 

a fixed value. Meanwhile, time-dependant setpoints are useful for following a time reference 

trajectory, e.g., to minimise the error against a predefined product titre trajectory. Finally, 

economic objectives are used to minimise/maximise a performance specification e.g., 

maximise product titre. Relevant studies have used setpoint tracking to minimise the error 
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against a predefined single setpoint (Craven et al., 2014; Jones et al., 2023; Joynes & Zhang, 

2022; Rashedi et al., 2023a), trajectory tracking to minimise the error against a predefined 

trajectory (Aehle et al., 2012; Luo, Kurian, et al., 2023; Schmitt et al., 2019), or control variable 

minimisation/maximisation (Ohkubo et al., 2023; Papathanasiou et al., 2017; Rashid et al., 

2021; Sarna et al., 2023). Setpoint tracking and trajectory tracking are aimed towards 

increasing process robustness and are useful for regulatory control (Schwenzer et al., 2021). 

Whereas, minimisation/maximisation of a control variable is directed more towards increasing 

process performance. Although error-minimising methods may reduce batch-to-batch 

variability, a weakness of error-minimising methods such as set-point tracking and trajectory 

tracking, is that they are inherently restrictive and undermine the key advantage of MPC: 

optimality (Schwenzer et al., 2021). The decision of setpoints or reference trajectories must be 

performed prior to operation. However, given that it is unlikely for any process to operate at 

its theoretical global optimum for any substantial length of time, there will always be room for 

improvement (Ellis et al., 2014). Further, any major disturbances may lead to a trajectory that 

is no longer feasible. For a highly non-linear process, there may be multiple routes towards 

achieving optimality. As such, to enable the greatest flexibility to always push towards optimal 

conditions defined in real-time based on feedback, rather than optimal conditions defined prior 

to process operation where disturbances may not have been considered, this study will focus 

on minimisation/maximisation of a control variable without error minimisation. 

There are various examples of process models used for model predictive control of CHO cell 

cultures. There are very few examples where mechanistic models have been utilised for model 

predictive control (see Table 15). Here they are implemented within a non-linear model 

predictive control loop. Alternatively, data-driven models are more frequently utilised (see 

Table 15). Data-driven models often have a more standardised workflow, and can more easily 

be optimised directly for parsimony (e.g., using Bayesian optimisation within hyper-parameter 

tuning), thus their development can be embedded more easily into an automated workflow. In 

addition, linear data-driven models may have smaller computation times when implemented 

into model predictive control than mechanistic models deployed within nonlinear model 

predictive control (Camacho et al., 2007). However, fed-batch CHO cell cultures have slow 

dynamics relative to many chemical processes. As such, long computational times can be 

afforded to a greater degree. In addition, non-linear model predictive control is sometimes 
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preferred over linear MPC as it can directly treat nonlinear dynamics and constraints explicitly 

rather than using linear approximations (Gros et al., 2020). Overall, mechanistic models may 

be preferable over data-driven models for model predictive control applications as (a) 

mechanistic models can be built with increased accuracy in instances of low data availability 

(Bayer et al., 2023), and (b)  mechanistic models can extrapolate to a greater degree relative to 

data-driven models (Bayer et al., 2023). Indeed, if the latter is true, then during instances where 

a model is built with limited data and there are process deviations where a model may be 

extrapolating outside of the conditions that it was built upon (e.g. if pH falls outside of the 

setpoint range due to increased lactate production), then mechanistic models may be 

advantageous here versus data-driven models. Here, a mechanistic model may be able to make 

more accurate predictions, and thus lead to increased controller robustness. Considering these 

reasons, it is of interest to experimentally demonstrate the performance of a non-linear model 

predictive controller that utilises an existing mechanistic model. 

Finally as shown in Table 15, there is a mix of in silico demonstrations of model predictive 

control (Downey et al., 2017; Joynes & Zhang, 2022; Luo, Kurian, et al., 2023; Ohkubo et al., 

2023; Papathanasiou et al., 2017; Rashid et al., 2021), and experimental demonstrations (Aehle 

et al., 2012; Craven et al., 2014; Jones et al., 2023; Rashedi et al., 2023a; Sarna et al., 2023; 

Schmitt et al., 2019; Zupke et al., 2015). Despite significant advances in advanced process 

control strategies for fed-batch CHO cell cultures demonstrated in silico, there remains a gap 

to subsequently deploy and compare these experimentally. This is partially a consequence of 

the lack of reliable process analytical technologies. Of the above experimental studies, some 

implement PAT online alongside model predictive control including Raman (Craven et al., 

2014) and quadrupole mass spectrometry (Aehle et al., 2012). However, such technologies are 

not yet standard across mammalian cell culture processes which instead rely frequently on 

offline analysis (Chopda et al., 2022). Therefore, there remains a case to showcase advanced 

process control using widely available process sensor technologies. 

5.1.5 Summary 

To summarise, there are several major research gaps outlined below before model process 

control can be widely implemented in CHO cell cultures: 
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• There remains significant room for further research applying model predictive control 

to either fed-batch or perfusion operation modes. This study will focus on the dominant 

platform, fed-batch cell cultures. 

• There are notable achievements to date in model predictive control being proposed for 

the control of a variety of bioreactor conditions during fed-batch CHO cell culturing. 

However, there is a clear lack of examples of supervisory control of key performance 

indicators or critical quality attributes.  

• Previous research in the modelling of fed-batch CHO cell culturing has presented the 

advantages of mechanistic models. Yet there remains a very limited number of 

examples where the promise of mechanistic models is showcased during model 

predictive control. 

• There remains an open challenge given that, to the best of the author’s knowledge, there 

are no experimental demonstrations in literature where mechanistic models are utilised 

within model predictive control to control product titre. 

 This research will focus on the development of an advanced process controller for fed-batch 

CHO cell culturing that directly tracks multiple variables including product titre, utilising a 

mechanistic model, whilst only relying on widely available process sensor technology. This 

requires the efficient development of an operating strategy and subsequent implementation of 

a suitable closed-loop process control algorithm.  

Overall, Chapter 5 aims to investigate and provide insight into the following: 

• Can non-linear model predictive control be demonstrated experimentally, using a 

mechanistic model built with limited experimental data, to direct a CHO cell culture to 

optimum operating conditions? 

• How can an operating strategy, including an objective function, constraints, and choice 

of manipulated and controlled variables be defined using in silico tools?  

• What are the limits to which non-linear model predictive control can be implemented 

and how does it perform during a severe operator error? 
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5.2 Materials & Methods 

5.2.1 Cell Culture 

In preparation for the experiments, cells were revived from frozen cell banks into GSK 

proprietary growth media. Cells were incubated at 37°C, 5% CO2, and 150 rpm in an orbital 

shaking incubator. Cells were sub-cultured every 3-4 days until sufficient volumes of cell 

culture were available for bioreactor inoculation at a suitable viable cell density. Each 

experiment contained cells from an identical number of passages to ensure the number of 

generations was kept constant and in line with experiments detailed in Section 4.2.1.  

Four experiments (RS-E-MPC-N) were conducted in a 2L Single-use stirred-tank Univessel® 

SU (Sartorius) bioreactor with a 1.6L working volume to culture a GSK mAb-producing CHO 

cell line. Using a 1 𝑥𝑥 106 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐.𝑚𝑚𝑚𝑚−1 seeding density, the process was operated under fed-batch 

conditions for 15 days with a feeding of a proprietary GSK feed on days 3, 6, 8, 10, and 13. 

Meanwhile, a supplementary feed of glucose (300 g.L-1) was fed on days 3, 6, 7, 8, 9, 10, 13, 

and 14 with the volume of glucose fed determined by four different process control strategies 

in each experiment. During the first two experiments, a severe operating error created the 

opportunity to demonstrate the limits of process control. In detail, a cell culture dilution 

occurred on day 2 due to an unclosed valve. This caused an inadvertent addition of media, 

which was subsequently followed by the required removal of cell culture material to restore 

the working volume to 1.8L. This allowed for two process control scenarios to be tested: (1) 

reactive scheduling in the presence of a major operating error, RS-E, and (2) nonlinear model 

predictive control in the presence of a major operating error, MPC-E. Following this, two 

further experiments were run under otherwise normal operating conditions, albeit featuring two 

different process control scenarios: (3) open-loop optimisation in the absence of major 

operating errors, OLO-N, and (4) nonlinear mode predictive control in the absence of major 

operating errors, MPC-N. Details of (1)-(4) are outlined in following sections. PID controllers 

were used to maintain a fixed temperature of 35°C and an allowable pH range of 6.9-7.0 

controlled using NaHCO3 and CO2 additions. Dissolved oxygen tension (DOT) was controlled 

to a setpoint of 50% using air and O2 supplied via a sparger at a variable ratio starting at 20 

ccm of air with no pure O2, after which, O2 is controlled depending on demand and was capped 
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at 300 ccm.. Antifoam (Gibco™ FoamAway™ Irradiated AOF, ThermoFisher Scientific) was 

supplemented to the cell culture and a constant agitation speed of 225 rpm was applied 

throughout the process. 

5.2.2 Analytical Methods 

In this research, only widely available process sensor technologies were utilised with the aim 

of showcasing how MPC can be implemented with existing technologies without retrofitting 

current manufacturing methods. More advanced analytical technologies may be (a) challenging 

to implement, (b) especially if they are offline, take longer to perform measurements when 

time-constrained decision-making is required during control, or (c) be difficult to replace if a 

process sensor becomes unavailable due to failure or miscalibration. In the latter case, process 

control can still provide inputs, but they may not be optimal due to deviations between the 

model and the process (Sommeregger et al., 2017). Cell culture samples were taken daily. A 

RAPIDPoint 500 Blood Gas Analyzer (Siemens Healthineers) was used to calibrate and 

validate the pH sensor using a single daily measurement. To measure culture viability, viable 

cell concentration, and total cell concentration, 0.5mL of the cell culture sample was mixed 

with equal parts of TrypLE™ Express enzyme (Thermo Fisher Scientific) to enable the 

dissociation of aggregated cells. This was then split into three samples of 0.17mLand incubated 

for 10 minutes at 37°C before all three samples were measured by a Vi-CELL XR Cell Viability 

Analyser (Beckman Coulter) and the results averaged. The remainder of the cell culture sample 

was centrifuged for 2 minutes at 800 x g. The final supernatant was extracted, and the pellet 

was discarded. From this, a Cedex Bio HT® Analyser (Roche) was used with three repeat 

samples of 0.1mL of the supernatant to obtain extracellular concentrations of glucose, lactate, 

glutamate, glutamine, ammonia, lactate dehydrogenase and product titre. Finally, an OsmoPro 

Micro-Osmometer (Advanced Instruments) was used to obtain the osmolality measurement 

using two repeat measurements. The remainder of the sample was stored at -80°C. 

5.2.3 Mathematical Modelling 

Robust and accurate mathematical models are a key tool towards applying process systems 

engineering tools. In this research, a mathematical model is used for process control of fed-
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batch CHO cell culturing thus requiring (1) an operational strategy, and (2) implementation of 

this via a process control algorithm. During the first step, the model is utilised prior to process 

operation for in silico studies to perform a systems analysis. In the second step, the model is 

utilised during several model-based control strategies: using (1) open-loop optimisation, (2) 

reactive scheduling, or (3) model predictive control. 

The success of the model-based control algorithm depends directly on several aspects including 

the accuracy and robustness of the process model. Further, for reactive scheduling and model 

predictive control, where the model is simulated and inputs are optimised during process 

operation, there are key considerations in the model choice. For example, linear data-driven 

models of fed-batch CHO cell cultures may be advantageous due to lower computational 

demands when solving optimisation problems online. Here the optimisation can be cast as a 

convex problem with clearer global minima (Luo, Kurian, et al., 2023). On the contrary, 

optimisation of non-linear, non-convex systems is more demanding requiring increased 

iterations whilst there is an increased risk of only finding local rather than global optimal 

solutions (Camacho et al., 2007). Despite this, control based on linear models may result in an 

unacceptable response including a large process model mismatch, oscillatory behaviour, or 

instability (Craven et al., 2014; Sendrescu, 2011; Tenny et al., 2004). In addition, due to the 

relatively slow process dynamics compared to chemical processes, and relative infrequency of 

control inputs, there is greater flexibility to use more computationally demanding process 

control algorithms. Finally, the risk of optimisations falling on local optima can be reduced 

with sound initial guesses and well-chosen constraints (Tenny et al., 2004). Previously, one of 

the greatest barriers to non-linear model predictive control of fed-batch CHO cell cultures was 

building a model that describes the process dynamics (Craven et al., 2014) but recent research 

has alleviated this (Kyriakopoulos et al., 2018; Tang et al., 2020) including that presented in 

Chapter 4. 

Overall, mechanistic models have prior demonstrations for efficient evaluation, analysis, and 

optimisation of fed-batch CHO cell cultures (Kotidis, Demis, et al., 2019; Kotidis, 

Jedrzejewski, et al., 2019; Kyriakopoulos et al., 2018; Tang et al., 2020). Further, mechanistic 

models may be able to extrapolate to conditions that they have not been trained to (Fung Shek 
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et al., 2021). Therefore, such models are hypothesised to be suitable in the event of unexpected, 

process disturbances and may offer robust control.  

Considering the above, in this chapter we utilise the mechanistic model designed for online 

application and presented in Chapter 4. 

5.2.4 Process Control Implementation 

As described in Section 5.2.1, three different process control methods are demonstrated in this 

research: open-loop optimisation (during the OLO-N experiment), reactive scheduling (during 

the RS-E experiment), and model predictive control (during the MPC-E and MPC-N 

experiments). These methods require optimisation to define the manipulated variables. Glucose 

can be highly influential in the cell’s metabolism and thus was manipulated during closed-loop 

control in previous studies (Lu et al., 2013). Further, in Chapter 4, a model was developed 

showcasing the effects of manipulating the volume of glucose fed. Therefore, this research will 

only consider the volume of a feed with a fixed concentration of glucose as a manipulated 

variable. The controlled outputs could include process outputs such as product titre and will be 

defined in the following sections. Dynamic optimisation was performed in gPROMS 

ModelBuilder v7.1.1 (Siemens PSE) using the control vector parameterisation single-shooting 

(CVP_SS) solver for optimisation. For each process control algorithm in the remainder of this 

section, a dynamic optimisation problem (Eq. 25a) is solved across the finite time horizon, 𝑇𝑇 =

�𝑡𝑡0, 𝑡𝑡𝑓𝑓� where 𝑡𝑡0is the initial time, and where 𝑡𝑡𝑓𝑓 is the time horizon. For open-loop optimisation 

𝑡𝑡0 is equivalent to zero. For model predictive control and reactive scheduling, 𝑡𝑡0 is the initial 

conditions and reset upon receipt of new data, and optimal control is re-performed. 

 min
𝑢𝑢(𝑡𝑡)

𝜙𝜙(𝑡𝑡𝑓𝑓) subject to Eq. 25a 

 𝑥̇𝑥(𝑡𝑡) =  𝑓𝑓�𝑥𝑥(𝑡𝑡), 𝑦𝑦(𝑡𝑡),𝑢𝑢(𝑡𝑡), 𝑣𝑣(𝑡𝑡)� ∀𝑡𝑡 ∈ 𝑇𝑇 Eq. 25b 

 𝑥𝑥(𝑡𝑡) = 𝑋𝑋𝑣𝑣(𝑡𝑡),𝑋𝑋𝑡𝑡(𝑡𝑡), [𝑚𝑚𝑚𝑚𝑚𝑚](𝑡𝑡), [𝐺𝐺𝐺𝐺𝐺𝐺](𝑡𝑡), [𝐿𝐿𝐿𝐿𝐿𝐿](𝑡𝑡) Eq. 25c 

 𝑦𝑦(𝑡𝑡) = 𝑚𝑚𝑢𝑢𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔ℎ(𝑡𝑡),𝑚𝑚𝑢𝑢𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑ℎ(𝑡𝑡),𝑄𝑄𝑚𝑚𝑚𝑚𝑚𝑚(𝑡𝑡),𝑄𝑄𝐺𝐺𝐺𝐺𝐺𝐺(𝑡𝑡),𝑄𝑄𝐿𝐿𝐿𝐿𝐿𝐿(𝑡𝑡),𝑂𝑂𝑂𝑂𝑂𝑂(𝑡𝑡) Eq. 25d 

 𝑢𝑢(𝑡𝑡) = 𝐹𝐹𝑖𝑖𝑖𝑖,𝐺𝐺𝐺𝐺𝐺𝐺(𝑡𝑡) Eq. 25e 
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 𝑣𝑣(𝑡𝑡) = 𝐹𝐹𝑖𝑖𝑖𝑖(𝑡𝑡),𝐹𝐹𝑜𝑜𝑜𝑜𝑜𝑜(𝑡𝑡) Eq. 25f 

 𝐼𝐼(𝑥𝑥(0),𝑦𝑦(0),𝑢𝑢(0), 𝑣𝑣(0)) Eq. 25g 

 𝑥𝑥𝑚𝑚𝑚𝑚𝑚𝑚 ≤  𝑥𝑥(𝑡𝑡) ≤ 𝑥𝑥𝑚𝑚𝑚𝑚𝑚𝑚 ∀𝑡𝑡 ∈ 𝑇𝑇 Eq. 25h 

 𝑦𝑦𝑚𝑚𝑚𝑚𝑚𝑚 ≤  𝑦𝑦(𝑡𝑡) ≤ 𝑦𝑦𝑚𝑚𝑚𝑚𝑚𝑚∀𝑡𝑡 ∈ 𝑇𝑇 Eq. 25i 

 𝑢𝑢𝑚𝑚𝑚𝑚𝑚𝑚 ≤  𝑢𝑢(𝑡𝑡) ≤ 𝑢𝑢𝑚𝑚𝑚𝑚𝑚𝑚∀𝑡𝑡 ∈ 𝑇𝑇 Eq. 25j 

Here, an objective function (Eq. 25a) containing the controlled variables is minimised using a 

process model (Eq. 25b) where 𝑥𝑥(𝑡𝑡) and 𝑦𝑦(𝑡𝑡) are the differential variables (Eq. 25c) and 

algebraic variables Eq. 25d) in the model respectively. Therein, 𝑋𝑋𝑣𝑣 and 𝑋𝑋𝑡𝑡 is the viable cell 

density and the total cell density, respectively. Whilst [𝑚𝑚𝑚𝑚𝑚𝑚], [𝐺𝐺𝐺𝐺𝐺𝐺], [𝐿𝐿𝐿𝐿𝐿𝐿] are the product titre 

and extracellular concentrations of glucose and lactate, respectively. Meanwhile, Eq. 25d lists 

the specific growth rate (𝑢𝑢𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔ℎ), specific death rate (𝑚𝑚𝑢𝑢𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑ℎ), specific productivity (𝑄𝑄𝑚𝑚𝑚𝑚𝑚𝑚), 

specific glucose utilisation rate (𝑄𝑄𝐺𝐺𝐺𝐺𝐺𝐺), specific lactate utilisation rate (𝑄𝑄𝐿𝐿𝐿𝐿𝐿𝐿), and extracellular 

osmolality ( 𝑂𝑂𝑂𝑂𝑂𝑂). The only manipulated variable (𝑢𝑢(𝑡𝑡)) is the volume of glucose fed to the 

cell culture, 𝐹𝐹𝑖𝑖𝑖𝑖,𝐺𝐺𝐺𝐺𝐺𝐺, as shown in Eq. 25e. Further, the fixed model inputs are the volume of feed 

in (𝐹𝐹𝑖𝑖𝑖𝑖) and sample volume out (𝐹𝐹𝑜𝑜𝑜𝑜𝑜𝑜) as displayed in Eq. 25f. The dynamic optimisation 

problem is also subject to initial conditions, 𝐼𝐼, for all process variables (Eq. 25g). Finally, 

constraints may be set on the differential variables (Eq. 25h), algebraic variables (Eq. 25i), or 

manipulated variables (Eq. 25j). 
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5.2.4.1 Open-loop Optimisation 

 

Figure 27 Open-loop optimisation architecture used for the OLO-N experiment. OLO-N: open-loop 

optimisation experiment in the absence of major operating errors. 

The most basic to implement of the process control techniques in this study is open-loop 

optimisation shown in Figure 27. Initial system states required by the model are defined. 

Model-based dynamic optimisation is then performed prior to operation or at t=0 using an 

objective function, constraints, and initial guesses for the optimum manipulated variables. A 

warm start was used for the optimisation whereby the initial guesses are equal to the best-

performing feeding strategy from previous experiments (e.g., experiment MF-L, see Chapter 

4). This is particularly useful when dealing with non-convex, highly non-linear systems where 

optimisations can frequently get caught at local optima. From this, an optimal feed schedule is 

defined which remains fixed throughout the process. During open-loop optimisation, there is a 

clear lack of utilisation of at-line data. Despite successful in silico (Kappatou et al., 2020) and 

experimental (Kotidis, Jedrzejewski, et al., 2019) demonstrations of open-loop-optimisation, it 

is expected that relative to other proposed control techniques, open-loop optimisation may be 

more sensitive to significant process model-mismatch, or process disturbances. Here, the lack 

of feedback may lead to a misinformed feeding schedule, thus yielding sub-optimal cell culture 

conditions.  
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5.2.4.2 Reactive Scheduling 

 

Figure 28 Reactive scheduling architecture used for the RS-E experiment. OF: Objective function. IGs: Initial 

guesses. 𝑡𝑡𝑑𝑑: time of major process deviation. RS-E: reactive scheduling in the presence of a major operating 

error. 

To increase process robustness, reactive scheduling can be used in the event of unforeseen 

disturbances or deviations to recover the process towards optimality using an updated operation 

schedule (Figure 28). Implementation of reactive scheduling begins with a pre-defined 

schedule, in this case derived using open-loop optimisation at time = 0. Upon accounting for a 

major process deviation, the process can be corrected by updating the schedule e.g., using 

receding horizon-based optimisation (Kopanos & Pistikopoulos, 2014). Unlike model 

predictive control, which is applied continuously (and therefore more computationally 

expensive) irrespective of the level of process deviation, reactive scheduling acts only after a 

diagnosis of a process deviation to minimise the effect of this deviation on the remaining 

process schedule (Ruiz et al., 2000). Here, a deviation in process conditions was caused by an 

operational error leading to harsh changes in process inputs described in Section 5.2.1. As such 

model-based dynamic optimisation was performed at the time of the disturbance (td) using the 

most recent measurements, with initial guesses taken from the open-loop optimisation optimal 

feed schedule, and a new feed schedule implemented which accounts for the disturbance. 

Although previously proposed and tested in silico for control of glycosylation in fed-batch 

CHO cell culturing (Kotidis et al., 2021), reactive scheduling has not yet been experimentally 

demonstrated in open research during fed-batch production of mAbs using CHO cell culturing. 

Rather most focus has been on implementing model predictive control. 
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5.2.4.3 Model Predictive Control 

 

Figure 29 Model predictive control architecture used for experiments MPC-E and MPC-N. OF: Objective 

function. IGs: Initial guesses. MPC-E: model predictive control in the presence of a major operating error. 

MPC-N: model predictive control in the absence of major operating errors. 

Model predictive control utilises a receding horizon whereby upon receipt of new process 

measurements, at a feeding time, the model’s initial states are reinitialised, and model-based 

dynamic optimisation is performed to minimise an objective function under a set of constraints, 

based on the most recent process state. At the first iteration, the initial guesses are equal to the 

best-performing feeding strategy from previous experiments (MF-H, see Chapter 4). For 

subsequent iterations, the initial guesses are taken from the previous iteration of optimisation. 

In this study, as the length of the cell culture is fixed,  the controller will utilise a receding 

horizon. 

5.2.5 Operational Strategy Development 

Two key steps were used to develop a suitable control strategy namely understanding the 

system dynamics using sensitivity analysis and performing in silico optimisation. Global 

Systems Analysis within gPROMS ModelBuilder v7.1.1 (Siemens PSE) was used to perform 

sensitivity analysis and distinguish the relative importance of each of the inputs used in the 

model in terms of their influence on the model outputs. This variance-based sensitivity analysis 

method is only suggested where the number of input factors is under 20 (Saltelli et al., 2008). 
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In this case, experiments were performed in an early-stage process development environment 

with limited opportunities for feeding glucose, only on days 3, 6, 7, 8, 9,10, 13, and 14. As 

such, the total number of input factors is equivalent to the total number of feeding opportunities, 

here equal to 8. Further constraints were set on the system so that the volume of glucose fed 

did not exceed the maximum volume of glucose fed during experiments used to tune the model. 

As described in Section 4.2.4, sensitivity analysis is used to determine first order and total 

effect indices for each parameter normalised by the variance in response (Saltelli et al., 2010). 

The first order effect for each parameter is attributed to the contribution to the uncertainty for 

that parameter alone and can be used for factor prioritisation (Saltelli & Tarantola, 2002), 

whereas the total effect is the combination of linear and nonlinear contributions from all 

parameters on the model’s uncertainty and can be used to facilitate factor fixing (Saltelli & 

Tarantola, 2002). Quasi-random Sobol sampling is a sampling method that yields no 

overlapping points (Sobol, 1976). It was used to generate 4096 sets of feeding strategies to be 

used during sensitivity analysis with bounds set dependent on the confidence intervals obtained 

during parameterisation. The first order and total effect indices are estimates of the Sobol 

indices that converge to their true value as the number of samples increases (Saltelli et al., 

2010). As such, the number of parameter sets must be sufficiently large such that the estimated 

Sobol indices remain stable. 

One of the key advantages of model-based process development is the opportunity to reduce 

experimental effort. Here, following sensitivity analysis, in silico optimisation is used to predict 

how different variations in the objective function formulation affect the process output. 

Following Eq. 25, dynamic optimisation was performed in gPROMS ModelBuilder v7.1.1 

(Siemens PSE) using the control vector parameterisation single-shooting (CVP_SS) 

mathematical solver.  



 

115 

5.3 Operational Strategy Design 

Designing an operational strategy for model-based process control will help formulate an 

optimal objective function and constraints. In other words, which variables will be controlled 

in the objective function by the manipulated variables. As mentioned, this is not trivial, 

especially for a highly non-linear system. To minimise experimental efforts, there are several 

computational tools used within this workflow (e.g, global sensitivity analysis and model-

based optimisation) to test the operation strategy in silico before experimental implementation. 

During analysis, the system was constrained loosely initially to minimise deviations away from 

the conditions which the model was trained upon thus minimising extrapolation into operating 

regions where the system behaviours are unknown. To do so, a constraint on the manipulated 

variable is imposed as shown in Eq. 26 prior to sensitivity analysis. 

 𝐹𝐹𝑖𝑖𝑖𝑖,𝐺𝐺𝐺𝐺𝐺𝐺
𝑚𝑚𝑚𝑚𝑚𝑚 ≤ 𝐹𝐹𝑖𝑖𝑖𝑖,𝐺𝐺𝐺𝐺𝐺𝐺 ≤ 𝐹𝐹𝑖𝑖𝑖𝑖,𝐺𝐺𝐺𝐺𝐺𝐺

𝑚𝑚𝑚𝑚𝑚𝑚  Eq. 26 

Here, 𝐹𝐹𝑖𝑖𝑖𝑖,𝐺𝐺𝐺𝐺𝐺𝐺
𝑚𝑚𝑚𝑚𝑚𝑚  was set to the maximum feed rate of glucose that occurred during the feeding 

schedule performed within the model-building experiments (MF-N, MF-L, and MF-H 

presented in Figure 16 and Chapter 4). Further, 𝐹𝐹𝑖𝑖𝑖𝑖,𝐺𝐺𝐺𝐺𝐺𝐺
𝑚𝑚𝑚𝑚𝑚𝑚  was set to zero rather than the minimum 

feed rate of glucose that occurred during the feeding schedule performed within the model-

building experiments outlined in Section 4.2.1. This will allow any control strategy to act 

appropriately and, in the event of glucose over-feeding, no glucose may be fed to prevent 

exacerbating the negative effects caused by excessive extracellular glucose concentration and 

resulting hyperosmolality. Both bounds chosen for Eq. 26 mean that there may be instances 

during analysis where the model is extrapolating outside the region for which it was trained. 

However, setting wide bounds increases the ability to explore the full design space. Further, 

for a non-linear system, it will be particularly difficult to ascertain whether a prediction is 

outside the model interpolation region (Masana & Baranyi, 2000). Setting bounds within the 

minimum and maximum feed rate of glucose at each time point may still induce extrapolation 

due to the non-convexity of non-linear systems (Fisher et al., 2022). Given this, extrapolation 

can be unavoidable and is incurred frequently during the deployment of non-linear models 

(Dong & Ma, 2022; Shen & Meinshausen, 2023). However, the use of a mechanistic model for 

systems analysis may allow for a greater degree of extrapolation (Fisher et al., 2022).  
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5.3.1 Input-Output Analysis 

Using global systems analysis, the system behaviour can be predicted when the feeding 

schedule is changed as shown in Figure 30 to Figure 34. Each point represents the output of 

each modelled state on the sample point directly after every feeding event. As glucose is fed 

on days 3, 6, 7, 8, 9, 10, 13, and 14, it is of interest to decipher how the system may react at the 

next sample point directly prior to the next feed on days 6, 7, 8, 9, 10, 13, 14, and 15.  

Figure 30 Input-output analysis comparing, at each day, the total feed volume of glucose to the total cell 

density and product titre.  Normalised using min-max normalisation. 
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Figure 31 Input-output analysis comparing, at each day, the total feed volume of glucose to the viable cell 

density and product titre. Normalised using min-max normalisation. 

 

The behaviour of total cell density and viable cell density is highly similar as can be compared 

in Figure 30 and Figure 31. As the days progress, the width of the characterisation space across 

the x-axis increases where the range in the total feed has increased and multiple different feed 

schedules achieve similar cell concentrations. There is also, quite a large width of the 

characterisation space across the y-axis. This could be explained by the wide constraints on the 

volume of glucose fed, with the minimum volume being zero to allow correction in the event 

of over-feeding. Therefore, many of these in-silico simulations will be extrapolating outside of 

the conditions they were parameterised upon. In practice, the effects of glucose starvation may 
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vary during production relative to the model predictions presented here. On day 10, it is clearly 

observable that the higher the viable cell density, the greater the product titre. This relationship 

is obvious when observing the integral viable cell density (Figure 30i) and intuitive as the 

specific production rate of mAb in the process model is approximated by a single parameter, 

𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚. On Day 13 onwards, high product titres are achieved at lower values of cell density. 

However, this does not indicate a weak performing process. Instead, this is due to the modelled 

effects of cell death rate, and growth rate reducing from day 13 onwards. It also corroborates 

previous studies wherein maximising integral viable cell density is a useful objective for a 

model-based optimisation strategy (Koumpouras & Kontoravdi, 2012) rather than solely viable 

cell density. Therein, maximising IVCD independently did not lead to maximum [mAb] and 

vice versa albeit endpoint values were within 10% of each other thus considered under 

experimental error. As such IVCD and [mAb] will both be considered for use within the 

objective function. 
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Figure 32 Input-output analysis comparing, at each day, the total feed volume of glucose to the extracellular 

concentration of glucose and product titre. Normalised using min-max normalisation. 

In Figure 32, the positive correlation between increased total feed volume of glucose and 

extracellular glucose concentration is clear and intuitive. However, this result also shows that 

at higher concentrations of glucose, the product titre is lower. In all instances, only at lower 

extracellular concentrations of glucose is the product titre at the upper 10% of the maximum 

highlighting the importance of preventing over-feeding. This effect was observed during 

previous experiments (MF-N, MF-L, and MF-H) and built into the model whereby increased 

concentration of glucose leads to a higher osmolality, thus lower cell growth. Lower cell 

growth may lead to this effect worsening as the concentration of viable cells decreases leading 

to a greater excess of unconsumed glucose. However, at lower concentrations of glucose, cell 
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growth will be limited negatively affecting product titre. This is indicated in Figure 32 where 

the left-hand side of the characterisation space always achieves lower product titre and vice 

versa on the right. This highlights the importance of tight control of glucose which itself is not 

trivial (Craven et al., 2014; Domján et al., 2020). Minimisation of the manipulated variables is 

common within model predictive control where achieving control with minimal control action 

is desirable to lead to smooth guidance (Schwenzer et al., 2021). To achieve this effect in this 

study, and to prevent overfeeding, the volume of glucose fed into the process will be 

minimised. 

Lactate is widely known to be an inhibitory metabolite and as such previous studies have 

attempted to suppress lactate production using closed-loop control (Matthews et al., 2016) or 

media supplementation (Buchsteiner et al., 2018). One of the key challenges is that, despite 

inhibitory effects, the production of lactate is associated with rapid cell growth during the 

exponential growth phase (Torres et al., 2018). This is highlighted in Figure 33 which shows 

the relationship between the total feed volume of glucose, extracellular lactate concentration, 

and product titre. In particular, Figure 33a highlights how increased lactate concentration is 

predicted when higher product titres are achieved. This could be because increased lactate 

secretion is typically associated with increased cell growth, and therefore higher product titre 

(Torres et al., 2018). However, a valuable operating strategy may include inducing successive 

consumption of lactate to prevent growth inhibition following production (Torres et al., 2018). 

The challenge here would usually be defining and predicting when lactate consumption occurs. 

However, the model developed in (Chapter 4) predicts lactate consumption and production. 

This can be seen in particular in Figure 33 where the high product titres initially are present at 

increased concentrations of lactate in Figure 33c and subsequently occur at lower 

concentrations in Figure 33f - Figure 33h due to the inbuilt lactate consumption kinetics within 

the mechanistic model. This presents a useful opportunity to utilise model-based control of 

lactate. However, solely minimising extracellular lactate concentration or the peak lactate 

concentration runs the risk that growth may be indirectly reduced (Torres et al., 2018). To 

lessen this risk, a reduction to prolonged exposure to heightened amounts of lactate is proposed. 
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Figure 33 Input-output analysis comparing, at each day, the total feed volume of glucose to the extracellular 

concentration of lactate and product titre. Normalised using min-max normalisation.  

To quantify the exposure to extracellular lactate concentration across the cell culture period, 

the integral of this was calculated. Here it is postulated that minimising integral lactate 

concentration may allow for a high peak lactate concentration to occur, thus high growth, and 

subsequently force lactate consumption if possible, preventing prolonged exposure to high 

lactate concentrations. Here, the trapezium rule was used to estimate the integral extracellular 

lactate concentration (𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼(𝑡𝑡), Eq. 27) from experimental data during each feeding interval, 

starting at (𝑡𝑡 − 1) and ending at (𝑡𝑡). Further, the variation in integral lactate is shown in Figure 



 

122 

33i which shows only a gentle decrease is required in integral lactate to avoid negatively 

impacting product titre. This can be applied via a suitably weighted objective function. 

   

 
𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼(𝑡𝑡) = 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼(𝑡𝑡 − 1) +

�[𝐿𝐿𝐿𝐿𝐿𝐿](𝑡𝑡) + [𝑙𝑙𝑙𝑙𝑙𝑙](𝑡𝑡 − 1)�Δ𝑡𝑡
2

 

 

Eq. 27 

 

 

Figure 34 Input-output analysis comparing, at each day, the total feed volume of glucose to the extracellular 

osmolality and product titre. Normalised using min-max normalisation. 
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Finally, Figure 34 shows the relationship between osmolality, total feed volume of glucose and 

product titre. Due to the osmolality being a function of extracellular concentration, the results 

and explanations reflect Figure 32 closely. In detail, the higher the total feed volume of glucose, 

the higher the osmolality. As observed in previous research (Alhuthali et al., 2021), high 

osmolality negatively affects growth, hence lower predicted product titres are observed at 

higher osmolality. In addition, during the model-building, it was observed experimentally, that 

integral osmolality (Eq. 28) was correlated to the overall growth rate (Figure 23). Therefore, 

this will also be minimised during model-based optimisation. Similarly, to the integral lactate, 

this will have to be weighted appropriately so the minimisation is not so forceful that it 

negatively impacts product titre (Figure 34i). 

 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼(𝑡𝑡) = 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼(𝑡𝑡 − 1) +
�𝑂𝑂𝑂𝑂𝑂𝑂(𝑡𝑡) + 𝑂𝑂𝑂𝑂𝑂𝑂(𝑡𝑡 − 1)�Δ𝑡𝑡

2
 Eq. 28 

 

5.3.2 Input-Output Sensitivity Analysis 

To further analyse the effects of variations in the feeding schedule on the system behaviour, 

sensitivity analysis was used to calculate (a) the first order sensitivity indices, (b) the total order 

sensitivity indices, and (c) the ratio between the two to check what proportion the factor has 

interactions with the other factors. During this analysis, each day of glucose feed was treated 

as a separate factor affecting each of the six modelled states, and the sensitivity indices were 

taken at the next time of sampling. In detail, as glucose is fed on Days 3, 6, 7, 8, 9, 10, 13, and 

14, then it is of interest to decipher how the system has reacted at the next sample point directly 

prior to the next feed on Days 6, 7, 8, 9, 10, 13, 14, and 15. Thus, for the latter set of days, the 

sensitivity indices are displayed for each state in Figure 35 to Figure 37. The only constraint 

applied was on the feed rate of glucose whilst Sobol sampling (a quasi-random sampling 

method) was used, assuming a normal distribution, to produce a set of feeding schedules such 

that no overlapping points were generated (Sobol, 2001). A sensitivity threshold was set at 0.05 

to filter parameters that have a negligible contribution to model variability (Kotidis, Demis, et 

al., 2019; Saltelli et al., 2004; X. Y. Zhang et al., 2015). This choice is discussed further in 
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Section 4.2.4. Figure 35 shows how the first order effects change throughout the cell culture 

duration. It is immediately apparent, that the volume of glucose fed on day 3 is one of the most 

influential inputs on the success of the process (Figure 35a-Figure 35h). Further, the volume 

of glucose fed early in the culture has the greatest effect on the final product titre (Figure 35h). 

This indicates the priority in deploying predictive control to ensure that the feeds of glucose 

early on consider simulated process trajectories. Meanwhile, altering these trajectories later in 

the process using only glucose will be challenging as indicated by the low Si on all days apart 

from day 3. This is expected as fed-batch mammalian-based process dynamics typically exhibit 

large time delays. 
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Figure 35 First order sensitivity indices showcasing the effects of each scheduled glucose feed on the process 

outputs at the sample time after feeding, and prior to the subsequent feed. Normalised using min-max 

normalisation. 
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Figure 36 Total effects indices showcasing the effects of each scheduled glucose feed on the process outputs 

at the sample time after feeding, and prior to the subsequent feed. Normalised using min-max normalisation. 
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Figure 37 Ratio between the first order sensitivity indices and total effects indices showcasing the effects of 

each scheduled glucose feed, and the value of the process outputs at the sample time after feeding, and prior 

to the next feed. Normalised using min-max normalisation. 
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Figure 36 shows the total order sensitivity indices of the feed rate of glucose on each day and 

can be used to showcase the input’s interactions with outputs. Here, the feed rate of glucose 

continues to affect total cell density and viable cell density throughout the process to varying 

degrees. This is expected as glucose is a primary carbon source of cells and previous input-

output analysis (Figure 32). That said, it should be noted that glucose is also the only growth-

limiting metabolite fed that the model considers. There may be other metabolites fed that are 

excluded from the model and this analysis that are biologically growth-limiting. Looking across 

the process, the feed rate of glucose influences to a much lesser amount the product titre, up 

until the feed of glucose on day 10. After day 10, the final endpoint product titre does not 

appear to be significantly influenced by the feed of glucose interactions (Figure 36h). This also 

displays the slow process dynamics present in the process between the feed of glucose, cells 

growing, and expressing product. Further, this highlights the use case of using a predictive 

control method where on day 10, the controller is accounting for future predictions of product 

titre on day 15. Interestingly, the effects of glucose have a steady minor effect on lactate 

throughout the process across all days. Biologically lactate is inhibitory to growth and has been 

controlled in the past with indirect effects on viable cell density and product titre (Matthews et 

al., 2016; Van Beylen et al., 2020). Further, as the model utilised in the present research shows 

how lactate may be influenced by glucose feed volume, then extracellular lactate concentration 

could be included within the control objective. Finally, Figure 37 presents the ratio between 

first order and total-order effects. A value close to one indicates no significant second order 

interactions due to the feed of glucose on the specified output feed (X. Y. Zhang et al., 2015). 

Here it is evident that throughout the process both glucose and osmolality are primarily affected 

by first order effects of glucose feed. This is an expected result as the volume of glucose fed 

will directly affect the extracellular concentration of glucose which instantaneously increases 

the osmolality. 

Overall, the sensitivity analysis highlights (a) the importance of correct feeding during early 

feed points, (b) the advantage of predictive control methodology which can act based on future 

projections, (c) the potential to include variables that biologically affect product titre within the 

objective function but perhaps show little influence by glucose within the current model. On 

the latter point, it should be highlighted that the model approximates the system, as such it may 

describe some process variables better than others. If, for example, it describes lactate 
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accurately but not product titre, then control of lactate through optimisation may lead to control 

of product titre. As such, having multiple controlled variables may increase the likelihood of 

effective control. 

5.3.3 In silico Optimisation 

In parallel with the above analysis, several in silico optimisations were performed within 

gPROMS (Siemens PSE) varying objective functions detailed in Table 16. In detail, dynamic 

optimisation was sought to manipulate the volume of glucose feed to optimise various 

operational strategies (S1-S6) containing variables discussed in Section 5.3.2 and included 

maximising monoclonal antibody titre (mg/L), maximising monoclonal antibody amount 

(mAbmg, mg), maximising integral viable cell density (cell/L), minimising integral osmolality 

(mM. kg H2O), minimising integral extracellular lactate concentration (mM), or maximising a 

multi-variable objective function. 

Table 16 In silico optimisation strategies. +: Maximise. -: Minimise. 

 [mAb] mAbmg IVCD IntOsm IntLac IntFin 

S1 +      

S2  +     

S3   +    

S4    -   

S5     -  

S6 + + + - - - 

 

The dynamic optimization strategies were performed using the same time horizon at which the 

model was developed within (360 hours). Minimal constraints were applied including on the 

feed rate of glucose to minimise and prevent excessive control action whilst maintaining 

conditions like that which the model was parametrised within, the osmolality to prevent hyper-

osmolality (Alhuthali et al., 2021), and the minimum extracellular concentration of glucose to 

ensure the model did not deviate from conditions for which it was parameterised. The results 
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of the optimisations can be seen in Figure 38 which shows the normalised endpoint values of 

key variables. 

 

 

Figure 38 Results from in silico optimisation. Normalised using min-max normalisation based on the max of 

each endpoint value. 

 

In Figure 38, there is very little difference between S1 and S2 in [mAb], mAbmg, IVCD, 

IntOsm, and IntLac with deviations below the typical measurement error of each of these 

variables. However, as S1 is maximising a concentration, the total glucose feed is also lower 

preventing cell culture dilution. Consequently, this causes the endpoint [Lac] and Osm to be 

lower for S1. For S3, maximising IVCD performs very similarly to maximising [mAb] and this 

indifference between S3 and S1 corroborates with similar research (Koumpouras & 

Kontoravdi, 2012). When minimising solely IntOsm in S4, this leads to a marginal decrease in 

IntOsm relative to other strategies, and a slightly lower [mAb], mAbmg, IVCD versus S1 and 

S2. The worst-performing strategy was S5, minimising IntLac. Here, as lactate is a by-product 

of cell metabolism, minimising IntLac, has caused cell growth to be minimised thus S5 

achieves lower IVCD and therefore a lower [mAb]. S6 has one of the lowest total amounts of 

glucose fed and achieves one of the lowest endpoint values for [Lac] and Osm. In addition, 

during S6, some of the lowest values of IntLac and Int Osm are achieved versus other strategies. 

This may promote favourable cell culture conditions due to low growth inhibition. Meanwhile, 

for S6, IVCD and [mAb] were close to the best-performing strategies. Overall, S6 provides a 

well-rounded strategy aiming to promote high cell growth (maximising IVCD), high product 

titre (maximising [mAb]), and favourable cell culture conditions (minimising IntLac, IntOsm, 
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and IntFin). As such this strategy was taken forward and formalised in Eq. 29 awith in silico 

trajectories of the cell culture performing optimally shown in Figure 39. In Eq. 29a, each term 

is scaled (using 𝛼𝛼𝑖𝑖) based on the order of magnitude of the endpoint values of each controlled 

variable in the objective function. As was the case here, often the weights of non-linear model 

predictive controllers are chosen using trial and error (Vallerio et al., 2014). This strategy 

ensured that IVCD was prioritised whilst the remaining controlled variables still were 

influential on the objective function value. Further development could focus on more exact 

tuning methods (Vallerio et al., 2014). 

 
min
𝑢𝑢(𝑡𝑡)

�−𝛼𝛼`1 [𝑚𝑚𝑚𝑚𝑚𝑚] − 𝛼𝛼`2 ∫ 𝑋𝑋𝑣𝑣
𝑡𝑡𝑓𝑓
𝑡𝑡0 + 𝛼𝛼`3 ∫ 𝑂𝑂𝑂𝑂𝑂𝑂𝑡𝑡𝑓𝑓

𝑡𝑡0 + 𝛼𝛼`4 ∫ [𝐿𝐿𝐿𝐿𝐿𝐿]𝑡𝑡𝑓𝑓
𝑡𝑡0 +

𝛼𝛼`5 ∫ 𝐹𝐹𝑖𝑖𝑖𝑖,𝐺𝐺𝐺𝐺𝐺𝐺
𝑡𝑡𝑓𝑓
𝑡𝑡0 � s.t. 

Eq. 29 a 

 𝑥̇𝑥(𝑡𝑡) =  𝑓𝑓�𝑥𝑥(𝑡𝑡), 𝑦𝑦(𝑡𝑡),𝑢𝑢(𝑡𝑡), 𝑣𝑣(𝑡𝑡)� ∀𝑡𝑡 ∈ 𝑇𝑇 Eq. 29b 

 𝑥𝑥(𝑡𝑡) = 𝑋𝑋𝑣𝑣(𝑡𝑡),𝑋𝑋𝑡𝑡(𝑡𝑡), [𝑚𝑚𝑚𝑚𝑚𝑚](𝑡𝑡), [𝐺𝐺𝐺𝐺𝐺𝐺](𝑡𝑡), [𝐿𝐿𝐿𝐿𝐿𝐿](𝑡𝑡) Eq. 29d 

 𝑦𝑦(𝑡𝑡) = 𝑚𝑚𝑢𝑢𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔ℎ(𝑡𝑡),𝑚𝑚𝑢𝑢𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑ℎ(𝑡𝑡),𝑄𝑄𝑚𝑚𝑚𝑚𝑚𝑚(𝑡𝑡),𝑄𝑄𝐺𝐺𝐺𝐺𝐺𝐺(𝑡𝑡),𝑄𝑄𝐿𝐿𝐿𝐿𝐿𝐿(𝑡𝑡),𝑂𝑂𝑂𝑂𝑂𝑂(𝑡𝑡) Eq. 29e 

 𝑢𝑢(𝑡𝑡) = 𝐹𝐹𝑖𝑖𝑖𝑖,𝐺𝐺𝐺𝐺𝐺𝐺(𝑡𝑡) Eq. 29f 

 𝑣𝑣(𝑡𝑡) = 𝐹𝐹𝑖𝑖𝑖𝑖(𝑡𝑡),𝐹𝐹𝑜𝑜𝑜𝑜𝑜𝑜(𝑡𝑡) Eq. 29g 

 𝐼𝐼(𝑥𝑥(0),𝑦𝑦(0),𝑢𝑢(0), 𝑣𝑣(0)) Eq. 29h 

 [𝐺𝐺𝐺𝐺𝐺𝐺]𝑚𝑚𝑚𝑚𝑚𝑚  ≤ [𝐺𝐺𝐺𝐺𝐺𝐺];  𝑂𝑂𝑂𝑂𝑂𝑂(𝑡𝑡) ≤ 450 ∀𝑡𝑡 ∈ 𝑇𝑇 Eq. 29i 

 0 ≤  𝐹𝐹𝑖𝑖𝑖𝑖(𝑡𝑡) ≤ 𝐹𝐹𝑖𝑖𝑖𝑖,𝐺𝐺𝐺𝐺𝐺𝐺
𝑚𝑚𝑚𝑚𝑚𝑚  ∀𝑡𝑡 ∈ 𝑇𝑇 Eq. 29j 
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Figure 39 Optimal feeding schedule and in silico output trajectories for S6. Normalised using min-max 

normalisation based on a maximum value on the y-axis. 
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Figure 40 Relationship between manipulated variables, objective function, and product titre. Normalised 

using min-max normalisation. 

In addition, the relationship between the total volume of glucose fed, the objective function 

and the endpoint product titre can be seen in Figure 40. Here there is a clear region of optimality 

where the endpoint product titre is highest. However, the non-linearity of the optimisation is 

also clear in parts where the relationship is possibly non-convex. As such, this may pose 

difficulty during optimisation where local optima may be reached. To improve the chance of 

successfully converging to a global optimum, warm starts are used during optimisations to 

provide initial guesses of the manipulated variables based on previous optimisations (Logist et 

al., 2010). In addition, very few hard constraints are used to help ensure the feasibility of the 

optimisation during closed-loop control (Schwenzer et al., 2021). 
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5.4 Results 

5.4.1 Variation in Manipulated Variable 

The variation in the amount of glucose fed each day depending on the feeding strategy, 

including compared to the model-building experiments, is shown in Figure 41. In all cases, the 

concentration of glucose was fixed, and the feed of all other components was kept fixed. 

 

Figure 41 Variation in daily glucose feed due to the process control strategy. MF-N: Manual feeding a 

nominal amount of glucose. MF-L: Manual feeding a low amount of glucose. MF-H: Manual feeding a low 

amount of glucose. RS-E: reactive scheduling in the presence of a major operating error. MPC-E: model 

predictive control in the presence of a major operating error. OLO-N: open-loop optimisation experiment in 

the absence of major operating errors. MPC-N: model predictive control in the absence of major operating 

errors. Normalised using min-max normalisation based on the overall maximum volume of glucose fed. 
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Figure 42 Variation in total glucose feed due to the process control strategy. MF-N: Manual feeding a 

nominal amount of glucose. MF-L: Manual feeding a low amount of glucose. MF-H: Manual feeding a low 

amount of glucose. RS-E: reactive scheduling in the presence of a major operating error. MPC-E: model 

predictive control in the presence of a major operating error. OLO-N: open-loop optimisation experiment in 

the absence of major operating errors. MPC-N: model predictive control in the absence of major operating 

errors. Normalised using min-max normalisation in Figure 41 then totalled in this Figure. 

In Figure 41 it is visible that Day 10 has the highest volume of glucose fed. This is due to the 

highest cell density occurring during this time and the next possible feed being 3 days away. 

To further evaluate the differences in the volume of glucose fed between process control 

strategies, the mean and standard deviation were calculated. This was based on the volume of 

glucose fed each day, as well as on the total volume of glucose fed throughout the course of 

the cell culture. The results of this analysis are shown in Table 17. 

Table 17 Variance and standard deviation of the volume of glucose fed across process control strategies. 

 𝝁𝝁 𝝈𝝈 
Day 3 0.309 0.183 
Day 6 0.152 0.061 
Day 7 0.145 0.107 
Day 8 0.119 0.057 
Day 9 0.207 0.098 

Day 10 0.891 0.129 
Day 13 0.231 0.170 
Day 14 0.196 0.070 

Total Glucose Feed 2.252 0.678 

 

Table 17 reinforces that on Day 10 the largest volume of glucose is fed on average whilst the 

largest standard deviation occurs on Day 3 and Day 13. On Day 3, differences in feed can be 

mainly put down to the relatively large volume of glucose fed in the high (MF-H) glucose 

0.00

1.00

2.00

3.00

4.00

V12 V3 V4 V5 V6 V7 V8

N
or

m
al

is
ed

 T
ot

al
 

Vo
lu

m
e 

O
f 

G
lu

co
se

 F
ed

 (-
)



 

136 

feeding strategy (Figure 41). On Day 13, a large standard deviation occurs due to the low 

glucose feed in the model predictive control strategies (MPC-E and MPC-N) as visible in 

Figure 41. Specifically, the closed-loop model predictive control utilised in MPC-E (MPC with 

human error) and MPC-N (MPC under normal operation) feed close to zero as is visible in 

Figure 41. This may be caused by over-feeding on day 10 highlighting the drawback of the 

models’ predictive capability during late-stage cell culture. Improved performance is expected 

with shorter feeding intervals. 

5.4.2 Reactive Scheduling vs NLMPC During an Operational Error 

The trajectories comparing model predictions versus experimental observations of RS-E 

(reactive scheduling) and MPC-E (non-linear model predictive control) are shown in Figure 

43. During both experiments, an operational error was incurred as described in Section 5.2.1. 

In MPC-E, the model predictions are updated prior to each decision by changing the state to 

the experimentally observed value in a moving horizon manner. However, in RS-E, the model 

is only updated once immediately after the operational error occurs. It was anticipated that 

more frequent updates would give a more accurate predictive capability. However, as can be 

seen in Figure 43 and in more detail in Figure 44, the absolute percentage errors of RS-E and 

MPC-E are comparable. This is perhaps because the operational error created a situation where 

the model is extrapolating such that the advantage of model-predictive control is not as 

significant. Alternatively, this may be a drawback of minimising the number of metabolites 

modelled. For example, glucose may not be the only growth-limiting factor here and is, in any 

case, in abundance here.  

In Figure 44, there is an apparent difference between RS-E and MPC-E most notably in the 

model predictions for glucose where RS-E appears to predict poorly with large absolute 

percentage errors. This is because in RS-E the control strategy does not include a state reset at 

every decision interval, only when the operational error occurs. Therefore, the plant model 

mismatch is not corrected. 
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Figure 43 Trajectories of model predictions versus experimental observations when deploying reactive 

scheduling (RS-E) and non-linear model predictive control (MPC-E) during an operational error. Normalised 

using min-max normalisation. 
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Figure 44 Absolute percentage error between model predictions versus experimental observations when 

deploying reactive scheduling (RS-E) and non-linear model predictive control (MPC-E) during an operational 

error. 
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Table 18 shows the R2 which shows the fraction of model variability is explained by the 

experimental data. In addition, the RMSE represents the error between the model and the 

experiment. Finally, the PCC shows the correlation between the model and the experiment. 

The plant model mismatch present in MPC-E as highlighted in Table 18 where the R2 is 

particularly low for osmolality in MPC-E. In addition, the R2 for [Glc] is also particularly low 

in MPC-E. Here, this error is exacerbated by the difference between the measurement of [Glc] 

and the predicted value at 312 hours on Day 13 shown in Figure 43. Interestingly, the model 

predicts [mAb] well indicated by the high R2 and PCC values. The poor predictive capability 

during MPC-E could indicate why the process control strategy fails to show a benefit over 

reactive scheduling as the latter requires less effort experimentally to obtain measurements and 

computationally to optimise after the operational error rather than at every decision point. 

Table 18 Model performance when deploying reactive scheduling (RS-E) and non-linear model predictive 

control (MPC-E) during an operational error. RMSE: root mean square error in units of measurements for Xt 

(cells.mL-1), Xv (cells.mL-1), [mAb] (mg.L-1), [Glc] (mM), [Lac] (mM), Osm (mOsmol.Kg-1). PCC: Pearson 

correlation coefficient. 

 RS-E MPC-E 
 R2 RMSE PCC R2 RMSE PCC 

Xt 0.98 1.77E+06 0.99 0.96 1.69E+06 0.98 
Xv 0.96 1.28E+06 0.98 0.94 2.30E+06 0.97 

[mAb] 1.00 61.68 1.00 0.99 86.95 0.99 
[Glc] 0.86 5.47 0.93 0.25 9.05 0.50 
[Lac] 0.94 6.37 0.97 0.96 5.81 0.98 
Osm 0.95 24.08 0.97 0.75 60.31 0.87 

5.4.3 Open-loop Optimisation vs NLMPC during Normal Operation 

The trajectories comparing model predictions versus experimental observations of OLO-N 

(open-loop optimisation) and MPC-N (non-linear model predictive control) are shown in 

Figure 45. These experiments were performed under normal operating conditions as described 

in Section 5.2.1. Further, in OLO-N, the model predictions are continuous, and the initial states 

are based on the experimentally observed conditions when the cell culture period is equal to 

zero. In MPC-N, the model predictions are updated prior to each decision by changing the state 

to the experimentally observed value. The absolute percentage errors between the model 

predictions and the experimentally observed results are shown in Figure 46. 
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Figure 45 Trajectories of model predictions versus experimental observations when deploying open-loop 

optimisation (OLO-N) versus non-linear model predictive control (MPC-N) during normal operating 

conditions. Normalised using min-max normalisation. 
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MPC-N Model OLO-N Model 
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Figure 46 Absolute percentage error between model predictions versus experimental observations when 

deploying open-loop optimisation (OLO-N) and non-linear model predictive control (MPC-N) during normal 

operating conditions. Normalised using min-max normalisation. 

 



 

142 

In Figure 45, the model can track the experimental results of MPC-N more accurately than 

OLO-N showing the superior benefits of updating the state prior to each control action during 

MPC. This is especially visible in Figure 46c where the absolute percentage error when 

tracking [mAb] is close to zero during MPC-N. To further analyse model performance during 

OLO-N and MPC-N, the R2, root mean square error (RMSE) and Pearson correlation 

coefficients (PCC) were calculated and presented in Table 19. Here the R2 when tracking 

glucose is particularly low for both OLO-N and MPC-N, although worse for OLO-N indicating 

a large plant model mismatch. That said in both cases the R2 values when tracking [mAb] are 

close to 1 indicating low plant model mismatch for this variable. A larger RMSE when tracking 

[mAb] for OLO-N is due to poorer predictions especially at the end of the process as visible in 

Figure 45. 

Table 19 Model performance when deploying open-loop optimisation (OLO-N) and non-linear model predictive 

control (MPC-N) during normal operating conditions. RMSE: root mean square error in units of measurements 

for Xt (cells.mL-1), Xv (cells.mL-1), [mAb] (mg.L-1), [Glc] (mM), [Lac] (mM), Osm (mOsmol.Kg-1). PCC: 

Pearson correlation coefficient. 

 
OLO-N MPC-N  

R2 RMSE PCC R2 RMSE PCC 
Xt 0.97 2.56E+06 0.99 0.94 1.50E+06 0.97 
Xv 0.94 3.46E+06 0.97 0.91 1.85E+06 0.96 

[mAb] 1.00 297.03 1.00 1.00 45.69 1.00 
[Glc] 0.23 29.54 -0.48 0.55 5.52 0.74 
[Lac] 0.95 5.52 0.98 0.98 4.09 0.99 
Osm 0.98 17.44 0.99 0.80 15.00 0.90 

5.4.4 Experimental Observations vs In-Silico Optimisation  

Optimisation was also performed prior to operation for all processes. As the objective function 

was an economic objective, continuously minimising the endpoints only, the endpoint values 

of the controlled variables obtained during in-silico optimisation (Section 5.3.3) can be used as 

a target setpoint for experimental demonstrations. Specifically, the percentage error (PE) 

between the anticipated optimal endpoint values of each controlled variable in the objective 

function (Eq. 29 a) and the experimental observations is calculated and shown in Figure 47. 

For reference, the initial model-building experiments (MF-N, MF-L, and MF-H) were also 

compared to the in-silico optimal results and are displayed solely as a relative indication of 
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what is achievable experimentally. In addition, the mean percentage error (MPE, %) is also 

shown in Figure 47. Finally using Eq. 30 a weighted mean percentage error (WMPE, %) is 

calculated. Here, a higher product titre and IVCD are rewarded, whereas a higher IntLac, 

IntOsm, and total glucose feed is penalised similar to the objective function presented in Eq. 

29 a. 

 

𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊 = [mAb]PE + IVCDPE − IntLacPE − IntOsmPE

− Total Glucose FeedPE 

 

Eq. 30 

 

Figure 47 Percentage error between the anticipated optimal performance and achieved performance of 

variables within the objective function. MF-N: Manual feeding a nominal amount of glucose. MF-L: Manual 

feeding a low amount of glucose. MF-H: Manual feeding a low amount of glucose. RS-E: reactive scheduling 

in the presence of a major operating error. MPC-E: model predictive control in the presence of a major 

operating error. OLO-N: open-loop optimisation experiment in the absence of major operating errors. MPC-

N: model predictive control in the absence of major operating errors. 

 

5.4.5 Comparison of Variables’ Endpoint Value 

A comparison is shown in Figure 48 between the endpoint values of experimentally observed 

variables during all process control strategies including manual glucose feeding (MF-N, MF-

L, MF-H), reactive scheduling during an operational error (RS-E), model predictive control 

during an operational error (MPC-E), open-loop optimisation during normal operation (OLO-

N), and model predictive control during normal operation (MPC-N). Observations are 

described in-depth during the following discussion. 

MPE WMPE 
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Figure 48 Comparison of all endpoint values of variables measured during cell culture experiments 

normalised against the manual feeding experiment with the highest product titre, MF-L.  
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5.5 Discussion 

Several computational tools were used to derive a suitable operating strategy including in silico 

input-output analysis and sensitivity analysis. From this, an objective function was defined and 

paired with suitable constraints. In silico optimisation was performed producing predictions of 

the optimum trajectories of the modelled states. Following this, 2L scale bioreactors were used 

for cell culturing and to demonstrate several novel process control strategies manipulating the 

volume of glucose fed.  

Experiment RS-E utilised reactive scheduling, a process control algorithm that was 

demonstrated previously on CHO cell cultures using in silico demonstrations to control 

glycosylation (Kotidis et al., 2021). However, this research is the first to test reactive 

scheduling experimentally on a fed-batch CHO cell culture, albeit attempting to prevent batch 

loss due to an operational error. Here, reactive scheduling was used to optimise a multi-variable 

objective function directly after an operational error to maximise product titre, and IVCD 

whilst minimising integral extracellular lactate concentration, integral osmolality, and total 

feed volume of glucose. Reactive scheduling (RS-E) was also compared to a non-linear model 

predictive control strategy during an operational error (MPC-E). In this instance, the same 

objective function was used as in RS-E albeit optimisation was performed prior to every control 

action. A drawback here is that RS-E and MPC-E were not compared to manual glucose feed 

strategy during the presence of an operational error, thus there is scope for this in future 

research. Finally, open-loop optimisation (OLO-N) was compared to non-linear model 

predictive control (MPC-N) during normal operation.  

Model predictive control has been used to control fed-batch CHO cell cultures experimentally 

previously (Aehle et al., 2012; Craven et al., 2014; Jones et al., 2023; Rashedi et al., 2023a; 

Sarna et al., 2023; Schmitt et al., 2019; Zupke et al., 2015). In addition, mechanistic models 

have previously been deployed within a model predictive control strategy for fed-batch CHO 

cell cultures and demonstrated in silico (Ohkubo et al., 2023)  and experimentally  (Aehle et 

al., 2012; Craven et al., 2014; Zupke et al., 2015). Of the latter experimental demonstrations, 

these were used to control oxygen consumption (Aehle et al., 2012), extracellular glucose 

concentration (Craven et al., 2014), and high-mannose N-linked glycosylation (Zupke et al., 
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2015). However, this research represents one of the first studies to experimentally demonstrate 

a mechanistic model within a model predictive control strategy to directly control a key 

performance indicator, product titre during experiment MPC-N. Here, several other variables 

are controlled jointly within an economic objective function whereby only the endpoint is 

minimised within a receding control and prediction horizon.  

In general, caution should be taken when comparing experiments directly as it remains 

challenging to precisely replicate conditions batch-to-batch. Further, the complexity of the 

process can make operation challenging as evident during RS-E and MPC-E where the 

operational error occurred resulting in the unintentional addition of media. This must be 

considered when comparing RS-E and MPC-E to other experiments. 

5.5.1 Comparing Variations in Manipulated Variables 

Overall, when comparing the deviations in manipulated variables across experiments (shown 

in Figure 41 and Figure 42), the cell culture demonstrates robustness to variations in glucose 

feeding strategy as shown in Figure 43 and Figure 45. Experiments RS-E and MPC-E feed the 

lowest amount of glucose (Figure 42) primarily due to the lower requirements of a 

predominantly lower viable cell density occurring throughout the process versus other cell 

cultures. This was caused by the operational error. This operational error meant that compared 

to the highest IVCD achieved (in MF-L and MPC-N) across all experiments, a 9% lower IVCD 

was achieved using reactive scheduling in the presence of an operational error (RS-E), and a 

14% lower IVCD was achieved using model predictive control in the presence of an operational 

error (MPC-E). Out of the feeding strategies that utilised optimisation (RS-E, MPC-E, OLO-

N, and MPC-N), open-loop optimisation (OLO-N) fed the highest volume of glucose (Figure 

42). This is due to an over-prediction of cell density during open-loop optimisation (OLO-N). 

For example, it was previously discussed (in Chapter 4) how the model offers poor prediction 

capability during late-stage cell culture. Recent research has focused on improved prediction 

of late-stage cell culture using model-building tools (Okamura et al., 2022). Here, however, the 

model is utilised online and when using model predictive control, one-step ahead predictions 

are used to improve prediction capability. For example, MPC-N demonstrated how model 

predictive control can be used to alleviate such plant model mismatch online. This is showcased 
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in MPC-N compared to OLO-N where there was a 46% reduction in RMSE on the prediction 

of viable cell density (Table 19). 

5.5.2 Comparing Reactive Scheduling and NLMPC during an Operational 

Error 

Initially, reactive scheduling (RS-E) was operated alongside non-linear model predictive 

(MPC-E) control during a severe operating error. Following an operating error, the experiments 

were continued to ascertain the degree to which the process can be recovered when using model 

predictive control. Looking at Figure 32, there is only a minor difference between the viable 

cell density achieved during the experiments testing each process control strategy. Here, RS-E 

achieved a 6% higher peak viable cell density than MPC-E. Further, the endpoint viable cell 

density of RS-E is 5% higher than MPC-E shown in Figure 37. There is a slightly greater 

difference in total cell density. In detail, the peak total cell density of RS-E is 11% higher than 

MPC-E whilst the endpoint total cell density of RS-E is 11% higher than MPC-E (Figure 32). 

These variations could point towards slightly reduced growth during late-stage cell culture or 

slightly increased cell death as indicated by a 51% higher endpoint dead cell density in RS-E 

(Figure 37). Further, in RS-E, there is a 38% greater level of LDH than in MPC-E. This could 

be an indicator of a reduced amount of cell lysis in RS-E (Klein et al., 2015). However, much 

of this may solely be due to changes in cell density rather than differences in cell death rate as 

there is only a 6% lower endpoint viability in RS-E compared to MPC-E shown in Figure 37. 

The differences in viability could be explained by the differing process control strategies. In 

detail, looking at Figure 38, there is only a minor difference between the total feed volume of 

glucose in RS-E against MPC-E. However, a large difference occurs on day 13 (Figure 30), 

where model predictive control (MPC-E) reacts to the over-prediction of cell density and thus 

feeds a volume of glucose close to zero relative to reactive scheduling (RS-E) which only 

reoptimized after an operational error occurred on day 2. On the contrary, the day 13 feeding 

during RS-E causes a large increase in osmolality on day 14 as shown in Figure 32. Here despite 

RS-E having a 20% higher measured viable cell density, both RS-E and MPC-E were at a 

similar osmolality within 5 mOsm.kgH2O-1 of hyper-osmotic conditions. This coincides with 

the slight decrease in viable cell density after day 13, which may have contributed to decreased 



 

148 

viability, especially in RS-E where higher cell densities occurred at close to equal, hyper-

osmotic conditions also present in MPC-E. 

The extracellular concentration of glucose in RS-E is lower than that of MPC-E (Figure 43) 

throughout the cell culture. This is especially the case on day 13 where there is a large plant 

model mismatch, and the observed extracellular concentration of glucose is greater than the 

predicted extracellular concentration of glucose. This may be caused by the over-prediction of 

viable cell density therefore over-feeding of glucose on day 10. Such an over-prediction may 

be due to the poor prediction of osmolality (Figure 43). Here osmolality is derived via an 

algebraic equation in the process model in a similar way to prior studies (Alhuthali & 

Kontoravdi, 2022), crucially not as a differential equation. As such, its value is estimated based 

on the value of other process variables. Therefore, despite osmolality being routinely measured 

during cell cultures e.g., using freezing point depression (F. Li et al., 2010), in this model the 

value for osmolality cannot be directly reinitialised prior to optimisation as is visible in Figure 

43. This may be suitable under the normal operating conditions which the model was structured 

and parameterised within; however, it is clearly a weak estimate of osmolality in this 

experiment. Here, the operational error causes excess media to be added to the cell culture. The 

media consisted of many different components of unmeasured osmolality, each without their 

own mass balances within the model nor included within the prediction of osmolality. 

Therefore, changes in osmolality due to media addition were not accounted for in the model. 

Because the growth rate is calculated using osmolality as an inhibitory variable, inaccurate 

predictions of osmolality also affect the viable and total cell density as is evident particularly 

in late-stage cell culture. 

Across MPC-E and RS-E, other process variables are predicted relatively accurately (Figure 

43). For example, although there is a large absolute percentage error close to 50% in the 

prediction of extracellular lactate concentration at 47 hours shown in Figure 44, the remainder 

of the process sees lower errors and an R2 close to 1. Product titre is also predicted relatively 

accurately. However, reactive scheduling (RS-E) has a 5% higher product titre than model 

predictive control achieves (MPC-E) despite different process control algorithms being used. 

This is primarily a consequence of RS-E achieving a higher viable cell density and higher 

IVCD than MPC-E. In addition, and as mentioned, in the presence of an operational error the 
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model is extrapolating into conditions which it was not structured or parameterised within. As 

such, an under-performance is expected. In other recent research where control of product titre 

is attempted, there is also a similar difference (1.10-15.20%) in endpoint product titre between 

process control algorithms (Rashedi et al., 2023a). Although the effort required to implement 

model-predictive control at a manufacturing level may be greater than reactive scheduling, 

reactive scheduling inherently requires a defined definition or awareness of when a process 

deviation occurs. Therefore, there is a requirement in future research for a cost-benefit analysis. 

5.5.3 Comparing Open-loop Optimisation and NLMPC during Normal 

Operation 

Under normal operation, open-loop optimisation was compared to model predictive control 

with predicted trajectories shown in Figure 45. Here there is a visible difference between the 

total cell densities achieved in each control strategy. Notably, model predictive control (MPC-

N) achieves a 16% and 8% higher peak total cell density and endpoint total cell density, 

respectively, than open-loop optimisation (OLO-N). Similarly, model predictive control 

achieves a 20% and 15% higher peak viable cell density and endpoint viable cell density, 

respectively, than open-loop optimisation (OLO-N). Further, Figure 45 demonstrates how 

model predictive control continuously updates the value of viable and total cell density and as 

such continuously corrects the feeding strategy to account for the most recent measurements. 

The beneficial effects of this model correction are visible when comparing the extracellular 

glucose concentration of OLO-N and MPC-N. Here, it is apparent that model predictive control 

(MPC-N) continuously manipulates glucose feeding to maintain glucose concentrations closer 

to the predicted optimum extracellular glucose concentration trajectory. On the contrary, for 

OLO-N, the extracellular concentration of glucose continuously increases leading to 

continuous over-feeding and increased plant model mismatch visible in Figure 46d. The over-

feeding of glucose increases osmolality (Figure 45), which has been shown to inhibit cell 

growth (see Chapter 4 and previous research (Alhuthali et al., 2021)). 

Glucose over-feeding is also known to promote the production of inhibitory metabolites 

(Schmitt et al., 2019). Here, the peak extracellular lactate concentration during OLO-N was 

13% higher than MPC-N (Figure 45) demonstrating increased lactate production possibly due 
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to over-feeding of glucose during open-loop optimisation (OLO-N). Further, the endpoint point 

extracellular lactate concentration during model predictive control was 18% lower than during 

open-loop optimisation (Figure 45). Meanwhile, the decrease in the extracellular concentration 

of lactate from the peak concentration to the endpoint during model predictive control (MPC-

N) concentration was 29% greater than during open-loop optimisation indicating increased 

lactate consumption (Figure 45). The unfavourable lactate trajectories observed when using 

open-loop optimisation could be due to glucose being converted to pyruvate during glycolysis, 

where pyruvate is not utilised and subsequently converted to lactate. However, a full flux 

balance analysis is required to verify this. In general, these results are in agreement with 

previous research and show the necessity to tightly control glucose thus improving lactate 

production and consumption. Albeit lactate production and consumption are also influenced by 

the cell line in addition to process conditions (Gagnon et al., 2011; Matthews et al., 2016). 

Despite this, there are few examples in open research that explicitly control lactate using model 

predictive control (i.e., including lactate within the objective function) during fed-batch CHO 

cell culturing. Recent examples manipulated pH to solely control lactate (Schmitt et al., 2019). 

However, in the present research, lactate was directly controlled by including the integral 

extracellular lactate concentration within the objective function in addition to several other 

variables. The robustness in achieving a high product titre and improvements in reductions in 

extracellular lactate concentration may be due to this novel approach. However, testing on 

different cell lines and conditions is necessary to further validate this strategy. 

Finally, comparing the product titre in Figure 45 there is a notable difference between the 

performance observed during open-loop optimisation (OLO-N) and closed-loop model 

predictive control (MPC-N). The implementation of model predictive control results in a 22% 

increase in product titre versus open-loop optimisation. Here, it can be deciphered that a 

correctly controlled glucose feeding strategy, results in a higher viable cell density thus a more 

productive cell culture. For OLO-N, the absolute percentage errors observed when for product 

titre are far greater than for MPC-N indicating a large plant model mismatch (Figure 46c). 

Further, in Table 19 the RMSEs for MPC-N are always lower than for OLO-N indicating a 

lower plant model mismatch. Overall, although this improvement in a key performance 

indicator for a highly complex non-linear process represents a significant achievement, 

additional research would be favourable to scope the limitations of model predictive control. 
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This is especially the case as model predictive control did not perform favourably during an 

operational error compared to other process control strategies. That said, this represents an 

exciting opportunity to explore closing the loop on previous studies that utilised open-loop 

optimisation (Kotidis, Jedrzejewski, et al., 2019) and ascertain what improvements if any, 

model predictive control offers. 

5.5.4 Comparison of In-Silico Optimisation vs Experimental Observations 

Although the performance observed when using each process control strategy is important, the 

ability to correctly control the system to a desired optimal setpoint is equally important. A key 

challenge is doing so in the presence of system uncertainty. Such uncertainties are notable in 

fed-batch CHO cell cultures, for example, those derived from parametric uncertainty, minor 

perturbations of initial conditions (e.g., due to differences during the seed train), or disturbances 

(e.g., anti-foam or base additions). In this research, in-silico optimisation is used to derive a 

target setpoint which is compared to experimental observations using percentage errors. It is 

clear from Figure 47 that OLO-N and MPC-N have a mean percentage error closer to zero 

versus RS-E and MPC-E. This is expected as OLO-N and MPC-N are operating under normal 

conditions whereas, in RS-E and MPC-E, an operational error occurred significantly affecting 

process operation. When considering the weighted mean percentage error, MPC-N performs 

best, followed by RS-E both of which remain the only positive weighted mean percentage 

errors (aside from MF-L). Open-loop optimisation (OLO-N) performs poorly using this metric 

although this is primarily because of the relatively high volume of glucose fed compared to 

RS-E, MPC-E, and MPC-N. When comparing reactive scheduling (RS-E) versus model 

predictive control (MPC-E) during the presence of an operational error, the benefit of model 

predictive control here is unclear where similar weighted mean percentage errors are achieved, 

0.56% and MPC-E -1.63% respectively. Looking specifically at [mAb]PE, for MPC-N this is -

5.33% whereas OLO-N has a [mAb]PE of -22.64%. This represents a 76.46% decrease in 

tracking an optimal setpoint of product titre when using model predictive control (MPC-N) 

versus open-loop optimisation (OLO-N) during normal operating conditions. Similar trends 

were observed comparing the IVCDPE during OLO-N and MPC-N of -25.60% and -15.10% 

respectively. However, during the presence of an operational error MPC-E performs worse 

than RS-E achieving a lower [mAb]PE and IVCDPE, whilst achieving a higher IntLacPE and 
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IntOsmPE. This reinforces the question of the cost versus benefit when deploying model 

predictive control over reactive scheduling. Without further experiments, it is challenging to 

distinguish whether this is due to the model over-extrapolating during an operational error or 

due to the specific process control technique. In contrast, during normal operation, model 

predictive control demonstrates an excellent ability to achieve an objective function. Although 

MF-L achieves a [mAb]PE closer to zero than MPC-N, this is not suitable for direct comparison 

as MF-N, MF-L, and MF-H were operated without any predefined optimal setpoints. Overall, 

utilising model predictive control in the current conditions showed clear advantages versus 

other process control strategies offering a balanced tracking ability across multiple variables. 

Future experiments should test different weighting strategies and the sensitivity of each weight 

attached to each variable within the objective function. 

5.5.5 Comparison of all Process Control Strategies 

In Figure 48, the difference in endpoint product titre between MF-L or MPC-N may be 

insignificant versus the error observed during MF-L. Despite no improvement observed when 

using model predictive control versus manual glucose feeding, there is an important distinction 

in that model predictive control may be used to improve process robustness and consistently 

achieve desired setpoints across all controlled variables. When comparing MF-L to MPC-N, 

no improvement in product titre could be because glucose is not significantly influential on the 

process and instead other metabolites could be manipulated. In addition, this may also be due 

to the use of a highly developed industrial cell line, designed to be robust. Previous studies also 

allude that process control strategies can be cell line dependent where a closed-loop feeding 

strategy showed no benefit to the closed-loop control versus a manual feeding strategy (Lu et 

al., 2013). Meanwhile, other studies primarily focused on batch reproducibility (Aehle et al., 

2012) rather than solely maximisation of performance. Aside from this, there is a minor 

difference in product titre when comparing open-loop optimisation (OLO-N) to model 

predictive control (MPC-N). Further, there is little difference between the endpoint product 

titre of RS-E and MPC-E. For RS-E and MPC-E, the lack of apparent difference in product 

titre highlights the need for further analysis of reactive scheduling under normal operating 

conditions. This will allow a stronger conclusion to be drawn as to whether the lack of 
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difference is due to the process control strategies employed or due to the major operational 

errors. 

The increased endpoint product titre in MF-L and MPC-N relative to other process control 

strategies can be imparted to the large integral viable cell density (Figure 48). That said, when 

looking at the endpoint viable cell density for MPC-N this is lower than MF-L potentially due 

to increased cell death or reduced growth during late-stage cell culture as previously discussed. 

This highlights intuitively that for maximising productivity, integral viable cell density is 

suitable to include within an objective function for model predictive control as was also used 

in recent studies (Rashedi et al., 2023b). 

Interestingly, the dead cell density is the lowest (Figure 48) whilst viability was the highest out 

of all process control strategies when deploying model predictive control during an operational 

error (MPC-E) and model predictive control under normal operation conditions (MPC-N). This 

is interesting as neither variable was included in the set of controlled variables within the 

objective function. The low accuracy during measurement of cell densities and low number of 

repeat experiments means that there isn’t a statistically significant difference between viability 

in MF-L and MPC-E or MF-L and MPC-N. There is a slightly greater difference in the 

concentration of dead cells. But within the model, the death rate is modelled as a constant 

variable and as such the model lacks insight into which variables influence this preventing 

controllability. One possibility is that during MF-L, there were instances of growth limitation 

for example due to a low extracellular glucose concentration which caused cell death. This is 

corroborated by MF-L having a higher concentration of lactate dehydrogenase an indicator of 

cell lysis, and a higher concentration of dead cells compared to MPC-E and MPC-N. With 

further analysis, it was also found that the minimum experimentally observed extracellular 

glucose concentration in MF-L was 18.7% lower and 23.53% lower than the minimum 

experimentally observed extracellular glucose concentration in MPC-E and MPC-N, 

respectively. However, there may be other growth-limiting nutrients that were not monitored 

experimentally or included within the model which limits the scope of this analysis. 

Looking at the endpoint extracellular lactate and ammonia concentration in Figure 48, there is 

an evident increase when deploying model predictive control during MPC-E compared to MF-

L. As mentioned, it is speculated that this is because the model is extrapolating rather than due 
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to the process control algorithm. However, there is a slight decrease in the endpoint 

extracellular lactate concentration during model predictive control (MPC-N) versus manual 

glucose feeding (MF-L) relative to open-loop optimisation. During other studies that aim to 

control lactate using model predictive control, trajectories using this were very similar to a 

manual feeding strategy. In addition, a slightly higher endpoint extracellular lactate 

concentration was achieved in all process control strategies than when using manual feeding 

(Rashedi et al., 2023a). However, this could be because, in the aforementioned study, lactate 

was not explicitly minimised rather the error between a reference trajectory was minimised. 

Conversely, in the present study, lactate was explicitly minimised whilst a reduction in 

extracellular ammonia and lactate concentration is noticeable. 

5.6 Summary 

This chapter develops, presents, and compares several novel process control strategies for fed-

batch mammalian cell culture systems. It is one of few works to experimentally demonstrate 

advanced process control of a key performance indicator, product titre, on CHO cell cultures. 

Further, there are very few if any studies to do so using a mechanistic model. The advantage 

of demonstrating this is that mechanistic models have been shown to outperform data-driven 

modelling strategies during instances of low data availability, a common occurrence especially 

during early-stage process development. Finally, during experimental validation of the control 

strategies, only process variables that are readily available using widely deployed process 

monitoring equipment are required, a key advantage of this work and step towards easing 

access to advanced process control, and thus automation of upstream biopharmaceutical 

processes. 

Firstly, the development of a process control strategy using model-based tools was also 

demonstrated showcasing how input-output analysis, sensitivity analysis, and in silico 

optimisation can be utilised. Here a previously built model was engaged that predicts, based 

on changes to a glucose feeding schedule, several key process variables including product titre, 

viable cell density, total cell density, extracellular concertation of glucose, extracellular 

concentration of lactate, and osmolality. From this, an optimisation was proposed including 

terms within the objective function and constraints. The multi-variable objective function 
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aimed to maximise product titre and integral viable cell density, minimise inhibitory 

components including the integral osmolality, the integral extracellular concentration of 

lactate, and minimise the total volume of glucose fed. Constraints were chosen loosely to 

ensure feasibility and help the optimisation converge to the true global optimum. This risk is 

especially prominent when utilising a non-linear model during model predictive control. As 

such the manipulated variable, the volume of glucose fed at each feed interval, was loosely 

constrained. In addition, the only other constraints were on the lower bound of the extracellular 

concentration of glucose to minimise model extrapolation, and the upper bound of osmolality 

to prevent hyperosmotic conditions. 

During experimental studies, the opportunity to demonstrate advanced process control 

strategies during a severe operating error arose whereby reactive scheduling and model 

predictive control were deployed. Following this, open-loop optimisation and model predictive 

control were demonstrated during normal operation. All process control strategies, including 

manual glucose feeding, were compared. 

During instances where the model was deployed online, there are clear examples showcasing 

how the improved utilisation of available data can allow for improved model prediction 

capability. In detail, by using one-step ahead predictions plant model mismatch is reduced. 

Because of this, more informed decision-making can take place. Although in some process 

variables, in particular product titre, despite an improvement in model predictive control 

compared to open-loop optimisation, there was no improvement in product titre when 

comparing model predictive control to manual glucose feeding. However, results show that 

model predictive control could improve process robustness by accounting for plant model 

mismatch and achieving close to identical product titre. In addition, when deploying model 

predictive control, viability was higher, the dead cell concentration was lower, and levels of 

lactate dehydrogenase were lower, thus cell lysis is assumed to be lower (Chan et al., 2013; 

Klein et al., 2015; O’Mara et al., 2019), therefore host cell protein content may also be lower 

(Tait et al., 2012). The effects of this should have marked improvements downstream where 

reduced purification efforts to achieve the same product quality may be possible. Overall, 

model predictive control employed an economic multi-variable objective function, and 

showcased a balanced performance, and the best setpoint tracking performance in terms of the 
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weighted mean percentage error, therefore paving the way for more ambitious control 

objectives to be included in the future. 

Regarding future research, firstly, these results clearly contrasted the poor performance of the 

model whilst extrapolating versus when utilised closer to the conditions at which it was 

structured and modelled within. At present, the model is used as a “digital shadow” solely to 

predict future outcomes based on changes in the states. Because of the limited data used during 

model-building, it is challenging to obtain an accurate and robust model. Along with increased 

experiments, an improvement to the current method may be to use an estimator to predict the 

process outputs more accurately. Failing this, the model may be used within a “digital twin”. 

Here the model itself would be passed through an online re-identification algorithm either to 

update process parameters or model structure based on newly available data. Secondly, to truly 

evaluate model predictive control strategies, the type of model used should be varied 

(mechanistic, hybrid, data-driven) whilst keeping all other decisions identical (e.g., objective 

function, scale etc.). To further improve the robustness of the process control strategy there are 

several possible paths of continuation. To minimise uncertainty created by perturbations in 

initial conditions, future research could include the similar deployment of advanced process 

control within the seed train which in prior process control studies was shown to have a notable 

impact on final process performance (Gagnon et al., 2011). To minimise uncertainty due to 

parameter selection, multi-stage optimisation could be utilised within model predictive control 

whereby rather than a set of parameters defined prior to optimisation, a range of parameters are 

defined in which the true value may be as well as minimising uncertainties arising. Finally, to 

minimise uncertainty due to process noise, data smoothing algorithms could be used to alleviate 

this e.g., Savitzky-Golay filters. 
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Chapter 6 Conclusions and Further Research 

Current process development workflows for fed-batch CHO cell cultures rely heavily on 

laborious and costly experiments to derive suitable processes and operating conditions. Once 

these conditions are defined, the predominant method for process control is to use regulatory 

control of base conditions (e.g., pH, temperature) using predefined setpoints. Importantly, the 

control of key performance indicators is performed in an open-loop manner e.g., using a 

predefined batch recipe to achieve a desired product titre. Advances in process modelling of 

fed-batch CHO cell cultures have opened the opportunity to apply advanced model predictive 

control strategies. Meanwhile, models can also be used to significantly cut costly and timely 

experiments by using in-silico tools to design improved processes. However, model 

development remains challenging due to the expense of acquiring data, and in general the 

highly manual nature of elucidating the process dynamics of fed-batch CHO cell cultures. 

Another challenge in the implementation of model predictive control relates to the difficulty in 

access to real-time data. In this respect, there is a general lack of process analytical technology 

especially that which is available online. During operation, process measurement remains 

highly intricate, and the following issues are common: (a) missing data, (b) data measurements 

at differing times, (c) erroneous data due to mis-calibrated instruments, or (d) measurements 

with large variances. Therefore, when designing model predictive control strategies care must 

be taken to ensure that any modelled variables are paired with a reliable method of real-time 

feedback. In general, there are not only few experimental demonstrations of model predictive 

control applied to fed-bath CHO cell cultures, but even fewer that place focus on the design 

and justification of the control strategy. In summary, this thesis aims to bridge this gap in the 

modelling and control of fed-batch CHO cell cultures. 

In Chapter 2, a literature review was presented highlighting how automation-enabling 

technologies could advance process development and manufacturing of biopharmaceuticals. 
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Specific emphasis was placed on reviewing modelling workflows that exist in literature 

including mechanistic, hybrid, and data-driven methodologies. The highlights and pitfalls of 

each were shown with relevant literature. In addition, the importance of tight control of 

upstream biopharmaceutical processes along with the research gaps present in developing a 

controller that guarantees process performance and robustness. A key focus was placed on the 

research in open-loop optimisation versus the limited research in closed-loop control strategies. 

Further, the effects of process variables on mammalian cell growth and metabolism were 

discussed with methods from the literature reviewed. Finally, various computational tools were 

summarised including applications of sensitivity analysis and in-silico optimisation to control 

key performance indicators including cell growth and productivity. Following Chapter 2, an 

overview of the materials and methods used in this thesis was given in Chapter 3. 

In Chapter 4, a mechanistic modelling workflow was demonstrated using an industrial CHO 

cell line describing CHO cell growth and metabolism. Initially, three fed-batch CHO cell 

culture experiments were performed in 2L bioreactors. Following this, an automated script was 

developed to enable efficient data analysis of experimental data. Future use of this is expected 

to allow for in-depth real-time data analysis e.g., real-time PCA, or teal-time DoE. A design 

feature of the workflow presented was in the selection of metabolites and variables to include 

within the model whilst preventing reliance on variables that are not significantly influential 

on the process output. In doing so, one can reduce reliance on excessive process monitoring 

equipment and the minimise logistical efforts attached to building data flows. If process 

variables are included unnecessarily, this could increase the complexity of the parametrisation 

problem where more degrees of freedom are introduced that do not significantly influence the 

output. Following the initial selection of a model structure and set of parameters, sensitivity 

analysis was deployed to test which parameters could be fixed, and which parameters the model 

was sensitive to thus may require re-tuning upon receipt of new data. Overall, a key 

achievement was made in demonstrating the power of mechanistic models during instances of 

low data availability, using just three experiments to build a model that was later deployed in 

real-time under experimental conditions different from those which the model was 

parameterised upon. 



 

159 

In Chapter 5, sensitivity analysis was employed to aid the design of a novel process controller. 

Here in-silico studies were performed each with varying glucose concentrations added on each 

of the days of the culture. The bounds for the sensitivity analysis were set such that the 

maximum volume of glucose fed was within the conditions which the model was validated 

within, whilst also preventing over-feeding of glucose by setting the minimum volume to zero. 

The results of this sensitivity analysis allowed for insight into which variables may be 

challenging to control in relation to each respective day of glucose feeding. It was revealed that 

product titre and cell concentration appeared to be particularly challenging to control during 

late-stage cell culture. In addition to the sensitivity analysis, in-silico dynamic optimisation 

was also performed by testing a range of objective functions. Ultimately, a multi-objective 

function was chosen on the basis that this will guide the process to success across multiple 

variables, whilst also providing the opportunity to simultaneously achieve high product titre, 

reduce by-product accumulation, and minimise inputs. The final objective function was then 

implemented into a model-predictive controller and tested experimentally at the same scale as 

the model-building experiments. Here, the process inputs were determined in real time in a 

closed-loop manner. Initially, an operating error occurred that caused a significant process 

deviation. This allowed the opportunity to test whether an advanced process control strategy 

can recover a process and prevent complete batch failure. However, in this case, it was difficult 

to ascertain the benefit of model predictive control, albeit this comparison was prone to 

limitations discussed below. Following this, a successful experiment was performed where 

here model predictive control demonstrated superior performance against open-loop 

optimisation, showing robustness with respect to product titre, increased viability, and a 

reduction of by-products compared to manual feeding and open-loop optimisation.  

6.1 Main Contributions 

Across industry, there is a growing interest towards enabling process automation. However, 

the challenges in modelling and control of fed-batch mammalian cell cultures inhibit progress 

towards this goal. The overall motivation of this thesis was to advance methods of process 

modelling and control of mammalian-based cell cultures to enable progress towards process 

automation within upstream biopharmaceutical processing. To that end, this thesis has 
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demonstrated how modelling and advanced process control may allow for simultaneous 

improved process robustness and performance. The contributions of the work presented herein 

and relevant conclusions are listed below: 

1. Three different manual glucose feeding methods were tested experimentally to compare 

the effects on a fed-batch CHO cell culture with respect to product titre, by-product 

formation, growth, and productivity.  

2. A mechanistic modelling workflow was demonstrated to produce a model describing 

CHO cell growth, metabolism, and osmolality. Relative to many existing modelling 

workflows in literature, here a conscious effort was made to ensure the model could be 

deployed in real-time. To do so, a simplified metabolism was formulated by defining 

logic to minimise the number of metabolites modelled thus reducing process 

monitoring requirements. Specifically, all modelled process variables can easily be 

measured using widely available technologies whilst a key performance indicator, 

product titre, can be predicted with suitable accuracy. The modelling framework 

demonstrated may be a valuable tool towards future automated modelling of 

mammalian cell cultures. Building models more efficiently could enable computational 

methods such as process optimisation to be deployed more easily for process 

development whilst reducing reliance on extensive lab-based methods. In doing so there 

is an opportunity for reduced cost or faster process development timelines. 

3. Sensitivity analysis was used to predict how product titre, cell viability, osmolality, and 

extracellular concentration of key metabolites are affected by the variation in volume 

of glucose fed according to a fed-batch schedule. In this thesis, results showed that the 

product titre and cell density were not sensitive to variations in glucose feeding strategy 

during late-stage cell culture. However, extracellular lactate concentration and 

osmolality were sensitive to variation in glucose feeding across the cell culture, both of 

which were previously linked to reduced product titre. As such, the latter two variables 

were also included as controlled variables. A similar workflow can be used to develop 

increased process understanding, increased understanding into the behaviour of the 

model, and in general for the design of model-based control strategies.  

4. In-silico model-based dynamic optimisation was performed to test a series of objective 

functions to maximise product titre, maximise cell density, minimise by-products, 
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prevent hyper-osmotic conditions, and/or minimise the amount of feed. This can be 

used in future to predict process performance. 

5. A novel method of minimising lactate formation during fed-batch cell culturing was 

proposed whereby the integral of the extracellular concentration was minimised. This 

was performed as solely minimising end-point extracellular concentrations of lactate 

may not prevent exposure to excessive concentration during the process, although this 

remains to be thoroughly validated. Meanwhile minimising the extracellular 

concentration of by-products at the next time step may inadvertently reduce growth, 

although again, this remains to be thoroughly validated. The endpoint value of the 

integral of the extracellular concentration was instead proposed as a measure of overall 

exposure to lactate. This same method was also applied to reduce exposure to 

osmolality throughout the course of the process. Similar approaches could be used to 

minimise exposure to other by-products instead of solely minimising the measured 

concentration. 

6. For the first time in literature, a mechanistic model was deployed experimentally within 

a model predictive controller for closed-loop control of product titre during fed-batch 

CHO cell culturing. In this thesis, it is shown how mechanistic models can be developed 

during instances of low availability, and as such model predictive controllers can also 

be developed during low data availability. This is expected to be especially useful when 

not only predicting the performance but also controlling fed-batch CHO cell cultures 

during operation in new process conditions.  

7.  For the first time in literature, model predictive control was used experimentally for 

closed-loop control to minimise exposure to extracellular lactate concentration and 

simultaneously control product titre during fed-batch CHO cell culturing. In addition, 

exposure to excessive osmolality was also controlled whilst process inputs were 

minimised. This thesis shows how advanced process control could be utilised to 

simultaneously achieve multiple benefits. For example, minimising by-products may 

lead to secondary effects e.g., improving product quality or reducing downstream 

processing costs. In addition, simultaneously minimising inputs could lead to the 

inclusion of sustainability metrics and thus more sustainable processes with reduced 

costs economically and environmentally. 
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8. Open-loop optimisation was tested experimentally using the same objective function as 

used during model-predictive control. Here a set of control inputs was defined prior to 

process operation and during normal operating conditions performed worse than using 

closed-loop control. This could indicate that there are further improvements to be made 

using closed-loop control specifically where previous research has solely tested open-

loop optimisation. 

9. Finally, open-loop optimisation, manual feeding, and closed-loop model predictive 

control were all compared following experimental demonstration during normal 

operating conditions. Further, an operational error allowed the opportunity to test the 

limits of advanced process control. This is one of few studies to compare advanced 

process control experimentally to such a range of control strategies on the same fed-

batch CHO cell culture. Further, the underperformance of advanced process control 

during an operational error relative to other control methods demonstrates a clear need 

for further research to ensure that, given the potential cost of implementation of model 

predictive control, there is a clear, consistent benefit. 

6.2 Limitations & Future Research 

The work within this thesis exhibits limitations thus an opportunity for further research 

avenues. These can be segmented into (a) improvements to the mechanistic model and 

modelling workflow, and (b) improvements to the process controller including process control 

strategy, and process control algorithm. In the following section, these are presented alongside 

additional ideas for improvements. 

6.2.1 Improvements to the Mechanistic Model 

An ambitious overall aim would be to move towards automated mechanistic modelling and/or 

highly generalisable models. However, this requires significant advances in both understanding 

and the development of mechanistic modelling workflows. In this thesis, a workflow was 

demonstrated resulting in a model that accurately predicts a fed-batch CHO cell culture within 

a fixed set of conditions. Only the logic to derive a growth rate equation was showcased 

whereby limits were set on linear regression parameters to aid the selection of inhibitory and 
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limiting metabolites. Even so, this alone failed to identify a growth rate equation using the 

measured metabolites alone. Instead, previous expertise was drawn upon to include osmolality 

within the growth rate equation. In part, this was due to an obvious limitation linked to the lack 

of process data, especially of other potentially influential metabolites. 

Challenges in obtaining data during mammalian cell culturing are common and include (1) a 

lack of different experiments performed, (3) a lack of repeat experiments performed, and (3) a 

lack of process measurements obtained e.g., of other metabolites. On the first point, in other 

process industries, it is common that when building process models, experimental data is 

segmented into training data, testing data and validation data. However, in this thesis, the lack 

of experiments performed meant the data was not segmented and instead the model was 

assumed to be valid based on its fit to experimental training data. For mammalian cell culturing, 

this is not uncommon and is in part because of the large costs and efforts associated with 

experiments. Such costs are particularly prohibitive past flask scale including those within this 

thesis performed in a single-use bioreactor. Here, the preparation required for running a single 

set of experiments extends well beyond the batch period which in this thesis was fixed at 15 

days. For example, the main goal prior to operation is to prepare a sufficient seeding density 

which in this thesis was sourced using flasks and rocked bag reactors. Further, complexities 

associated with the hardware can also increase with scale and require increased preparation 

e.g., to perform sterilisation. As scale increases, the potential cost and time required for the 

inoculum or seed train may also increase. With this, there may be more opportunities for 

contaminations to delay production, albeit with increased scale comes increased safety 

measures. To prevent complete batch loss, sub-cultures were scaled up in parallel rather than 

in series and combined once contamination was ruled out. That said, this can increase process 

costs due to the requirement for more equipment. 

Overall, in this work, the lack of experiments was addressed using a mechanistic model which 

was able to predict the experimental data with sufficient accuracy. Aside from performing 

increased experiments, future work could segment individual data points within experiments 

into training data, testing data and validation data. Here, care should be taken to prevent bias. 

For example, results within this thesis indicate that the prediction of viable cell density during 

the death phase is more challenging than during the growth phase. With this, validation using 
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data taken only during the growth phase could mislead any corresponding assessment of model 

validity across the entire cell culture. To automate mechanistic modelling, a generalisable and 

fair method of data segmentation should be built into any future automated workflow. 

Importantly, the kinetic model developed in this thesis was only for a specific cell line, utilised 

during fed-batch cell culturing, with variation only in the volume of a fixed concentration of 

glucose further constrained to a fixed feeding schedule. To gain a better understanding of the 

cell behaviour and produce a more generalisable model, a wider range of process conditions 

should be tested. Alternatively, rather than producing a single highly generalisable model, 

adept at predictions across all conditions using a single structure and set of parameters, it may 

be more suitable to have a set of model structures or parameters that are dependent on process 

conditions. However, the goal of developing a generalisable modelling workflow would still 

apply and help reduce model development timelines. In particular, the latter would be widely 

useful given the variation in cell metabolism that can occur across CHO cell lines. 

As well as the lack of different experiments, the limited opportunity to perform experiment 

repeats inhibits thorough analysis to determine if each experiment was statistically significantly 

different. For example, the calculation of p-values is inherently sensitive to sample size 

therefore the more repeats that are conducted the greater the likelihood that significance, or 

lack of it, can be confidently characterised. Clearly, as was the case in this thesis, this must be 

mitigated against the risk of insufficient experimental exploration and testing considering the 

associated high costs. Moving forward, statistical significance should be included within an 

automated modelling workflow to determine whether experimental training data is statistically 

significant between experiments. This can be combined with statistical measures presented in 

this study to identify differences between experimental training data and model predictions 

including R2, PCC, and RMSE. Finally, improvements and wider deployment of PAT could 

also lead to more accurate measurements of process variables, enabling reduced measurement 

variance and allowing differences between experiments to be more easily observed, 

mechanisms elucidated, and subsequently modelled with higher confidence. 

With increased process measurement capabilities also comes the opportunity to improve 

modelling capabilities, model validation, and process control development. For example, in 

this thesis, only widely deployed and available measurements were taken that included just five 
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metabolites. As such, it is accepted this is likely to approximate the cell metabolism only 

loosely. Instead, improved PAT may lead to more frequently available process measurements. 

The benefits of this could include (1) an increased ability to validate process mechanisms, (2) 

an increased ability to build more accurate or generalisable process models, and (3) an 

increased ability to design more effective operating strategies. Aside from improved PAT, steps 

to validate the mechanisms within the model could include using flux balance analysis. In doing 

so, the role glucose plays across the cell’s metabolism during the specific process operated 

within this thesis could be revealed and validated against the existing mechanistic model. 

Apart from the limitations derived from experimental data, or lack of, there is room to explore 

the model structure further. In this thesis, a mechanistic model was built prioritising its ease of 

online application via the careful selection of major and minor metabolites whilst also aiming 

to prevent over-parameterisation. However, the development of a hybrid structure could also 

be compared. Hybrid modelling is growing increasingly popular throughout literature and can 

offer superior performance in predicting lesser-known mechanisms. A major drawback is that 

data-driven aspects of process models generally require more extensive datasets to train 

whereas mechanistic models can be built from few experiments as shown in this thesis. As 

such, this might be more relevant for industrial research. Even so, an automated modelling 

workflow could implement logic for structure selection that could include mechanistic 

equations as well as data-driven aspects. In addition, there has been interest in other process 

industries in probabilistic modelling approaches where model outputs are represented by a 

distribution e.g., using Gaussian processes. This could be an interesting avenue to explore for 

CHO cell culturing due to the high degree of uncertainty that exists in the process. Bringing 

this together, an automated modelling methodology would not be constrained to only 

mechanistic modelling or only hybrid models, there are instances where each is appropriate or 

feasible. 

The selection of model parameters represents one of the major challenges during mechanistic 

modelling. Careful systems analysis is required to ensure parameters are biologically relevant. 

Meanwhile, these can vary depending on the cell line and process conditions. In addition. the 

parameterisation problem can be highly non-linear and non-convex making the search even 

more challenging, with a risk of falling on a set of parameters that are only a local optimum. 
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Finally, the effects of overparameterization are well described in literature. In this thesis, a 

warm start was used for parameters to drive them towards their true, yet uncertain value. 

Further, the number of parameters was minimised indirectly via careful selection of only 

important metabolites, which also meant a reduced amount of process sensor technology. 

However, further research could focus on integrating the explicit minimisation of parameters 

within an automated workflow for mechanistic models.  

Lastly, with regard to the process model, there has been significant interest across process 

systems engineering in the development of digital twins. At present, the model is used as a 

“digital shadow” solely to predict future outcomes based on changes in the states. However, an 

improvement is anticipated if the model were to be used as a “digital twin” with self-tuning. 

Here the model itself would be passed through an online re-identification algorithm either to 

update process parameters or model structure based on newly available data. This could be 

especially promising in instances where the model has been designed with low data to begin 

with, but an advanced process control method is required. Here model robustness could 

increase simultaneously while the process is being controlled. The challenge here will be 

producing a generalisable workflow that will contain suitable model validity checks for the 

updated parameter set and/or structure. 

6.2.2 Improvements to the Process Controller 

Given that as far as the author is aware, this is the first application of a mechanistic model 

within a model predictive controller to control productivity and other variables during fed-

batch CHO cell culturing, there is a significant amount of further exploration possible when 

using advanced process control for CHO cell culturing. Clearly, further experiments need to be 

performed to increase confidence in the current results. A similar discussion was made above 

regarding more data required to further determine the statistical significance, or lack of, of the 

various process controllers presented in this thesis. Another intuitive limitation is that in this 

thesis, there was rigidity in the feeding schedule available. This includes the frequency of feed 

during the feeding schedule which was set to a maximum of once a day to allow for a fair 

comparison to the current status quo in industry, manual bolus feeding of glucose. In addition, 

the amount of feed inputs available to manipulate was limited to only glucose. Although this 
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greatly simplifies the modelling process and implementation experimentally, it also greatly 

limits the ability to influence the process. This could explain why no significant increases in 

product titre were made compared to manual control, rather the controller enabled robustness 

in meeting the maximum achieved product titre. At present, the remaining feed components 

are generally fed in a pre-made feed of fixed composition. In future work, it is of great interest 

to manipulate the individual components within for control of the process. A challenge would 

certainly be to ensure the model could describe the addition of any of the other components 

that aren’t otherwise fixed. Similarly, also ensuring the process analytical technology available 

was appropriate to provide feedback for advanced process control. 

Elsewhere, to truly evaluate model predictive control strategies, the type of model used should 

be varied (mechanistic, hybrid, data-driven) whilst keeping all other decisions identical (e.g., 

objective function, scale etc.). This could unlock further improvements in control, especially if 

more accurate or robust models were tested. But it also presents the question of what the 

minimum model performance required is for it to be deployed within a model predictive control 

strategy. This is especially the case if more frequent process measurements and more frequent 

control actions could be taken and therefore shorter prediction horizons were required. 

Alternatively, models that utilise all data more effectively should be considered. For example, 

recurrent neural networks could be used to predict process outputs using the full historical time 

series available rather than solely the most recent measurement. 

In general, fed-batch CHO cell cultures exhibit large degrees of uncertainty within the process. 

There are a range of methods that could be tested in the future to enhance the proposed methods 

in this thesis. To minimise uncertainty created by perturbations in initial conditions, future 

research could include the similar deployment of advanced process control within the seed train 

which in prior process control studies was shown to have a notable impact on final process 

performance (Gagnon et al., 2011). To minimise uncertainty due to parameter selection, multi-

stage optimisation could be utilised within model predictive control whereby rather than a set 

of single parameters being defined prior to optimisation, a set of parameter ranges are defined 

within which the true value may be. Elsewhere, to minimise uncertainty for example stemming 

from instrumentation error, data smoothing and soft sensor algorithms could be used to 
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alleviate this such as Savitzky-Golay and Kalman filters. This may allow for improved 

controller performance if the controller is informed by a truer value. 

Other research could focus on the objective function, in particular testing whether the in-silico 

dynamic optimisation results for each scenario tested within this thesis are reflected 

experimentally. Further variations could also include having a time-dependent objective. For 

example, during the lag and log phase of cell growth, growth could be maximised. Following 

this in the stationary phase of the cell culture, productivity could be maximised whilst cell death 

is minimised to extend the batch duration. Alternatively, batch duration could be directly 

optimised to maintain a productive cell culture for longer or reach a target product faster. 

Finally, model predictive control is not the only advanced process control strategy to exist. In 

this thesis, economic model predictive control was particularly appealing as it focuses solely 

on optimising the endpoint values. Yet there is certainly scope in testing the performance of 

other control methods including reinforcement learning which has demonstrated success in 

other fed-batch bioprocesses.  

6.3 Concluding Remarks 

Overall, the results presented in this thesis have contributed to the modelling and control of 

monoclonal antibody production processes. The computational work combined with 

experimental testing has also allowed for a realistic representation of the challenges that are 

present during upstream biopharmaceutical processing. Finally, the workflows proposed could 

enable reduced process development timelines, whilst achieving high performance, robust 

process, and potentially lowering the cost of process development or event manufacturing. 

Achieving this will create more sustainable processes, with lower environmental impacts whilst 

even increasing accessibility of biotherapeutics due to reduced costs. 
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