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RESUME

La pandémie de SARS-CoV-2 a représenté un défi pour I'industrie biopharmaceutique,
nécessitant une production rapide de thérapeutiques tout en respectant des directives de
fabrication strictes et des profils de sécurité. Dans ce contexte, les pools cellulaires se sont
révélés prometteurs en raison de leur capacité a produire des composés thérapeutiques dans
des délais réduits. Cependant, ces plateformes novatrices présentent des inconvénients. Par
conséquent, une meilleure compréhension et optimisation sont nécessaires pour en faire
une alternative viable. Cette these se concentre sur l'identification du suivi et du contrdle
des variables critiques dans la production de la protéine de spicule du SARS-CoV-2,
permettant ainsi le développement d'un processus de production robuste. Pour y parvenir,
des techniques d'analyse de données multivariées (ACP et modélisation par apprentissage
automatique) ont été appliquées pour comprendre les tendances globales au sein d'un
ensemble de données de développement précoce du processus de pools cellulaires CHO
produisant la protéine de spicule du SARS-CoV-2. A partir d'une solide compréhension
qualitative, des modifications du processus ont été tentées pour optimiser la production de
la protéine de spicule du SARS-CoV-2, ce qui a entrainé une plus grande longévité, une
diminution de I'accumulation de lactate et une augmentation du rendement en titre. Enfin,
dans le cadre de l'initiative PAT, un capteur logiciel multivarié est proposé pour le suivi de
I'accumulation des déchets métaboliques, de la croissance cellulaire et de la production de
la protéine de spicule du SARS-CoV-2. Cette approche de prédiction a un pas en avant des
résultats de culture tout au long du processus de 17 jours d'alimentation en lots s'est avérée
utile pour suivre des variables difficiles a déterminer, comme la protéine de spicule, qui
dépendent d'analyses en fin de processus pour quantifier le rendement (gels semi-
quantitatifs ou Elisa). Ce travail démontre en général I'importance de I'analyse de données
multivariées et de lI'apprentissage automatique dans le développement de plateformes de
production de bio-pharmaceutiques, ainsi que dans le développement de nouvelles

technologies de capteurs en phase avec les initiatives PAT.



ABSTRACT

The SARS-CoV-2 pandemic represented a challenge to the biopharmaceutical industry as
fast paced production of therapeutics was needed while still maintaining the strict
manufacturing guidelines and safety profiles. Within this context, cell pools have shown
promise for their capacity to produce therapeutic compounds with reduced timelines.
However, these novel platforms have their drawbacks. Consequently, increased
understanding, and optimization is needed to make them a viable alternative. This thesis
centers around identifying monitoring and controlling critical variables in the production
of SARS-CoV-2 spike protein that allows for the development of a robust production
process. To achieve this, multivariate data analysis techniques where applied (PCA and
machine learning modeling) to gain an understanding of the global trends within an early
process development dataset of CHO cell pools producing SARS-CoV-2 spike protein.
From strong qualitative understanding, proposed process changes are tried in the
optimization of SARS-CoV-2 spike protein production that resulted in increased longevity,
decreased lactate accumulation and increased titer yield. Lastly, within the context of PAT
initiative a multivariate soft sensor is proposed for the monitoring of metabolic waste
accumulation, cell growth and SARS-CoV-2 spike protein production. This approach of
one-step-ahead prediction of culture outcomes across the 17-day fed-batch process proved
useful in tracking hard to determine variables, like the spike protein, which rely on end of
process analytics to quantify yield (semi quantitative gels or Elisa). This overall work
shows the important role multivariate data analysis and machine learning has in the
development of biotherapeutic production platforms as well as developing novel sensing

technologies in keeping with PAT initiatives.

Vi
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CHAPTER 1 INTRODUCTION

Research Problem

Currently mammalian cell lines like Chinese Hamster Ovary Cells (CHO) are the industry
standard for antibody production because these organisms can be adapted to produce the
protein of interest through various transient or stable gene expression strategies.
Developing stable cell lines can often be a time-consuming process that requires numerous
screening procedures to differentially select the best behaving cell population. This can
clearly be an issue if the desired bio-therapeutic product is urgently needed as a response
to a rapidly changing public health crisis, such as the one caused by the SARS-CoV-2
pandemic. Therefore, mammalian cell pools have been considered an alternative option to
developing bio-therapeutic production processes that do not require several months of
screening and selection experiments. Such cell pools, although not as homogenous in cell
population as a cell line, can be employed to produce target proteins on a large scale.
However, usually such cell pools are strongly affected by culture age, meaning with
increasing age, target protein expression productivity is significantly diminished.
Consequently, for cell pools, the production phase needs to start as soon as the cells have
been adapted to suspension to maximize protein yield. It is thus clear that not only does
the production phase need to start as soon as possible but it must also be highly optimized
for the cellular pool to mitigate the inherent disadvantages that cell pool protein production
has when compared to cell line protein production. The proposed work centers around the
optimization of a CHO cell pool developed at the Human Health Therapeutics Research

Center (NRC) in Montreal that can produce the SARS-CoV-2 spike protein, which has a



wide range of applications including but not limited to novel therapeutics, clinical
diagnostics, and subunit vaccines. Importantly, the metabolic networks of mammalian
cells are highly dependent on process conditions and un-optimized process parameters, or
un-optimized feeding strategies can generally cause overflow metabolism in which
inhibitory by products are accumulated within the reactor causing the cells to lose viability
and productivity. To develop said strategies it is of paramount importance to identify how
variables relate to each other in historical datasets and how protein production is impacted
by key metrics for the newly developed CHO pools. Consequently, this work aims to create
a framework in which historical bioprocessing datasets can be evaluated through multiway
principal component analysis to understand relationship among variables. Consequently,
protein production can be modeled and analyzed to identify possible strategies during the
process development stage that can improve upon the yield of recombinant protein.
Additionally, within the context of process analytical technologies for process monitoring
of mammalian cell culture the development of a soft sensor capable of one step ahead
prediction of metabolic activity (lactate accumulation, glucose consumption, ammonia

accumulation) and recombinant protein production is detailed.

Hypothesis and Objectives

The overall objective of this work is to identify, monitor and control critical variables in
the production of SARS-CoV-2 spike protein that allow for the development of a robust

production process. To attain this objective the following specific objectives were defined:

1. Multivariate analysis of historical bioprocessing records of SARS-CoV-2spike

protein production to understand global trends within the production platforms.



2. Modeling and interpretation of endpoint protein production with respect to key
metrics utilizing nonlinear regression techniques.

3. Transfer historical process to a new bioreactor system and improve yields by
optimizing aeration, feeding and dosing strategies.

4. Develop a multivariate soft sensor capable of one-step-ahead predictions of
mammalian cell growth, lactate accumulation, ammonia accumulation, glucose

consumption and titer.

Thesis Structure

Following this introduction, chapter two provides a detailed literature review regarding
mammalian cell metabolism, cell pools, inducible systems and the link between nutrients
waste and protein production. Quality by design strategies for the purpose of identifying
design spaces (processing conditions) are detailed. Additionally, the process analytical
technologies initiative is discussed as a framework to allow for improved monitoring of
biotherapeutic processes. Industry standard and state of the art sensor technologies for these
tasks are reviewed as well as the development of soft sensors which arise from the
deconvolution of numerous data sources that can then be indirectly related to hard to
determine variables. Chapter three covers the article titled “Multivariate data analysis
(MVDA) of factors affecting the growth and productivity of stable CHO cell pools
expressing SARS-CoV-2 spike protein in early process development” in which
multivariate analysis of a historical bioprocessing record is detailed as well as the modeling
of endpoint titers for process understanding. Chapter four encompasses the article titled

“CHO Stable pool fed-batch process development of SARS-CoV-2 spike protein



production: impact of acration conditions and feeding strategies” in which optimization of
aeration strategies coupled with optimization of feeding regimen led to an improvement of
spike protein production when compared to historical averages as well as experimental
controls. Chapter 5 titled “A recurrent neural network for soft sensor development in CHO
cell pools in fed-batch process for SARS-CoV-2 spike protein production” details the
development of a data driven soft sensors capable of realizing one step ahead predictions
of metabolic variables (lactate accumulation, ammonia accumulation, glucose
consumption) and protein yield by relying on easily accessible online process data (oxygen
sparged, carbon dioxide sparged, pH, temperature, dissolved oxygen level, integral of
dissolved oxygen, base addition). Chapter six provides a general discussion of the results
obtained in each chapter and the interrelation among them as well as future work that can
be undertaken. Finally, chapter seven presents the main conclusions of the thesis and its

accomplishments.



CHAPTER 2 LITERATURE REVIEW

Biopharmaceutical Industry

The worldwide biotechnology market in 2023 was estimated to be worth near 1.3 trillion
American dollars 1. From this market cap, an important portion was estimated to belong
exclusively to the biopharmaceutical industry 2*. This fast-growing segment of the global
biotechnology market is expected to be worth close to half a trillion dollars by 2025 alone
®. Within this market, the important value-added products include, growth and coagulation

factors, hormones, monoclonal antibodies, vaccines, among others “.

Interestingly, monoclonal antibodies represent the most dominant segment of the
biopharmaceutical market, given that they are used in the treatment of various chronic
illnesses, like cancer and auto immune diseases °. With this in mind, increased R&D output
has the potential to enlarge the market share of monoclonal antibody (mAb) manufacturing
48, It must be noted that while global bio-pharmaceutical industry comes of age, patents of
FDA approved biologics will become void. Consequently, non-brand companies can begin
to produce generic versions of said biotherapeutics in the form of biosimilars. Such

biosimilars are analogous to generic active compounds in the pharmaceutical industry %7

It must be recognized that the SARS-CoV-2 pandemic has acted as a stimulant for advances
in the biopharmaceutical industry given that a large number of biopharmaceutical
compounds have been generated in order to tackle the global pandemic 4. Importantly,
within these products, monoclonal antibody treatments and novel vaccine platforms are

included 811,



Mammalian cells, which is the organism of choice in the manufacturing of antibodies and
other complex molecules, have historically yielded low protein titers. Mammalian cell
culture has added manufacturing complexity when compared to microbial organism given
that these cells are shear sensitive to both sparging and mixing, Additionally, complex
media additives need to be added to demonstrate optimal growth . Importantly, thanks to
advances in process development as well as cell line engineering, antibody production has
increased to yields as high as 10 g/L-15 g/L in fed-batch mode which represents orders of
magnitude increase to a few decades ago ®'?3, As a direct consequence of expanded
production capacity, 570 therapeutic mAbs have been tested for phase I-111 clinical trials
by bio-pharmaceutical organizations °. Of the total mAbs evaluated, 79 antibodies have
been approved for commercial use by the Food and Drug Administration (FDA) °. Given
that in the time between 2008 and 2021, 60% (48 out of 79) of the total approved mAbs
have been created. Thus, it can be argued that increased understanding of mammalian cells
as biopharmaceutical production platforms has directly increased mAb manufacturing
capacity and capability. This is especially true when one considers that the first FDA

approved antibody for human use was released in 1986 (1gG2a CD3) °.

Given this sustained industry growth, the FDA established Quality by Design (QbD) and
Process Analytical Technologies (PAT) initiatives to guide the biopharmaceutical industry
towards better efficiency while maintaining maximum process safety within a timely
manner. Additionally, because lot-to-lot variation routinely indicated that standard
procedures were not as robust as previously thought 417, The FDA created an initiative,
titled “current Good Manufacturing Practices (cGMP) for the 21st century” 6. This

initiative placed emphasis in a Quality by Design approach rather than counting solely on



quality control through batch testing . Quality by Design is a scientific, risk-based,
approach that requires defining and identifying Critical Quality Attributes (CQA) of a

therapeutic compound as well as characterizing a relevant design space .

Mammalian Cell and Metabolism

Mammalian cell metabolism during a culture process changes depending on substrate
availability and other environmental parameters. In brief, mammalian cells use carbon
and/or nitrogen as energy sources. As such, mammalian cell metabolism can be either
oxidative in nature or glycolytic 2. When acting via the glycolytic pathway, glucose is
exhausted at high rates almost exclusively producing lactate as a by-product. Importantly,
here only two adenosine triphosphates (ATP) are produced (see Figure 2.1). Lactate is
generated from the conversion of pyruvate to lactate thanks to the lactate dehydrogenase
(LDH) enzyme % This transformation of pyruvate into lactate (through NADH
oxidation) restricts the total oxidation potential of glucose to carbon-dioxide and water,
through the oxidative pathway 18-2°. Consequently, this lactate accumulation creates a net
carbon flux removed from the Krebs cycle also known as the tricarboxylic acid cycle
(TCA). This flux diminishes energy generation and in lieu permits for the energy source to
be employed in biomass formation. This phenomenon is routinely noticed in cancerous
cells; therefore it’s designated as Warburg effect 12122 In cancer cells, because of their
unique characteristic of increased undifferentiated growth, the magnitude of the glucose
uptake rate is usually orders of magnitude bigger when paralleled to noncancerous cells

421 Since the mammalian cell lines used in bioprocessing are derived from immortalized



cell lines, it is rational to observe similarities with neoplastic cells regarding their metabolic

behavior 4.

Two ATPs are generated by the main glycolytic pathway which pales in comparison to the
thirty-six ATPs that can be created by the oxidative pathway under aerobic conditions &
20_ As noted previously, the glycolytic pathway yields low energy efficiency. Consequently,
mammalian cells in bioreactors must also employ the oxidative pathway for their net
energy requirements. Importantly, the pyruvate that is created at the completion of the
glycolytic pathway, see Figure 2.1, is the primary substrate into the TCA cycle. Such is the
way that the two central pathways are intimately linked. However, it must be mentioned
that amino acid catabolism can be another relevant substrate source that enters the Kreb
cycle 2% As an ilustration, glutamine is catabolized as an energy source, this catalytic
process generates glutamate and ammonia 2%, Changes in metabolic activity from
glycolytic dominating to TCA cycle dominating can fluctuate during a manufacturing
process and can be guided by manipulating process conditions. As an example, mammalian
cells cultivated in environments with low glucose can upregulate the oxidative pathway
and, consequently, maximize energy (ATP) synthesis in the absence of readily available

glucose 419,
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Figure 2.1. Diagram of the main glycolytic pathway and Kerb cycle.

Mammalian cell metabolism throughout a cell culture process may have sub-optimal
metabolic behavior since the nutrient composition of basal media and supplemental feeds
can lead to the buildup of toxic waste or nutrient depletion 18-2°. Consequently, this causes
substrates to not be fully utilized in the generation of recombinant proteins or cell growth.
As an example, 35-70% of the consumed glucose by cells is redirected into the generation
of by-products *°. This stark inefficiency hints at the presence of bottlenecks in the relevant
metabolic pathways in addition to un-even flux distributions. Consequently, the metabolic

wastefulness can generate waste buildup that directly harms culture outcomes by causing



decline in biomass growth, protein yield, and by adversely altering the product
glycosylation profile 2, Importantly, the accumulation of lactate is the primary toxic
metabolic by product that routinely affects mammalian culture $81°2324 This is because it
has been observed to restrain cell growth as well as promote early apoptosis. It has also
been observed to reduce the protein productivity because lactate accumulation can increase
in osmolality and change the pH of the medium 8. In a Chinese Hamster Ovary (CHO) cell
bioprocess run, two definite states with regard to lactate metabolism has been observed. A
first phase characterized by lactate generation at the beginning of the process as a direct
consequence of glucose uptake and consumption thanks to the glycolytic pathway that is
concomitant to rapid biomass growth, and secondary lactate consumption phase that
follows after the rapid cell growth 8192324 Fyrthermore, an additional third phase has been
noted which is distinguished by co-consumption of glucose and lactate *°. Importantly,
metabolic studies of mammalian cells have been able to establish a link between lactate
consumption and increased titer 2%, It must be noted that the lactate absorption state is
characteristically observed in cultures that have entered a stationary phase during the
growth cycle. Therefore, lactate re-absorption served the purpose of reducing lactate
accumulation in the medium and consequently limit the negative impact on culture
outcomes 8192324 This change between lactate phases is denominated lactate shift and it
is thought to be originated by upregulation. This upregulation causes lactate to be
transformed into pyruvate. Consequently, pyruvate is incorporated into the Kreb cycle.
Alternatively, pyruvate can also be coupled to monocarboxylate transporters (MCT) which

can enter or exit the cell in co-transport with H+ ions *.

10



Apart from lactate other metabolic intermediates have also been known to accumulate in a
cell culture run. These compounds have been identified as citrate, succinate, fumarate, and
malate 1°. This accumulation occurs when the oxidative pathway is activated. Additionally,
this phenomenon has been discerned to happen after the onset of feed addition. Therefore,
hinting at the presence of metabolic bottlenecks 2%, Amino acids are known to play a
relevant role in mammalian cell culture metabolism. Essential amino acids are supplied in
both the basal medium and feed supplements (in the case of fed-batch processes).
Alternatively, some amino acids can be generated de novo through biosynthetic pathways
inside mammalian cells (i.e. nonessential amino acids). Amino acids can aid cell growth
and are key in protein synthesis. At the same time, the catabolism of amino acids promotes
the formation of Kreb cycle intermediates that can be used for energy production 820, |t
must be noted however that once amino acids are supplied in excess to the cell culture,
accumulation of the Krebs cycle intermediates, can cause accumulation of ammonium as a
consequence of transamination and deamination reactions that produce ammonium ions *°.
Generally, ammonia is accumulated as a direct consequence of glutamine breakdown.
Importantly, other amino acids like serine and threonine are also capable of producing
ammonia thanks to transamination/deamination reactions *°. It has been determined that
buildup of ammonia has the potential to negatively impact both biomass growth and final
protein titer and thus limiting this outcome is important 24227, One theory for this
observation is that as the ammonia concentration increases in the medium, it alters the
electrochemical gradient and thus acidifies intracellular compartments. Consequently,
standard enzymatic activity is impaired, which then induces apoptosis %%, Beyond

ammonia and lactate accumulation varying amino acid concentrations at distinct stages of
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the biomanufacturing culture run have also been positively correlated to cell growth
inhibition and cellular death (apoptosis) . For example, asparagine exhaustion has been
observed to decrease cell growth. Conversely, the de novo production of alanine has been
observed to increase ammonium accumulation as well as inhibit the TCA cycle 2°. Excess
addition of lysine has been correlated with cell death. On the other hand, the catabolism of
serine, methionine, leucine, threonine, tryptophan, tyrosine, glycine, and phenylalanine has
been observed to generate intermediates that constrains cell growth %3 Since the
accumulation of intermediates is caused by non-optimally regulated pathways, the
meticulous formulation of defined amino acid concentrations in cell culture basal media
and feed additives can boost both cell growth and titer **3L, It has been observed that during
the protein production phase a metabolic shift occurs such that the citric acid cycle is
upregulated and thus cells are subjected to increased oxidative stress %%, As a
consequence of increased oxidative levels, glutathione is biosynthesized which then
interacts with reactive oxygen species so as to diminish the toxic impact of said oxidative
stress 1°. Due to this, glutathione has been observed to be and adequate marker of
productivity given that it is strongly related to oxidative metabolism which itself is related
to protein production states. >33, Furthermore, it has been observed that the accumulation
of phenylalanine-tyrosine derivatives, prompted by secondary offshoot routes due to the
reduced expression of crucial enzymes in the primary breakdown pathway, can result in
growth suppression. 3. Interestingly, it has been observed that peak specific growth rate
was associated with high lactate production and minimal TCA cycle activity 2%,
Conversely, concomitant to the lactate switch peak growth rates were observed to be

minimal while peak protein production was achieved. Suggesting that a highly oxidative
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state of metabolism corresponded to peak antibody production while a highly glycolytic

state corresponded to peak growth cycles 3233,

Mammalian cell respiration is another relevant aspect of mammalian metabolism, since
oxygen uptake rates (OUR) and carbon dioxide evolution rates (CER) are related to both
cell growth and energy production. Because of this, the oxygen consumed by the cells
during the bioprocessing run can be most comprehensively grasped as a substrate while
the generated carbon dioxide is recognized as metabolic waste. Consequently, dissolved
oxygen (DO) concentration must be constantly supervised and regulated as it plays a
crucial role in sustaining cell viability. Crucially, findings indicate that DO can negatively
affect glycosylation patterns, which are crucial in determining the proteins of interest
pharmacodynamics ®. It must also be maintained within a rational limit given that, high
DO levels can bring about the generation of super-oxides or peroxides, that can be
extremely detrimental to the cell membrane. Consequently, determining the optimal
operating ranges for DO is instrumental for a successful biomanufacturing run . On the
other hand, dissolved CO> (dCO) is rapidly gaining acknowledgement as a critical process
parameter 7. This is in part because high dCO- values have been observed to negatively
impact glycosylation profiles. Additionally, protein productivity and cell growth have also
been determined to be significantly impacted, in a negative way, if dCO; values exceed 68
mmHg at bench scale and 179 mmHg at pilot scale . This observation is generally thought
to be caused by the harmful impact on internal pH and cellular metabolic processes that
dCO; accumulation has on mammalian cells %37, This effect can be thwarted by adding
base into the system as to keep a constant pH. Nevertheless, this by itself cannot be the

only solution given that a stepwise increases in osmolality (caused by repeated base
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addition that counteracts CO, accumulation) can adversely influence cell culture outcomes
as well %37, One interesting observation in insect cultures has determined that at higher
dCO; values decreased glutamine intakes are observed . This is of note because despite
reduced glutamine intake, glucose intake remained unchanged . This observed
phenomenon could suggest that ammonia and lactate accumulation were a consequence of
non-glutamine amino acid catabolism caused by inefficiencies in the TCA cycle %,
Consequently, dCO2 measurements can be directly correlated with other metabolic fluxes
to leverage a deeper understanding of the biomanufacturing run. Additionally, this
knowledge tells us that low pH on its own does not generate the same level of impact on
mammalian cell metabolism as when it is combined with high dCO, thus dissolved carbon
dioxide is a significant factor to regulate independently, rather than solely controlling it
indirectly through pH monitoring #%. Sensors are regularly used to measure and regulate
the previously indicated metabolic parameters. They are capable of directly assessing the
concentration of the main accumulating byproducts like lactate and ammonia and detect
changes in the glucose concentration that may be inhibitory to the culture outcomes “.
Alternatively, metabolism can be indirectly measured through cellular respiration by
observing changes in gas composition (CER, OUR). Through online assessment of these
factors, it becomes possible to sensibly devise feeding strategies, process conditions and
scaling methods “. This regular surveillance maintains an optimal environment in which
the cells can grow and produce recombinant proteins. Continuous streams of data
regarding medium composition or cellular metabolic activity can also be key when
constructing dynamic feed on-demand strategies which are automatically triggered after it

has been determined that important nutrients are becoming limiting. Rather than feeding
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the cultures based on set pre-determined dates. Recent trends have evolved towards
developing and optimizing soft sensors that can abstract information from various sensor
sources rather than one single source *. This is important as it has been observed that OUR
can continue to increase even after peak viable cell densities are obtained, indicating that
a relationship exists between volumetric oxygen demand and volumetric production rates
39, Specific oxygen consumption rates and specific protein production rates have also been
observed to have a direct relationship, suggesting a close physiological connection among
cellular respiration and product formation rates °. This link can be attributed to the fact
that the metabolic activity of the cells has a vast effect on product formation. Given that
respiratory activity correlates well to TCA fluxes in mammalian cells, it is reasonable to
infer a comparable direct relationship between specific protein production and Kreb cycle
activity. This was also found in a study where linear relationship between the energy
production rate and OUR was observed 42 Interestingly, it was also determined that
energy production rate is in positive relation with recombinant protein production rate .
It was postulated that the specific OUR can be used to represent the activity of the TCA
cycle and the energy metabolic state of the cells. Because of this, it was suggested that
high values of specific OUR in the recombinant protein production phase indicates high
specific ATP production rate through TCA cycle (if the Phosphate/Oxygen ratio is almost
constant). This, in consequence, can lead to the increase in the specific recombinant protein

production rate **.

Studies have shown that, in general, larger cells consume oxygen at higher rates than
smaller cells *4. Additionally, observed dependence on protein content as a function of cell

size has been determined #4. Given this knowledge it is possible to hypothesize that as cell
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size and protein content increases, it is expected that rate of oxygen consumption per cell
also increases 4. Indeed, linear correlations between cell volume and oxygen requirements
have been observed #4. Within a fed batch cell culture cycle, three distinct states can be
discerned: a state of exponential growth, a stationary state, and a decline state. The shift
from the growth stage to stationary stage predetermines the maximum viable cell density
(VCD). On the other hand, the progression from stationary stage to decline stage inherently
presets the lifespan of the culture #°. Within the three characteristic cell cycles, it has also
been found that it can be further broken up into a phase where the viable cell count
increases exponentially while the volume per cell remains constant. A secondary phase
where the cell size increase is nearly linear with respect to time, while the viable cell
concentration stays approximately constant. Next there is a short stationary phase where
the viable biomass concentration remains in near constant state while the total viability
remains above 80% *°. Lastly, a decline stage in which the viability decreases below 80%.
It was found that average specific productivity is two-fold higher in the cells that are going
through the cell size increase phase suggesting there exists a correlation between the
volume of the cell and its mAb productivity. This was furthermore evident when the
productivity per cell is plotted against the cellular volume, leading to a direct linear
relationship between the average cell volume and specific mAb productivity .
Importantly, the cellular protein formation rate decreased by 25% while the mAb formation
rate increased by 250% during the cell size increase®. It has been previously found that the
cell size is the major factor of productivity rather than the cell cycle phase as it was
originally thought “6. Additionally, it has been shown that the increase in specific

productivity is linearly proportional to the increase in cell volume, this is caused by several
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factors such as an increased expression of genes related to the mTOR signaling pathway
47_Similarly in another study it was found that when the average cell diameter increased
from 15.7 to 18.5 um during a fed-batch process concomitant increase in specific
respiration rates and specific protein production rates was also observed 3. Importantly, it
has been demonstrated that a lactate shift from accumulation to consumption is correlated
with increased mitochondrial activity 2°. With this in mind, it can be hypothesized that cell
size can be a bioprocess marker which may be important in the development of feeding
strategies . Given that biomass continues to grow (cell size increase) after the exponential
growth stage, an adequate amount of nutrients is required not only for maintenance and
cell size increase but also for recombinant protein production reactions. Given this trend of
analyzing the importance of sell size increase in cell cultures, some publications have
suggested that determining the viable cell volume is more relevant for process development
than viable cell count 84, As a result, many online techniques, such as bio-capacitance
and OUR, show stronger correlations with viable cell volume than with viable cell count.
A study comparing OUR to optical density, cell cycle analysis, viable cell count, packed
cell volume and cellular count as a means to determine the end of exponential growth in
CHO cell cultures was realized . It was determined that on-line OUR and offline
determination of intracellular nucleotide ratios were the best methods for determining the
end of exponential growth 0. Given the ease of calculation, it was suggested that OUR
could be used to determine important trigger points as it was reliable for estimating point

of change in growth rate and cell physiology.

Cell Pools and Inducible Systems
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Transient transfection in suspension adapted cells is rapid and often generates adequate
amounts of protein. However, for projects that require large amounts of culture, plasmid
DNA necessary for transfection may become a limitation °. Thus, as an alternative, stable
gene expression from a recombinant cell line has been employed. It has several advantages
since it reduces the amount of plasmid DNA needed as well as simplifying volumetric scale
up 5. Stable gene expression can be further subdivided into stable transfected cell pool and
stable clonal cell lines. CHO (Chinese ovary cells) and HEK293 (human embryonic kidney
cells) cell lines are both commonly employed in stable gene expression since they can grow
to high cell densities in suspension, are adaptable to serum free media, are easily
transfected and have appropriate glycosylation profiles. Importantly, these cells can be

engineered to have repressor systems that allow for controlled induced expression 5%,

Transient gene expression involves the transfection of cells with one or more expression
vectors. Cells are subsequently maintained in culture for 1-10 weeks until the end of the
production phase °%. On the other hand, stable gene expression involves the transfection of
cells with one or more expression vectors and a selection phase of up to 3-4 weeks 10552,
The surviving recombinant cells can be maintained as a heterogeneous pool for
recombinant protein production or can be subjected to single cell cloning in order to
generate stable cell lines. This involves a stringent screening procedure in order to obtain
superior clones that have increased protein productivity and stability. This screening
procedure elongates the timeline before a production run can be realized as can be

evidenced by Figure 2.2.
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Figure 2.2. Stable and transient gene expression strategies (adapted from 49).

Because of the diverging timelines, transient transfection is typically realized in screening
stages of a project while stable clonal cell lines are generated only when clinical candidates
have been selected. An important draw back in transient transfection production processes
is that there is no guarantee that the next transient transfection will give proteins the same
post translational modifications, which is a big concern in terms of safety and regulatory

agencies 105152,

Stable transfection pools house mixed populations of cells which have different expression
levels. Thus, due to this heterogeneity, the cell pools have lower expression levels when
compared to the final selected clonal cell lines. A critical advantage of stable transfected

pools is that they have reproducible productivities without the need of time-consuming
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screening procedures. This has the drawback that transfected cell pool’s productivity is
affected by culture age. With increasing age, productivity is observed to decline %2, Thus,
once the cells are adapted to suspension growth, the production phase should start
immediately to allow for the production of the highest possible yield. This is because cell
pools are made up of-mixed populations that have different growth rates and expression
levels. Importantly recent advances have shown that stable pools can have similar
outcomes to stable cell lines further suggesting that this approach can be used in fast to

market applications ®.

The two most important expression systems for the CHO cell line are the DHFR-based
methotrexate (MTX) system and the glutamine synthetase (GS) based methionine
sulfoximine (MSX) system. These expression systems are chosen on their ability to deliver
high productivity along with acceptable product quality %3, GS is a universal housekeeping

enzyme that catalyzes the hydrolysis reaction:
Glutamate + ATP + NH3z — Glutamine + ADP + Phosphate.

It is the only enzyme capable of synthesizing glutamine de novo and is also able to regulate
toxic levels of ammonia %3. This reaction can be inhibited by MSX through interaction with
the GS enzyme. In liver cells, GS is responsible for the removal of ammonia while in plant
and bacterial cells, it facilitates the fixation of ammonia so that glutamine can be used as a
nitrogen source . Glutamine plays an important role in the metabolism of CHO cells since
it serves both as an energy source and as a nitrogen donor **. The GS system was originally
designed to be used in cells that have no endogenous GS enzymes. However, since CHO
cells are glutamine prototroph. As such, either an appropriate inhibitor (MSX) is added,

genome editing is realized in order to knock out the cell’s GS capability or both can be
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done concomitantly in order to improve on its individual effects >*°°. Because MSX is an
analogue of glutamate it is capable of irreversibly inhibiting GS through binding and its
consequent phosphorylation. Interestingly, MSX is also capable of inhibiting vy-
glutamylcysteine synthetase, the first enzyme of both glutathione (GSH) synthetic
pathways °*%°. This enzyme plays an important role in maintaining an appropriate
environment within the endoplasmic reticulum to allow for protein folding and secretion.
Inhibition of this enzyme causes cells to overexpress GSH. Essentially, it is entirely
possible, that the dual inhibition of GS and GSH not only selects cell lines by inducing
glutamine auxotrophy (GS inhibition), but selects cells with a better inherent capacity for
protein secretion (GSH inhibition) 3. Additionally, over expression of the GS system
reduces ammonia accumulation in the culture medium which also extends the overall life
cycle of the cell culture >°. The expression systems are compromised by vectors that contain
the GS gene and efficient transcription promoters for the gene of interest . In
consequence, highly productive cell lines are selected by using an MSX concentration that
inhibits growth and selecting the cell clones that manage to grow well. Thus, the cell line
selected over expresses GS in order to generate sufficient glutamine for cellular
metabolism and nucleotide synthesis. Since the GS gene and the gene of interest are
genetically linked through the vector, selection for GS gene integration into a
transcriptionally active locus results in co integration of the gene of interest in the same

locus.

Inducible systems have also been widely used for mammalian cell platforms since they
allow the expression of cytotoxic compounds, but more importantly, they allow for the

separation between the growth phase and the production phase which can then be optimized
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independently %6, Numerous inducible systems for mammalian cells have been developed
by implementing heavy metals, steroid hormones, insect hormones and heat shock °°.
However, all of these methods have been observed to have severe limitations such as
leakiness and pleiotropic effects. Because of this, modifications have been realized to the
Tet switch in order for it to be easily adapted for mammalian cells . In terms of the cumate
inducible system, three configurations have been developed. The repressor configuration
uses CymR to repress transcription from a mammalian promoter. Once cumate is added to
the mammalian cell culture, a conformational change is enacted on CymR which prevents
it from binding to the DNA promoter sequence and thus it causes inhibition of the
repression. In the activator configuration, CymR is fused to an activation domain (VP16)
in order to form a chimeric trans-activator (cTA) that can consequently bind to promoters.
The activation of this system is regulated by the addition of cumate %’. With cumate, it is
unable to bind, while when cumate is absent, the system is on the off state thus initiation
of activation can occur. Lastly, in the reverse activator configuration, rCymR is fused with
VP16 to form the chimeric molecule rcTA which interacts with operator binding sites to
begin activation °’. Once again cumate changes the conformation of the chimeric molecule.
When no cumate is present, rcTA is not able to bind to the operator sites, while in the
presence of cumate, rcTA is able to properly bind to the operator binding sites and thus

initiate activation °’.
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Process Analytical Technologies Initiative

In order to direct the expanding biomanufacturing industry toward enhanced production
efficiencies, all the while maintaining adherence to process safety records, quality by
design process analytical technologies has been established 14178, | ot-to-lot variance in
product quality demonstrated that process robustness was not as high as it was once thought
141758 These lot variations have caused less product to be commercialized and thus
increased drug manufacturing costs. Additionally, because of globalization, quality control
guidelines have become harder to enforce °. To counteract the changing regulatory
climate, the FDA created an initiative called current Good Manufacturing Practices
(cGMP) for the 21% century 6. These new quality guidelines placed more weight on Quality
by Design approach (QbD) instead of postproduction quality control batch testing. QbD is
a holistic, scientific, risk-based approach that defines and identifies the Critical Quality
Attributes (CQA) of a biopharmaceutical. Additionally design spaces need to be adequately
defined for the production process to be accepted 6. By formulating biopharmaceutical
compounds and production processes around the defined CQA, the manufacturer can then
monitor its process platform to ensure consistent product quality '’. The CQAs are
established through in vitro and animal model studies that guide the characterization of the
biopharmaceutical compound. Once the definitions of the CQA are established, the
development of a specific manufacturing process (design space) whose outcome will be
the desired products with the adequate attributes is needed *’. Consequently, the design
space is characterized early into the process development cycle. Here, temperature ranges,
pH, feeding points, feed amount, mixing, dissolved oxygen concentration are characterized

thoroughly ’. The characterization process is realized with design experiments that
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evaluate the impact that one or multiple variables, and changes to the respective variables,
have upon the CQA that were previously defined. Consequently the goal is to find
acceptable operating conditions in which the approved target attributes are achieved '.
Importantly, biopharmaceutical compound production process utilizes multiple steps that
may be parallel or serial to each other. Consequently, the development of a design space
must necessarily take into account possible variations in process conditions as a form of

risk mitigation 141758,

Given that characterization of the design space and monitoring/controlling the CQA have
become fundamental tenants of QbD, Process Analytical Technologies (PAT) have
become important tools 7. PAT can help analyze the CQA during the biomanufacturing
process. Either in-line or at-line sensor data can then be analysed so as to make real time
adjustment on process parameters 11”38 In theory, these techniques can be deployed at
every stage of the biomanufacturing process, from upstream cell culture to downstream
purification and formulation %%, Once the design space has been clearly defined the
regulatory filing also requires the identification of acceptable ranges for the CQA. These
CQA are then monitored to ensure the process does not deviate from the specified design
space 1817, Consequently, it is good practice to expand the defined design space such that
process flexibility is established within the regulatory filling. This is beneficial as process
changes that may occur during the production process have already been taken into
consideration during the approval process diminishing the need for additional testing for
regulatory compliance. Conversely operating outside the defined design space because of
process changes or raw materials variations requires additional fillings and approval from

regulatory agencies to prove compliance . This flexibility built in to the QbD guidelines
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is important because it means that process improvement can be undertaken during the
product cycle with out additional regulatory approval. Consequently, an industry as
historically conservative as the biopharmaceutical industry is encouraged to improve upon
and innovate on its process platforms by adopting technologies as they emerge and mature
such that process monitoring is enhanced without additional regulatory burden. This
conceptual arrangement can be visualized in Figure 2.3. Here the knowledge space is a
non-design space that requires regulatory approval to operate in 4. The design space is the
approved process while the control space are the process configuration of the

biomanufacturing process .

Knowledge Space

Alternative
Control Space

Control Space

Design Space

Figure 2.3. Design Space.
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Bioreactor Modes of Operation

To produce biopharmaceutical compounds, there are different types of modes of operation
like batch, fed-batch, concentrated fed-batch, and perfusion. In batch production, cells are
cultured in a bioreactor with only basal medium and no further feed supplements >°°,
Consequently, as cells proliferate within the vessel, nutrient concentrations decrease, while
metabolic by-products and titer accumulate in the spent medium °°. Despite the drawbacks
of batch cultures, it’s a fairly uncomplicated arrangement to implement that does not
require complex control loops to add feed or remove by-products %X, On the other hand, in
fed-batch arrangement, substrates are added continuously or periodically (bolus) to the
bioreactor in order to supplement media components that have been depleted %615, For
relevant substrates to be added correctly, the measurements of key metabolic products and
substrate concentration are needed. This arrangement is extensively utilized in the
biopharmaceutical industry given that it is optimal for the manufacturing of non growth
associated products while also being a strong alternative to more complex continuous
regimens, such as perfusion %6165 One important caveat is that the process must be
designed with increased reactor space in mind as to permit medium addition. For fed-batch
operation, two relevant modes exist: constant feeding and constant substrate concentration
60, With the latter strategy, a constant growth rate can be maintained during the start of the
process. Therefore, the viable cell density in the bioreactor will increase exponentially as
a function of time. Nevertheless, it also implies that the reactor must be supplied
exponentially with substrates. Even with highly concentrated feed, this generates
significant volume shifts within the bioreactor. As a direct consequence, maintaining the

feed rate constant is the most relevantly used method even though the culture process may
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become substrate limited without adequate monitoring ®°. Therefore, industry relies mostly
on periodic feeding (bolus) thanks to the simplicity of the method and high efficiency in

culture outcomes %%, The batch and fed-batch modes are depicted in Figure 2.4.

Feed

Batch Fed-Batch

Figure 2.4. Batch And Fed Batch bioreactor operation

Given that bolus addition of concentrated feed and glucose can create large oscillations of
nutrients within the reactor slow continuous additions of feed have been suggested in the
literature ®°7. Interestingly it was determined that continuous feeding eliminated glucose
fluctuations while also allowing cellular expansion in mammalian cell spheroids ©°°.
Additionally in a CHO K1 cell line, continuous feeding demonstrated lower lactate and
ammonia accumulation while also improving antibody yields by 10% °7. Suggesting that
avoiding nutrient oscillations associated with bolus addition of feed could be a way to

reducing metabolic waste product accumulation.

Dissolved oxygen (DO) levels also need to be studied within a range to gauge the impact
it may have on cell behaviour and even glycosylation patterns, as it has been found that

specific productivity of recombinant protein is diminished in hypoxic (3%) and hyperoxic

27



(200%) conditions 8. Hyperoxia (240%) in a U-937 cell line was shown to alter metabolic
waste accumulation along with a strong growth inhibition effect ®°. Additionally a CHO
cell line exposed to 380% DO saturation showed reduced growth and increased glutathione
concentration when compared to a 20% DO control 7. It has been suggested that the
observed reduced growth may be caused by DNA strand breakage caused by the hyperoxic
conditions "X, Interestingly, for embryonic stem cells a study of DO ranges demonstrated
that DO levels of 10-20% outperformed 5% and 30% due to a combination of factors 2.
Namely, the hypoxic conditions at 5% made it such that growth and metabolic behaviour
was sub optimal while 30% DO required increased sparging that may have added
unnecessary shear stress to the cells and as such created adverse conditions that worsened
performance 2. Demonstrating that in both stem cells and immortalized cell lines DO set
points have to be adjusted so as to not be too low or too high. Which aeration strategies are
deployed in order to control the level of oxygen in the reactor have also shown to be
important "3, 1t was determined that the utilization of F-68 was important when utilizing
direct gas sparging strategies >4, Interestingly it has also been found that high entrance
velocities (above 60 m/s) in sparging strategies early in on the production (day 5) can cause
irreparable harm to cells in a CHO cell line °. Alternatively, for a NSO cell line the entrance
velocity at which adverse outcomes were observed was above 20 m/s . The most utilized
strategies rely on diminishing the maximum amount of airflow used such that entrance
velocity is diminished while still having sufficient air flow that allows for carbon dioxide
striping. Additionally, increasing agitation rates to aid in the transfer of oxygen can also
help in reducing the amount of oxygen flow that is needed to sustain a DO level ". Studies

of stress activation in CHO cell lines demonstrated that hydrodynamic stress thresholds

28



and response mechanisms differ depending on the stress origin (agitation or sparging) .
For example, agitation related stress had a temporary decrease in viability after stress
induction followed by a recovery in viability after the cells adapted to new conditions 7/
Alternatively, sparging related stress demonstrated a monotonic decrease in viability.
Following mRNA transcriptome analysis, it was determined that separate activation
mechanisms exist depending on the stress source with almost no overlap ’’. In miniature
bioreactor models it was found that active gas sparging that oscillated with respect to a DO
control loop had decreased viability and increased lactate accumulation when compared to
only overhead air flow. Suggesting that gas sparging has a significant impact on culture

outcomes 8.

Monitoring Sensors in Bioprocessing

Optical chemosensors, denominated optodes, work because of the interaction between the
analyte of interest and an indicator that is immobilized in a hydrophobic matrix at the
sensor tip "2, Changes in optical properties (photoluminescence intensity, absorption or
reflection) are detected by a photodiode when the indicator is illuminated by a diode
through optical fiber. The changes in the indicator are consequently correlated with the
concentration of the analyte "°%2. Such optical sensors can either be used in situ for stirred
tank reactors through standard ports or, alternatively, they can also be minimized for low
volume conditions to a patch form such that they may also be applied in deep well plates
or shake flasks "°#2. Importantly, patch form optical sensors have been applied broadly in
single use bioreactors for DO, pH and carbon dioxide monitoring given their ease of

sterilization through gamma radiation "*%°. One significant advantages that optical
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chemosensors have over their electrochemical standards is the fact that no direct contact
between sample of interest and electronics is necessary L. In addition, no analyte is
consumed during the measurement process and consequently the concentration of the
analyte remains constant. As an example electrochemical DO sensors actively consume
oxygen during the measurement process which is in stark contrast to the DO optodes which
are largely non-invasive &. It was determined that optical and electrochemical DO sensors
share a person correlation of 98.7% showing that both sensor types are in agreement with
measured DO values 8. By utilizing a similar mechanism, disposable inline optical sensors
for glucose monitoring have been designed &. Here, a crosslinked glucose oxidase layer
coats an optical DO sensor developed by PreSens. Changes in the oxygen concentration
within the crosslinked enzyme is tracked, which should be inversely proportional to the
glucose levels in the sample 8. Importantly, the crosslinked layer could be tuned for

different applications just by changing the enzyme that reacts with the analyte of interest

85

Optical carbon dioxide sensors work through measuring changes in the optical properties
of a pH bicarbonate system that reacts to the presence of carbon dioxide ">, This is
because a fluorometric or colorimetric pH sensitive indicator is incorporated within the
buffer. Importantly, this pH buffer indicator system is isolated from the bioreactor media
by a carbon dioxide permeable membrane "*°#3, Since the pH equilibrium of a bicarbonate
system is quantitatively described by the Henderson-Hasselbalch equation, it is feasible to
calculate the carbon dioxide partial pressure given a change in pH. The reaction time for
these sensors is in the order of minutes given that it is highly dependent on diffusion

phenomenon. Additionally, frequent pH buffer changes are required given that the optical
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properties are dependent on the ionic strength of the buffer 23 To counteract the slow
response times, pH sensitive indicators may be immobilized within a hydrophobic
membrane structure while the bicarbonate pH buffer is replaced with a lipophilic
quaternary ammonium hydroxide 8%, Here changes in fluorescence can be measured and
directly correlated to carbon dioxide concentrations "°#. Given the interrelationship,
optical pH sensors operate akin to carbon dioxide optodes since the variable of interest is
the change in pH. The sensors can either be constructed around absorbance or fluorescence
dyes that are covalently immobilized in cellulose matrixes 8, It must be noted that
modern pH optodes largely utilize fluorescent dyes since absorbance-based measurements

are not as sensitive as fluorescence-based measurements 7982,

Spectroscopic sensors depend on the interplay between electromagnetic waves and the
relevant variables 8%7. These electromagnetic waves can interact through scattering,
emission or absorption. As it discernible from Figure 2.5, the wavelengths employed exist
within a wide range such as far infrared (FIR), mid infrared (MIR), near infrared (NIR)
ultraviolet visible (UV/Vis) and Raman (400 nm-1000 nm) 8#7. Since NIR spectra is less
defined, NIR spectroscopy is generally used as qualitative monitoring of a bioprocess
rather than quantitative applications that are routinely seen in MIR spectroscopy 8868,
Importantly since the spectral data captured in NIR and MIR spectroscopy can be complex,
multivariate analysis techniques are frequently employed. For qualitative analysis of the
data and interpretation principal component analysis (PCA) is commonly used %
Alternatively, quantitative models require reference data sets that correlates spectral signals

to relevant process variables. Such models may utilize artificial neural networks (ANN),

partial least squares regression (PLS), support vector machine regression (SVM) or
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multiple least squares regression (MLS) so as to correlate measured NIR/MIR spectra do
the analytical measurements 8%, When contrasting NIR with MIR spectroscopy, it has
been discovered that MIR exhibits significantly greater accuracy in predicting individual
analytes, while NIR is proficient in estimating concentrations of multiple analytes in a
sample °1. For example, with NIR spectra and a PLS model seven different parameters in
parallel where monitored, specifically: osmolality, glucose levels, protein yield, packed
cell volume, integrated packed cell volume, VCD and IVCC %. The reason that NIR can
monitor several parameters concomitantly (at a lower accuracy) is because absorption
bands and absorption coefficients are much wider and lower (respectively) when compared
to MIR. Consequently, in MIR spectroscopy glucose and lactate can be detected at much
higher accuracies and at lower concentrations °*. Low cost MIR probes have been
developed to monitor viable cell density, lactate dehydrogenase, antibodies, lactate,
glutamate concentration in an at-line system 2. Noteworthy is the fact that antibody
concentrations could only be adequately detected at concentrations above 0.4 mg/L while
viability had an error of 9.8% at ranges between 20-95%. MIR has also been employed in

the monitoring of product quality and impurity %,

UV/Vis spectroscopy utilizes wavelengths in the range of 10-700 nm®:%.%_ Absorbance of
UV/Vis light is confined to molecular function groups denominated chromophores whose
electrons are excited by UV/Vis interaction %9, The correlation between concentration
of chromophores, light path and light absorption can be described through Beer-Lambert
law 86°0% 1t must be noted that differentiation between proteins is difficult if relying on
UV spectra alone and consequently, it requires prior purification steps 89, Interestingly,

UV spectroscopy has been previously applied for biomass estimation through turbidity-
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cell concentration estimations . It was observed that correlations are linear during the
exponential phase of the cell culture but during the plateau and death phase of the cell
culture turbidity estimation cannot adequately differentiate between viable and dead cells
%9 To counteract this an ANN have been used alongside UV spectroscopy so as to

monitor offline glutamine, glutamate and viable cell concentrations *.

Fluorescence spectroscopy is another relevant monitoring technology for the production of
biotherapeutics. The mechanism of action relies on the fact that multiple biological
compounds (amino acids, enzymes, cofactors, vitamins) within the bioreactor broth have
fluorescent properties . Historically, fluorescent sensors have been based on a single
wavelength pair limiting process analysis to a single fluorophore 887, Recently, 2D
fluorescence spectroscopy has been created where several wavelengths are utilized so as
to analyze several analytes during the bioprocessing run 1%, This novel approach has been
used along side PCA and PLS modeling in CHO cell cultures so as to monitor viable cell
counts and recombinant protein production %192 A similar methodology has been applied
in Baby Hamster Kidney cell culture processes to readily monitor viable cells and antibody
yields 1%, When utilizing PCA with PLS of the 2D fluorescence spectra it was determined
that differentiation between viable, dead and lysed cell populations could be monitored
concomitantly during a fed-batch process %4, This is of note as differentiating among

cellular populations within a fed batch process can be a difficult task.

Raman spectroscopy is another important technology that has matured enough to be
applied in bioprocessing. It relies on detecting the inelastic scattering of monochromatic
light that happens when incident light interacts with the molecules within the bioreactor

broth 7°86:90.95105 \wWhen the incident light (monochromatic) interacts with the vibrational
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frequencies of the molecules of interest most of the light is scattered without suffering a
change in frequency. That being said, a small fraction of the scattered light is shifted from
its original frequency. This phenomenon is denominated Raman scattering %%, The
resulting shift in wavelength is dependent on the vibrating chemical bonds that caused the
Raman scattering %%, Consequently, by capturing the light that is a result of Raman
scattering, information with respect to the rotational and vibrational characteristics of the
molecules of interest can be obtained. Importantly, Raman spectra is insensitive to water
which is an important feature in bioprocessing monitoring 79869095105  Careful
consideration must be taken when choosing the appropriate monochromatic light frequency
so as to minimize possible fluorescence interference for the purpose of bioprocess
monitoring 986%0:95105  Raman spectra along with PLS modeling has successfully
monitored in real time glucose, glutamine, lactate, ammonium, glutamate and viable cell
density %, Previous work had centered on achieving the same monitoring applications in
an off-line fashion %7, The ability to monitor in real time metabolic indicators (glutamate,
ammonia, glutamine, glucose, lactate concentrations) and cell growth in CHO cells in fed-
batch cultures have been shown to be scale independent (3L and 15L) 1. Further studies
have shown that PLS modeling of Raman spectra can be utilized at developmental scales
(3L and 200 L) as well as at a clinical manufacturing scale (2000L) . During this
implementation, lactate, glucose and osmolality could be sufficiently modeled across
scales. However raw viable cell density and total cell density data showed some scale
dependent behaviour which caused variations in the model and thus limited across scale
predictions 1%, Interestingly, PLS modeling of Raman spectral data for recombinant

protein monitoring was shown to be viable from early-stage product development up to
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end stage 5000L bioreactors of a CHO cell fed batch process across 37 bioprocessing runs.
Relative errors between 2.1% and 3.3% were found indicating good accuracy of the
methodology *°. So as to build a robust generic PLS model capable of predicting lactate,
glucose, ammonium, glutamate, viable cell density and total cell density across 5-10L
scales. Different CHO cell lines were utilized to generate the chemometric model %, It
must be noted that some issues with automated feeding strategies that center around
maintaining glucose at a low set point by utilizing Raman spectroscopy for glucose
monitoring have been observed. This is because measurement error can be around 0.3 g/L
to 0.5 g/L thus maintaining a glucose concentration below such values can be unreliable
112 To counteract such issue measuring both lactate and glucose has been proposed.
Consequently, with the proposed strategy glucose addition is stopped when lactate exceeds
a predetermined set point 12, Alternatively, glucose was fed when lactate was detected to
be beneath a predetermined set point. Such strategy led to an 84% increase in final titer 112,
Additionally, it has also been shown that just by controlling glucose near a 2 g/L set point
with Raman monitoring glycosylation profiles could be tuned such that a reduction in
glycation was observed from 9% to 4% when comparing the Raman controlled strategy to
a standard bolus feed addition strategy 3. Noteworthy however, is the fact that since
glucose was tightly controlled at 2 g/L in the bioreactor media, the cells consumed less
glucose and consequently produced less lactate. This in turn caused an increase in pH
across process time and meant that less base then expected was added 3. As such it can
be observed that careful consideration with respect to cascading effects caused by changes
in the process must be considered and detected quickly in the early process development

cycle.
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Figure 2.5. Spectroscopy spectrum.

As it can be discerned from Figure 2.5, the spectroscopy spectrum is wide and various
technologies overlap with each other. For this reason it can be postulated that spectroscopic
methods are not competitive but rather complementary to each other 4. That being said,
Raman spectroscopy has become the gold standard since it has the unique ability to

measure multiple analytes at the same time with good enough accuracy.

Another important type of spectroscopy is dielectric spectroscopy, which has matured
enough to be widely used in monitoring the evolution of viable cell concentrations across
culture time. The working principal behind the sensor is the continuous estimation of
passive dielectric properties of cells within the bioreactor medium with sterilisable probes
14117 The estimation of said variables are possible because the cell is insulated by a
phospholipid layer that has very low conductivity when compared to the cytoplasm inside
the cell that is a complex mix of water, salts, proteins, nucleic acids that are highly
conductive. As a result, when an oscillating electric field is applied to cells in suspension
cellular polarization occurs as a consequence of intracellular and extracellular ions moving
towards the direction of the electrode of opposite charge only to be stopped by the

phospholipid layer 417, Therefore, only cells that have an intact membrane exhibit
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accumulation of charge (capacitance) and as a result permittivity values that are
measurable. On the other hand, cells with a compromised phospholipid membrane cannot
polarise and no permittivity values are detected. As a direct result of these dielectric
properties viable cells can be estimated within a bioreactor. Importantly, not all cells have
the same diameter nor does the diameter remain constant during a culture run and as a
consequence the measured permittivity is more an estimation of biovolume/biomass 1417
Importantly, fragments and or solids that are not part of biomass are not capable of
polarising given the lack of an uncompromised phospholipid layer. It must be noted that
the dielectric properties of cells demonstrated frequency dependant permittivity values 4
117" That is to say, permittivity measurements of a cell decrease as the frequency of the
oscillating electric field increases *1’. This phenomenon is denominated dispersion and
three are relevant and identifiable for bioprocessing, they are a, p and y. The a, dispersion
is observed at low frequencies (below 10 kHz) and are most commonly associated to
diffusion processes of ionic species within a solution. The B dispersion, is observed at
medium frequencies (between 0.1 Hz and 10 MHz). This dispersion is associated with the
polarisation that occurs among the insulating phospholipid layer the two conductive layers
made up of cytoplasm and aqueous extracellular solution. Last but not least, y dispersion
is detected at very high frequencies (above 1 GHz) and is largely caused by the
reorientation of water molecules that are exposed to high frequency alternating electric
fields 4117 As it can be discerned within the context of mammalian cells in suspension
operated in a stirred tank bioreactor, f dispersion is used for the characterization of viable
cell concentrations given that this specific dispersion is associated with the polarisation of

electric charge cased by the non conductive phospholipid membrane 114115, Because of the
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physical mechanisms henceforth established, permittivity values correlate well with viable
cell concentrations either with linear regression and theoretical based cole-cole models
during the growth phase and assuming cellular diameter remained constant 18,
Additionally, during the culture, there was a noticeable correlation between the evolving
cell diameter and shifts in the characteristic frequency. It is worth noting that alterations in
cell membrane properties are also believed to potentially impact this parameter 8. The
Cole-Cole model works by representing how a material responds to an electric field over a
range of frequencies. It uses a mathematical equation to describe the impedance of the
material, which includes both resistance and reactance. This equation accounts for the fact
that biological materials exhibit both immediate and delayed responses to electric fields.
By fitting experimental data to this model, researchers can extract important information
about the material's properties, such as the distribution of cell sizes and their health, making
it a valuable tool in biophysics and biomedical research. Nutrient availability has also been
found to be monitored through permittivity measurements because at every feeding event,
permittivity events were detected to increase while declines in permittivity signals were
correlated to states of nutrient depletion 8. Additionally, during the exponential phase
(which is when cell radius remains more or less constant) good correlations with OUR
were obtained. This may suggest that metabolic activity may also be indirectly reflected by
dielectric spectroscopy 8. It must be noted that although linear models are able to relate
dielectric spectroscopy data to cell counts during the exponential phase of a cell culture,
accuracy in viable cell density estimation decreases during the decline phase . To
counteract this fact multivariate approaches like PLS or orthogonal partial least squares

(OPLS) modeling have been utilized 6119122  Thanks to this multivariate methods,
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estimation of VCD rather than VCV could be realized across the entire fed-batch cycle
122 To test the multivariate models the fed-batch cultures were subjected to dilutions (30
% vol) of the cell culture broth at various points of the process. It was observed that the
decrease in cellular concentrations as a direct cause of manual dilutions were detected by
the model 2. Interestingly, it has been determined that in insect cells, dielectric
spectroscopy was able to quantify cell growth. This knowledge could then be used to
determine the most appropriate point in the culture to infect cells with baculovirus so as to
maximize the yield of B galactosidase 2%, Changes in cell density could also be monitored
in real time so as to evaluate the progression of infection in the bioreactor 2. Since
infection is characterized by an increase in cell volume, the captured permittivity signals
reflect the phenomenon as bio-capacitance values spike following infection. It has also
been proposed that permittivity signals are more accurate for VCD estimation of adherent
cells in micro carriers than offline alternatives !’ Further work has been realized to
develop a universal PLS model that can be easily transferred across cell lines without
compromising the ability of the model to accurately predict viable cell densities, especially
in the declining phase of a fed-batch culture *24. Importantly, since permittivity signals can
monitor the changes in viable cell concentrations during a bioreactor run, these permittivity
values can be used as a proxy for estimating cell growth. This allows for the dynamic
adjustment of feeding rates to align with biocapacity signals *?°. This is important as it
simplifies the integration of online signals into feed algorithms. In the aforementioned
study, constant re-calculation of growth rates was realized automatically so as to determine
bolus feeding frequency '?°. When compared to manual bolus feeding the experimental

results showed that dynamic feeding attained higher viable cell density values and
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increased titer yields!®

. Accordingly, dynamic feeding strategies that were coupled with
feedback control adjusted feed rates in response to changes in cellular growth. This method
suggested that such strategies can avoid over or underfeeding cell cultures across the fed-

batch process!®

. As a testament to the maturity dielectric spectroscopy, Biogen compared
measured permittivity signals in 5L, 200L, 315L and 15000L bioreactor scales *2°.
Observing no scale dependency in the signal trends. As a result of this consistency across
scales it was possible to automate seeding strategies within the manufacturing floor by
relying on permittivity signals. Furthermore, utilizing the permittivity data allowed for
the development of dynamic feeding strategies that compute and deliver feed volumes as
necessary, as opposed to the conventional practice of calculating a daily feed volume and
administering it in a single batch 26, Hence it was determined that the resulting feeding
strategy was responsive to actual culture behaviour and therefore minimized the risk of
process failure caused by underfeeding *?6. Additionally, within the same study, they also
observed that permittivity signals can be used as a marker for a change in salt balance
within a mammalian cell process. A change in potassium phosphate concentration within
the media (that was not previously known) caused drastic changes in the metabolic
behaviour of the cells. This issue was only fixed thanks to noticing the shift in permittivity
signals when compared to historical processes %,  Subsequent Biogen studies
demonstrated the feasibility of relating integral of cell growth-based feed amount with the
integral of bio-capacitance data *2”. Thanks to this a linear correlation between the integral
of the bio-capacitance signal and the total feed amount was established for the entire

process. Therefore, it was possible to directly employ permittivity signals in the control of

feed addition 27, To test the robustness of the strategy, bioreactors where intentionally
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seeding at low viable cell concentration densities. The feeding strategy that utilized the
integral of capacitance adjusted the feed, avoiding overfeeding while the fixed feed strategy
did not change the total amount of feed added and consequently created an overflow
metabolism (increased ammonium and lactate concentrations) that led to cell growth
inhibition 1%/, Because of this, higher titers and higher product purities were attained in the
bio-capacitance based feeding strategy since the fixed feed process altered glycation and
trisulfide formation *27. Consequently, it was determined that by introducing permittivity
data into process control the robustness of a process could be improved thereby providing
consistency in productivity and product quality despite process variations. Another
interesting approach noted in the literature is that of determining glucose uptake rate
measurements by relying on permittivity signals to estimate viable cell density and glucose
concentration measurements. Using these glucose uptake rate measurements prediction of
feed requirements for the next sampling day were realized 28, This led to optimally fed
cultures across the fed-batch cycle in terms of waste product build up as lactate profiles

improved when compared to a standard bolus strategy.

Similar to their optode counterparts, pH, DO, and carbon dioxide sensors can be
potentiometric, conductometric voltametric or amperometric which work by detecting
charged species or variations of electrical phenomena during chemical reactions %,
Temperature sensors also fall within this category and they are a stable of processing runs
as temperature has to be tightly controlled along a set point that varies depending on the
organism of choice (mammalian cells are generally operated at 37 °C during the
exponential phase while insect cell lines have optimal growth at 28 °C) *. Importantly, it

Is routine that cultures are subjected to process induced shift during the culture run, namely
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pH shifts and temperature shifts 3L, Thus, there exists a reliance on accurate sensors so as
to maximalize the impact that such shifts have on process outcomes. Other noteworthy
sensors are electrochemical enzymatic arrangements that can monitor glucose and lactate
on-line 3, Such sensors may be advantageous as they reduce the need for sampling which
always adds risk of contamination. However, given that they rely on enzymatic reactions
the sensors are only usable for up to 21 days meaning they can only be used in a single fed-

132 " Since accumulation

batch cycle and are unusable to long term processes like perfusion
of dissolved carbon dioxide has been observed to have significant impacts on both product
quantity and quality there has been work centered around monitoring the values of
dissolved carbon dioxide across culture time . Two equivalent CHO fed-batch cultures
were realized in parallel, one tightly controlled at 10% dissolved carbon dioxide and
another culture without dissolved carbon dioxide control (reached a maximum of 20%). It
was observed that the tightly monitored and controlled culture yielded higher recombinant
protein titer and had a longer productive phase 3. Importantly, pH values were comparable
between both cultures suggesting that pH control alone is not sufficient for maximum
process optimization 123, Additionally, optimized sparging strategies that take into account
dedicated dissolved carbon dioxide feedback loops, for the purpose of gas only pH control,
have been reported in the literature to improve batch-to-batch reproducibility 3. This
allowed cultures to not require base addition for pH regulation which means no osmolality
fluctuations related to pH feedback loops 6. Dissolved carbon dioxide sensors have also
been utilized during scale up of bioreactors. One such strategy relied on maintaining a

constant ratio between kLa (02)/ kLa (COZ2) across reactor scales ***. It was observed that

by utilizing this ratio as a scale up criteria dissolved carbon dioxide profiles remained
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comparable across reactor scales. Thus it was suggested that this strategy can help maintain
consistency in product quality and quantity when doing technology transfer projects 134,
Other applications include using the probe to determine carbon dioxide removal rates **°.
This then allows researchers to test out various aeration strategies and specific power inputs

that are most effective at striping out carbon dioxide from the bioreactor 1%,

The determination of OUR in bioreactors for mammalian cell culture is primarily realized
through three standard methods: the dynamic method, the stationary liquid mass balance

method, and the global mass balance method .

Cr(to)—CyL(tr) a J.:‘: (—Kdes-CL(2))-dt

OUR = (1)
Lyl S {1}
O.TU.R. = G""(.“Olin_.‘.().’_.oul) (2)
Vi
O.UR.=O.T.R. =kpa-(CL"-CL) (3)
1) The dynamic method relies on the cyclical measurement of the dissolved oxygen

extinction profile when air supply is stopped. The constant of desorption (Kdes) must be
previously determined in cell-free media keeping the same culture conditions while the
real oxygen concentration in the liquid phase (C.) can be readily measured with a DO
probe, to and tr represent the initial time of measurement and the final time of
measurement respectively. The DO concentration decreases due to cellular oxygen need

and thus OUR directly correlates with the gradient (slope) of the decay curve **¢.

2) The global mass balance (GMB) approach relies on estimating the oxygen

concentrations at the inlet and outlet of the bioreactor while the DO is kept constant. Given
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that this method is dependent on gas phase estimation of oxygen concentration the used
devices can be complex and expensive 3. For example, mass spectrometers, paramagnetic
sensors, acoustic analyzers can be used. Additionally, zirconium dioxide or galvanic cell
off-gas analyzer have become popular as of late 1%,

3) This Liquid mass balance method relies on the estimation of the OUR by means of
calculating OTR. This is true because if the DO is held constant, an estimation of OTR
must equal OUR. For this purpose, the theoretical oxygen concentration in equilibrium
with the liquid phase can be estimated. The real oxygen concentration in equilibrium with
the liquid phase can be monitored with DO probes. The oxygen concentration in
equilibrium with the liquid phase (CL * ) can be calculated using Henry’s law while the
kra must be determined in real time given that changes in flow rates or stirring (common

parameters for DO control) can change its value ¢,

It was also shown that DO fluctuation had a greater negative impact on performance with
respect to titer production and lactate accumulation than maintaining a DO setpoint ¥,
Additionally, estimated specific oxygen uptake rates (qOURs) were lower in DO
fluctuation lots when compared with DO stable lots 3", Another study showed that DO
fluctuations can impact glycosylation profiles of produced antibodies . Consequently, a

shift away from the gold standard of dynamic method has taken place.

Beyond OUR estimation it has also been shown that oxygen flow closely mirrored viable
cell concentration which is not surprising given that oxygen demands should increase with
increased OUR 3. This in turn should result in increasing viable cell concentration.
Specific oxygen uptake rates were calculated and determined to be relatively constant in

the first half of the cultures while a relative increase was observed in the second half of the
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cultures. This change was later correlated to a shift in metabolism from lactate production

to consumption. To further explore this correlation, an averaged Respiratory Quotient (RQ

=CTR/OUR) was calculated *°. During the lactate production phase, RQ>1 was
determined to be the norm while during the consumption phase RQ<1 was found. In theory
exclusive use of glucose yields an RQ value near 1 while the oxidation of more reduced
molecules like amino acids or fatty acids can result on an RQ below 1 given that more
oxygen is required to fully oxidise these molecules. Given that at the start of the culture,
glycolysis is the main metabolic pathway (anaerobic fermentation), a relatively lower
specific oxygen uptake rate is expected and consequently a higher RQ **°. On the other
hand, during the lactate consumption phase the TCA cycle is the dominant metabolic
pathway. Consequently, a higher specific oxygen uptake rate is expected leading to a lower
RQ. Because of the strong linearity between oxygen and glucose, it was also postulated
that the relationship between the total oxygen consumption rate and the total glucose
consumed can serve as a control method to sustain the glucose level in the basal media at
a chosen target value. Thus, OUR estimation or oxygen flow requirements can be used as

a key parameter in process monitoring and control **°.

Recent trends towards developing soft sensors for online estimation of biomass in
mammalian cell cultures have been established *°. OUR values have been known to
correlate not only with viable cell counts but also with metabolic turnover rates. The
developed soft sensor is made up of two distinct models that predict in terms of VCD and
VCV based on a multi-linear regression %°. Interestingly, VCD has been found to lack
important information about cellular volume. For this reason, viable cell volume (VCV)

has been determined to relate more information regarding biomass information.
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Consequently, VCV can lead to more precise correlations with OUR %°, This is key
because cell size can have a direct impact on oxygen demand. Because of this, larger cells
can have increased oxygen requirements when compared to smaller cells. The authors
considered cell number to be insufficient as an estimator of biomass because increased cell
growth is always accompanied by increase in cell numbers and cell volume. Additionally,
they postulate that even small changes in mean cell diameter during the production process
can result in large differences of cell volume . Since mammalian cell volume differs not
only between cell lines but also throughout the process time, viable cell volume serves as
a better indicator of biomass. The models were capable of adequately describing biomass
change when compared to offline measurements. Importantly, the online biomass
estimation can be used to estimate specific consumption rates **°. As mentioned, OUR can
provide information regarding the metabolic state of cultures. In fact, its linear relationship
with substrates makes it a strong candidate for developing dynamically fed cultures 4. On
the other hand, the culture transition from the plateau phase to the death phase can be
clearly detected in the online monitoring by a decline in oxygen consumption and specific
oxygen consumption rates which can prove useful in avoiding overfeeding towards the end
of a cell culture cycle 1. Glucose consumption on the basis of stoichiometric relationships
between accumulative oxygen consumption and accumulative glucose consumption is the
common strategy for dynamically fed cultures using OUR 42, Importantly, the relationship
between glucose and oxygen consumption was not constant over time and thus was
manually re-calculated with offline glucose samples as to ensure the estimation did not
deviate over time 142, Thanks to this strategy sufficient nutrients were available for cell

growth as well as maintaining glucose and glutamine at low levels as to reduce the glucose
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consumption rate, and consequently the production rate of lactic acid 42, A similar result
was obtained in perfusion cultures of hybridoma cells. By employing stoichiometric ratios
that were previously calculated, the amount of nutrients consumed was estimated from
hourly oxygen-consumption-rate measurements 43, OUR monitoring of adenoviral vector
production using HEK-293S has been used to automate the transition from batch to
perfusion mode **4, It demonstrates the reliability of the dynamic nutrient feeding strategy.
Indeed, the perfusion rate varied according to a given OUR value and was capable of
maintaining glucose concentration at a given level 4, Importantly, the final adenoviral
titer obtained in this process clearly improves the basal batch process by 4 times the total

amount %4,

Most recently, OUR estimation has been used as a tool to keep glucose concentration near
20 mM in fed batch processes . This is done by estimating biomass concentrations from
OUR readings through specific oxygen uptake rate estimation. Feeding was started once
the OUR biomass indicator indicated a density of 3 million cells/mL. The cultures would
reach a maximum viable cell concentration of 13 million cells/mL *°. This automated
strategy of feed addition presented a 102% increase in cell number when compared to a
standard batch process. This massive increase in cell density was concomitant with a 124%
increase in final product titer concentration and a 64% increase in volumetric productivity.
The glucose concentration was kept within a narrow range thanks to the linear relationship
between glucose consumption and oxygen consumption 45, Another attempt at using OUR
as a control strategy revealed that the parameter in question has a close relationship with
viable cell density even when exponential growth transitioned into cellular death 4. It was

noted that maximum OUR was attained before maximum VCD, possibly anticipating
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limiting conditions in the culture. For feed additions, the proposed method relied on
predicting glucose consumption for the next time intervals 6. Other studies have shown
that at high cell densities (above 10 million cells per mL), the OURSs no longer exhibits a
clear relationship with the VCC. On the other hand, when viable cell volume was used to
correlate oxygen uptake rate throughout the culture, a less scattered and more accurate
correlation was found regardless of the viable cell density #’. However, changes in
respiration rates were observed and thus biomass estimation could be made with linear
regression if the culture was partitioned at the point of respiratory shift. This allowed for
prediction of biomass in a validation dataset with an error of 14%. A similar strategy was
used for capacitance measurements and it was determined that permittivity data better
reflected viable cell volume than viable cell count 7. It was hypothesized that the switch
in specific respiration rates was caused by a shift in the metabolic state of the cells which
may be caused by a truncated TCA cycle. In a truncated cycle, less energy is produced, and
less oxygen is consumed. Importantly, real time metabolic transition could be tracked over
time and future combinations of on-line permittivity values and respiratory measurements
to allow for more advanced process optimization and control of metabolic states could be

a future area of soft sensor research ',

A feedback controller was developed as to switch the glucose pump on if the predicted
cumulative on-line glucose concentration generated with the integral of OTR correlation
was higher than the cumulative glucose added to the vessel . This control strategy
diminished glucose variations that were observed during bolus addition. Importantly, the
adaptive nature of the dynamic feeding strategy tracked the variation of glucose

consumption rates and ensured that the glucose levels were maintained within the culture

48



without the need for manual adjustments '“8. Lastly, OUR was used to monitor the
metabolic activity of the culture as well as to detect nutrient limitations “°. Thanks to this
on-line signal based on a liquid mass balance, a feeding strategy was developed to obtain
different specific protein production (gP) profiles, Steep decrease in OUR was linked to
the exhaustion of tyrosine in the medium as was confirmed by spent broth analysis. With
this knowledge supplementation of tyrosine was realized “°. Therefore, respiratory activity
of the cells recovered and OUR showed an increase. This pattern of depletion and
supplementation was repeated throughout the process. Importantly, it was observed that
the exhaustion of tyrosine led to a decrease in OUR, it also decreased the specific
productivity of the culture. To further determine the impact of supplementation on the OUR
profile, an experiment was designed where a supplementary feed containing tyrosine (and
other essential amino acids) was added to the cell culture. This was compared to a standard
un-supplemented fed batch. The supplementary feed was added immediately after
observing an initial decrease of the OUR profile “°. The on-line monitoring of cellular
respiration, which detected early onset of nutrient limitations maintained a high specific
productivity when compared to un-supplemented cultures, which decreased in specific
productivity over time due to nutrient limitations. Thus, it can be concluded that either
OUR or oxygen flows can give underlaying information about cellular volume or metabolic

activity.
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Soft Sensors

The term soft sensor describes the union between hardware and software implemented
models so as to collect information about an ongoing process that would be unattainable
under different circumstances by relying solely on hardware sensors. Consequently, it
describes the synergy between software tools and hardware technologies for the purpose
of discerning phenomena within a bioreactor %152, Thus, soft sensors leverage accessible
online data so as to deduce numerical data about complex process variables that are
impossible to measure directly within a sterile system or can only be currently measured
at very low frequency with analytical tests 3. Consequently, soft sensors can become
useful tools in terms of monitoring and control implementations within the
biopharmaceutical industry 49152 A sophisticated soft sensor, thoughtfully designed to
accommodate the needs of its stake holders, is theoretically expected to decrease the
requirement of daily surveillance and maintenance work. Moreover, soft sensors should
improve interpretability of the results from bioreactor runs by leveraging the capability of
the model to establish connections between various crucial variables 4. With this in mind,
soft-sensors are optimal candidates for the PAT initiative so as to contribute in the path
towards automated control 53, Crucially, soft sensors can be classified into three groups:

data driven sensors, model driven sensors, and hybrid models 4.

Model-driven sensors involve mechanistic models rooted in engineering principals such as
mass or energy balances. As a result, they provide insights into the process inherently
embedded in biological insights 1. These models can incorporate known culture
conditions like media composition and performance indicators (protein yield, lactate

production, glucose consumption, cell growth) so as to establish concrete models. Due to
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this characteristics, model-driven sensors can leverage known Kinetic equations that
captures the dynamic variation of variables 4. In summary, these types of soft-sensors can
incorporate, thermodynamic restrictions, transport phenomena and reaction kinetics into

154 Nevertheless, model-driven soft-

the model which greatly facilitates interpretability
sensors must undergo thorough stages of parameter identification, uncertainty assessment
and sensitivity analysis so as to adequately evaluate and validates the constructed models.
It is important to highlight that when the constructed model-driven sensor is shown to be
replicable and reliable, it can greatly enhance the understanding of the manufacturing
process . Model-driven soft sensors can be classified into two clear cut categories:
steady-state models and dynamic models. The latter type of models rely on dynamic
balances and kinetic assumptions to adequately articulate rate expressions as a function of
state variables 1°°. Alternatively, steady-state models emanate from mass and heat transfer
phenomena. Examples of steady-state models include Flux Balance Analysis (FBA) or
Metabolic Flux Analysis (MFA) which are stoichiometric-rooted techniques commonly
employed to characterize cellular metabolism %6158, They are also valuable for estimating
intracellular fluxes by utilizing known extracellular analyte or production rates as model
restrictions. Because the quasi-steady-state assumption for intracellular metabolites is
crucial, these models are deemed static in nature **. In contrast, kinetic models are
typically formulated as a set of ordinary differential equations (ODESs) that can depict
dynamic alterations in metabolite concentrations, titer, cellular growth across culture time
149152 Duye to this, cellular death and growth can be explicitly linked to alterations in the
concentration of pertinent nutrients and metabolic waste products. Furthermore, protein

expression has been linked to both cell growth and amino acid metabolism 154159160
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Dynamic models can be designed with different degrees of intricacy, contingent upon the
assumptions formulated by the researchers concerning the culture system within the
reactor. This varied level of complexity can be adjusted by taking into account the
heterogeneity within cell populations or by recognizing the presence of established cellular
compartments and their respective behaviours. Conversely, dynamic models can be
streamlined when reactions are combined into rate limiting steps 4159160 Dye to these

considerations, mode-driven sensors can be very complex to develop.

Hybrid models, also referred to as grey box models, constitute another pertinent category
of soft sensors. These soft sensors can be viewed as an amalgamation of data driven soft
sensors and model driven soft sensors, effectively harnessing the advantages of both
methods 49152, Several architectural strategies are available for crafting hybrid models,
broadly categorized into three groups: i) Calibration ii) Composition iii) Transformation.
Calibration architectures employ black box (data driven) models to minimize errors in
mechanistic models. Composition architectures utilize black box models to estimate
unknown terms within a mechanistic model. Finally, a transformation approach leverages
mechanistic models to create data rich environments from which to train a black box model
161 llustrations of such approached include state observers which integrate dynamic
modeling (white box) and data-driven modeling (black box). This is realized by updating
the state estimates derived from noisy measurements and gradually reducing the estimation
error with each iteration . This necessitates the distinct assumption of linear dynamics
within the process and a gaussian distribution for the error terms. Under such assumptions
a Kalman filter can be employed. However, considering that the process dynamics within

a bioprocess are inherently non-linear, the extended Kalman filter may be utilized. This
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approach achieves a piecewise linearization through a first-order Taylor series expansion
162 Another significant variant of the Kalman filter that is extensively applied to non-linear
systems is the unscented Kalman filter. This technique utilizes an unscented transform to
circumvent the necessity for a Taylor series expansion of the system of equations so as to
linearize the model 13, This approach can be beneficial as the unscented transforms enables
the use of non-linearizable functions as a state observer. Consequently, black box functions
such as support vector machine regression can be employed to establish a relationship
between an online sensor output and a non-online variable 3, It is essential to acknowledge
that the accuracy of a hybrid sensor (grey box model) can be greatly influenced by the
accuracy of the mechanistic model integrated into the grey box mode. Therefore extensive
validation of the mechanistic model is imperative so as to ensure its capability to effectively
represent the process %4 Extended Kalman filters have been implemented in rAAV
production processes where online bio-capacitance signals and an unstructured
mechanistic model are utilized in conjunction with neural ordinary differential equations
so as to estimate cell-specific rates. This configuration yields a soft-sensor capable of
continuously estimating other state variables that are otherwise measured at low sampling
frequencies ¢°. Similarly, hybrid extended Kalman filters incorporating PLS model to
estimate specific rates within the model have also been devised 6. Hybrid models can also
characterize the biological system using a mechanistic framework but articulate cell-
specific rates through black box statistical expressions %152, Here, the mechanistic
framework inherently limits the solution space of the model. Therefore the statistical cell-
specific rate expressions can be readily determined ®’. In this framework, the inputs into a

mechanistic model can be provided a PLS or an Artificial Neural Network (ANN)
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prediction derived from multi-wavelengths spectra or multivariate parameters 6816° |n
scenarios with limited data, such as rAAV production, employing unstructured
mathematical models enables the generation of cell line specific data. This information-
rich environments can then be utilized to train non linear regression techniques such as

recurrent neural networks (RNN) which are exceedingly good with time varying data °.

Multivariate analysis techniques such as PLS, principal component regression (PCR), and
non-linear regression methods like ANN and SVMR are also employed in data-driven soft
sensor development. These techniques aim to establish relationships between input features
and the desired variables %17, These nonlinear models can play a crucial role in
comprehending mammalian cell culture, especially considering that the relationship
between metabolic indicators and process variables remain unknown or are highly cell line
specific 4. PLS and ANN regression are commonly employed for the analysis of spectral
data, particularly NIR/MIR/Raman/Fluorescence spectroscopy. In this context, spectral
data serves as input and is correlated with outputs such as substrate concentrations, biomass
accumulation, cell viability and/or titer 1?4176, These models enable the prediction of
crucial process variables that may not be directly discernible from spectral signals or multi-
sensor data alone but from the deconvolution of datasets generates by such sensors. In
theory this presents an advantage over mechanistic models, as online measurements (such
as pH, oxygen sparging data, base addition, DO control curves, process temperature,
dissolved carbon dioxide sparging, OUR, bio-capacitance signals, Raman spectra, etc.) not
directly coupled to cellular growth and metabolic indicators (protein expression, lactate
accumulation, etc.) can be used to aid in the prediction of those variables. Alternative

methods applied in bioprocessing include multiple linear regression, k-nearest neighbors,

54



regression tress, ensemble approaches (Gradient Boosting Machine, Extreme Gradient
Boosting, Adaptive Boosting, Random Forest), and Gaussian process regression *7-17°, As
mammalian cell culture exhibits both time-dependent variation and a multivariate nature,
techniques designed for sequence forecasting have been employed. While ANNs can
capture dynamics of non-linear systems like cell culture runs, RNNs, a sub class of ANNSs,
excel in capturing the internal temporal dependencies of a system. These architectures are
especially beneficial for making predictions of relevant state variables several time steps
ahead 1%, Recently, these networks have been employed to predict biomass growth both
before and after transfection in an rAAV production process 8. This involved using
features such as cumulative oxygen sparged and DO values, integral of DO. The time-
related variance of these features was then related to cellular growth. Additionally, RNN
models for multivariate estimation of mammalian cell culture data (total cell density, viable
cell density, viability, lactate concentration in the reactor broth, glucose concentration in
the reactor broth and titer) have also been developed ®2. Data driven techniques such as
PCA can be employed for exploratory data analysis and qualitative understanding of the
data. The most common approach in bioprocessing is to use PCA as it can help visualize
data, compare datasets and reduce dimensionality 8. PCA is particularly useful for
identifying correlations among variables. It is a process that transforms a large dataset with
collinearity into a low-dimensional space of uncorrelated principal components. Each
principal component explains a certain portion of the overall variance within the dataset
178 Crucially, the connection between principal components and the initial process
variables can be established through eigen vectors providing interpretability of the

outcomes 8. PCA has been commonly employed to assess the effectiveness of scaling
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operations across different reactor dimensions 18418 Statistical tests leveraging PCA have
been created to ascertain the extent of resemblance between the scaled-up process and the
laboratory-scale process *¢7. Considering bioprocessing data is a three-dimensional dataset,
encompassing diverse experiments with variables evolving over culture time (lot number,
process parameters, sampling time points), unfolding of data becomes essential. PCA,
inherently designed for two-dimensional dataset’s requires specific methods for unfolding,
including batch-wise, time-wise and variable-wise unfolding. Collectively, these methods
are referred as multiway PCA 818 Batch-wise unfolding facilitates a direct comparison
across different batches, albeit at the expense of losing granularity along the time
dimension 81%° Nevertheless, by comparing batches distinct experimental clusters can be
visualized providing insights into how various process parameters were altered between
conditions. While PCA is commonly employed on datasets from late-stage process
development or manufacturing to asses outliers and enhance process robustness,
investigations indicate that employing comparable techniques on early process
development datasets can unveil details such as uncontrolled variance, experimental flaws
and gaps in knowledge °1%2, This methodology facilitated the establishment of a
framework enabling exploratory data analysis to assess the influence of carbon dioxide
concentrations and osmolarity on antibody production 8. PLS can also be employed to
discern broader patterns in the dataset by reducing the original dimensionality’®.
However, a crucial distinction is that PLS established a connection between a feature vector
(X) and a response vector (Y), which can subsequently be used in regression tasks for
outcome prediction. This approach has found extensive use in bioprocessing scale-up,

allowing the assessment and tracking of variable importance across different scales 1%, As
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an example, PLS served as a regression method for forecasting monoclonal antibody
production, facilitating a comparison between 3L scale process and a 2000L scale
process*®. By analyzing PLS loading plots and adjusting process conditions of the 3L
bioreactor, a comparable process was established at a smaller scale, exhibiting similar
behaviours and outcomes when compared to the 2000L process. Despite its high
interpretability, as it involved dimensionality reduction on the feature vector and response
vector followed by a linear regression with the non-correlated latent variables, the
technique is constrained by the assumption of linearity 1’®. Considering the inherent non-
linearity of biological processes, less interpretable but more effective methods can be
employed through machine learning models, particularly when aiming to create soft-
sensors. Non-linear SVMR has been applied in large scale reactors to predict titer based on
several measured process variables 172, Lactate metabolism was determined to be a pivotal
process indicator forecasting the endpoint protein yield, underscoring the significance of
regulating glycolytic fluxes during seed train inoculation on large scale reactors 172, Tree-
based models serve as potent tools capable of precisely capturing non-linearity inherent in
biological systems while maintaining a high level of interpretability 8. In this context, the
data can be partitioned into intervals and a decision tree can delineate the response variables
outcome based on the observed ranged of various input variables. As this strategy may risk
overfitting, a random forest approach can be implemented. Random Forest techniques
involve running an ensemble of decision trees concurrently and subsequently averaging the
predictions from each decision tree. This collective approach mitigates the overfitting
challenges associated with individual decision trees. These algorithms have been employed

in microbial hydrogen production, demonstrating improved model performance compared
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to regularized regression 1’7, These methods have been applied in the modeling of Raman
spectroscopy, providing an alternative to the established PLS gold standard %. Extreme
gradient boosting algorithms also rooted in decision tree-based methods, distinguish
themselves from random forest by constructing trees sequentially instead of in parallel.
This sequential approach enables a gradual enhancement of the decision tree by continually
re-weighting trees that accurately predict outcomes at were poorly modeled by previous
trees 1’8, Given that this objective function can be optimized with a learning rate, it can be
more susceptible to overfitting. Therefore, caution should be exercised when constructing
and tuning the model. Furthermore, machine learning regression techniques designed to
predict process outcomes can be developed not only to forecast future outcomes based on
monitored variables but also to comprehend the importance of variables within the model
1%, To achieve these goals, SHapley Additive exPlanation (SHAP) was devised based on
the concept of the Shapley value. The Shapley value, rooted in game theory, aids in fair
profit allocation to different stakeholders by assessing their individual contributions to the
outcome %7, Within the realm of machine learning, each feature can be linked to a stake
holder and the payout corresponds to the outcome of the model. In essence, the Shapely
value for each feature delineates its contribution to the prediction of the model for a specific
datapoint. SHAP values have consistently demonstrated reliable results, and the utilization
of SHAP dependency plots provide a valuable summary of the model 1919819
Consequently, advancements in explainable Al have contributed to making model

interpretation less opaque.

In figure 2.6, it is evident how various sensors discussed in this literature review serve as

pivotal sources of data streams for the development of soft sensors. As emphasized, these
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soft sensors exhibit diverse methodologies-mechanistic, data driven, and hybrid models-
each carrying its own set of advantages and disadvantages. The ongoing initiative in PAT
underscores the pivotal role that soft sensors will play in bioprocess monitoring. Black box
models have demonstrated remarkable proficiency in integrating spectroscopic data with
offline analytics to yields quantitative predictions. Conversely, mechanistic-based soft
sensors provide interpretable insights into process dynamics and metabolic rates, serving
as a foundation for control algorithm. Finally, hybrid-based soft sensors hold the promise
of combining the robust modeling capabilities of complex non-linear techniques with

interpretable model architecture with knowledge-based methods.
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CHAPTER 3 ARTICLE 1: MULTIVARIATE DATA ANALYSIS OF
PROCESS PARAMETERS AFFECTING THE GROWTH AND
PRODUCTIVITY OF STABLE CHINESE HAMSTER OVARY CELL
POOLS EXPRESSING SARS-COV-2 SPIKE PROTEIN AS VACCINE
ANTIGEN IN EARLY PROCESS DEVELOPMENT

The article titled “Multivariate data analysis of process parameters affecting the growth
and productivity of stable Chinese Hamster Ovary cell pools expressing SARS-CoV-2
spike protein as vaccine antigen in early process development” was published in
Biotechnology Progress on March 28, 2024, and covers objectives 1-2 of this
thesis. It demonstrates the utility of applying multivariate data analysis and
explainable Al techniques to historical process records so as to gain macro insights
within the data and generate future process development starting points that can be
validated experimentally. 1 was responsible for conceptualization; methodology;
data curation; investigation; validation and writing — original draft.
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Abstract

The recent Covid19 pandemics revealed an urgent need to develop robust cell
culture platforms which can react rapidly to response to this kind of global health issue.
We demonstrated in this article that CHO stable pools can be a vital alternative to quickly
provide gram amounts of recombinant proteins required for early-phase clinical assays. In
this study, we analyze early process development data of recombinant trimeric spike
protein Cumate-inducible manufacturing platform utilizing Chinese Hamster Ovary (CHO)
stable pool as a preferred production host across three different stirred-tank bioreactor
scales (0.75L, 1L, and 10L). The impact of cell passage number as an indicator of cell age,
methionine sulfoximine (MSX) concentration as a selection pressure, and cell seeding
density was investigated using stable pools expressing 3 variants of concern (VOC) namely
Wuhan (Wu), Delta (De), and Beta (Be). Multivariate data analysis (MVVDA) with Principal
Component Analysis (PCA) and batch-wise unfolding technique was applied to evaluate
the effect of Critical Process Parameters (CPP) on production variability. Once
understanding of variable relationship was gained, a Random Forest (RF) model was
developed to forecast protein production. In order to further improve process
understanding, the RF model was analyzed with Shapley value dependency plots so as to
determine what ranges of variables were most associated with increased protein
production. Increasing longevity, controlling lactate build-up, and altering pH deadband

are considered promising approaches to improve overall culture outcomes. The results also
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demonstrated that these pools are in general stable expressing similar level of spike proteins
up to cell passage 11 (approx. 31 cell generations). This cell passage number allows to
expand enough cells required to seed large volume of 200 — 2000L bioreactor.

Keywords: MVDA, Random Forest, CHO stable pool, Cumate induction, SARS-CoV-2

trimeric spike protein, fed-batch bioreactor production

Introduction

Chinese Hamster Ovary (CHO) cells are currently the industry standard when it
comes to producing recombinant therapeutic proteins (RTP). This is because CHO cells
are able to produce human-like proteins that have adequate glycosylation profiles. CHO
cells can come in two flavors, cell lines derived from single clones and stable pools. Cell
line development requires numerous stringent screening procedures that select the best
performing cell clone.®® These tests are generally carried out at the micro-liter scale to
evaluate growth, protein yield, and Critical Quality Attributes (CQA). Such screening
procedures can take months to complete and consequently these strategies are sub-optimal
when reacting to rapidly evolving public health crisis, such as the global pandemic caused
by the SARS-CoV-2.209201 To fast-track the cell line creation to large-scale protein
production, mammalian cell stable pools have been considered an attractive alternative.?%
This is because even though the cell pools are less homogeneous than their cell line
counterparts, they can still be utilized to produce recombinant proteins at a sufficiently
large-scale. It is noted however that cell pools can be susceptible to cell age effects and
thus for stable pools to be a viable alternative to cell lines to provide enough materials for

toxicology study and Phase 1 clinical trials, the process must be understood and

optimized.5? Optimizing pool process intensification can rely on Design-Of-Experiment
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(DOE) to identify process conditions that enhance culture performance in a given
production scale. Once sufficient data are generated across various production systems and
with different pools, exploratory MVDA can be utilized to sort through the data to
understand what parameters promote good performance or impact adversely the production
process.* Additionally, soft sensors that predict process outcomes can also be developed
not only to predict future yields based on monitored variables but to also understand the
variable importance within the model.**® When variable impact on model is combined with
intimate process knowledge, insights can be gained to create representative models or

improve process performance.

In terms of large dataset analysis, Principal Component Analysis (PCA) and Partial
Least Square (PLS) are the two tools frequently used in biomanufacturing. PCA is
generally employed as the first step of MVDA to explore the large data structure and
provide process dynamics. PLS can be applied as the second part of MVDA focusing on
process optimization and forecasting. In the first part of this paper, we will focus on the
use of PCA to reduce data dimensionality thus facilitate data visualization and
comparison.?®® PCA can uncover correlations among variables or show relationships
between outcomes and variables to ultimately detect trends and outliers. PCA is a process
that transforms a large dataset with collinearity into a low dimensional space of new
uncorrelated variables so-called Principal Components (PC) in such a way that each PC
explains a certain portion of the overall variance within the dataset.2%%2%4 |n
biomanufacturing, PCA has been readily used to evaluate the success of scale-up/scale-
down and process impacts on glycosylation profiles.18:205-208 Bjoprocessing data can be

considered as a three-dimensional dataset that consists of various experiments where all
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the variables vary through culture time (lot number, process parameters, sampling time
points). The first step in PCA is data unfolding. There are numerous approaches such as
batch-wise, time-wise, and variable-wise unfolding. Collectively, these methods are called
Multiway PCA (MPCA).?%°?10 Batch-wise unfolding allows the direct comparison between
different batches although granularity along the time dimension is lost.24?'1 However, by
comparing among batches, different experimental clusters can be visualized and then
understood depending on how various process parameters were changed between the
conditions. Although PCA is generally used on late process development or manufacturing
datasets to evaluate outliers and improve process robustness, studies have shown that
applying similar techniques to early process development datasets can be beneficial
revealing information such as uncontrolled variance and experimental flaws.%221? As
mentioned above, Partial Least Square (PLS) is a similar tool that transforms the original
dataset to latent variables, thus reducing the original dimensionality.?*?1* However, a key
difference is that PLS relates a feature vector (X) to a response vector (Y) which can then
be utilized in regression to predict outcomes. This tool has also been applied widely in
bioprocessing scale-up.?'* For instance, PLS was used as a regression technique to predict
monoclonal antibody production to compare a 3L and a 2000L scale process.?*® Through
interpreting the PLS loading plots and altering the process conditions of the 3L bioreactor,
a comparable process was created at small-scale that displayed similar behaviors and
outcomes when compared to the 2000L process. Thus, the 3L bioreactor can be a scale-
down model to predict the 2000L performance. Even though the PLS technique is highly
interpretable (carry out dimensionality reduction on feature vector X and response vector

Y and then realize a linear regression with the non-correlated latent variables), it has the
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downside of utilizing a linearity assumption.?°> When PLS was coupled with amino acid
stoichiometric balances, an approach to rapidly optimize amino acid concentrations in
chemically defined media was developed. Here, PLS was deployed to comprehend the
relationship between the dynamics of time-dependent stoichiometric balances and critical
response variables like cell growth or monoclonal antibody (mAb) productivity.?!®
Important nutrients that impacted specific response variables or cellular phenotypical states
could be detected and further translated into experimental designs for validation studies.?'®
Given that biological processes are nonlinear in nature, less interpretable but better
performing techniques can be utilized through Machine Learning (ML) models (such as
Support Vector Machine Regression), especially if the goal is to develop a soft sensor.?*’
Such technique has been applied in large-scale bioreactors to predict titer based on
features.'’? Lactate metabolism was found to be a Key Process Indicator (KPI) in terms of
predicting final protein yield and suggested the importance of controlling glycolytic fluxes
during seed train inoculation at large-scale. Tree-based models are also powerful tools that
can accurately model nonlinearity among biological systems.?®® Here, data can be
segmented into ranges and a decision tree can represent the outcome of a response variable
depending on what ranges various input variables are observed at. Since this approach can
lead to overfitting, which is an undesirable machine learning characteristic, Random Forest
(RF) can be realized. RF techniques are able to run a collection of decision trees in parallel
and then return the average prediction of each decision tree. Since it averages out multiple
regression trees, RF can overcome the overfitting drawbacks that are observed with single
decision trees.?*® Such approaches have also been utilized in the modeling of Raman

spectroscopy and shown to be an alternative to the PLS gold standard.?'® Extreme Gradient
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Boosting algorithms (XGBoost) are also decision tree-based methods and differ with RF
in the sense that trees are constructed sequentially rather than in parallel. This allows for a
gradual improvement of the decision tree by continuously re-weighting trees that correctly
predict outcomes that were previously poorly modeled by previous decision trees.?*® Since
this objective function can be optimized with a learning rate, it can be more prone to
overfitting and as such, care must be taken when building and tunning the model.
Alternative approaches applied in bioprocessing include multiple linear regression, k-
nearest neighbors, Gaussian process regression, classification and regression tree, and

ensemble approaches (Gradient Boosting Machine, Adaptive Boosting).17%:203:218

MVDA tools can help improve our understanding of a process which is key to
develop a robust production platform capable of being transferred to different cell types
for various target proteins. It is also known that machine learning models can play a role
in modeling the interaction between variables and outcomes. This, in turn, provides a
pipeline for transferring knowledge gained during the early process development to the
manufacturing stage where soft sensor prediction capability will be greatly increased given
that the process will be locked in to a specific range within the Design Space (DS); the
latter is needed to assure predefined Critical Quality Attributes (CQA).* Such tools are part
of the Process Analytical Technology (PAT) initiative and an important aspect of

Biopharma 4.0 manufacturing which aims to improve process understanding.*

The current paper focuses on applying Multiway Principal Component Analysis
(MPCA) to examine early process development data with the purpose of expanding process
knowledge and improving conditions that maximize SARS-CoV-2 trimeric spike protein

production using stable pools instead of stable clones to accelerate development timelines.
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Further modeling with Random Forest (RF) demonstrated that endpoint product titer can
be predicted utilizing key cumulative and endpoint process values. In-depth analysis of the
model demonstrated that improving overall longevity of the cell culture as well as limiting
lactate build-up are key variables that if tunned appropriately with process related changes
could improve spike protein yields. It is worth mentioning that SARS-CoV-2 spike protein
is a difficult-to-express protein due to its structural complexity. Any upstream process
development to improve its yield would be valuable to help manufacture this potential

vaccine antigen.®

Materials and Methods

Stable CHO Cell Pool and Small-Scale Cell Culture Conditions

Four stable CHO cell pools expressing SmTL1 trimeric spike proteins namely
Wuhan (Wu), Wuhan Tagless (WuTL), Delta (De), and Beta (Be) variant were generated
as described previously.?’! Pool cells were thawed and grown in BalanCD CHO Growth A
medium (Fujifilm/Irvine Scientific) supplemented with 50 puM MSX (L-Methionine
sulfoximine, Sigma-Aldrich) and 0.1% (w/v) Kolliphor P188 surfactant. 125-mL (20 mL
working volume) shake flasks without baffles (Corning) were used for cell maintenance
and passage. The flasks were shaken at 120 rpm (25 mm orbital diameter) in an incubator
regulated at 37°C, 5% COg, and 75% relative humidity. Cells were passaged every 2 or 3

days to keep a maximum viable cell density between 2-3x10° cells/mL.
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Cell Culture Analytical Methods

Cell density, viability, main metabolites (glucose, lactate, ammonia) were
measured utilizing the previously reported methodology.?°%?% Briefly, cell counts were
realized with Innovatis Cedex (Roche) or ViCell Blue (Beckman Coulter) automated cell
counter using trypan blue dye exclusion assay. Key metabolites such as glucose, lactate,
and ammonia were determined using the Vitros 350 Chemistry System (Orthoclinical
Diagnostics). Volumetric protein titers were estimated using TGX Stain-free SDS-PAGE

gels (Bio-Rad) quantification method.

Bioreactor Fed-batch Process

The bioreactors were seeded at 0.2 x 10° cells/mL (Low-seed) or 0.4 x 10° cells/mL
(High-seed) and cultivated for 17 days in the fed-batch mode. Temperature downshift
(from 37°C to 32°C) was realized 3 days after seeding. A pH shift (from 7.05 +0.05 to 6.95
+0.05) was performed on all batches 2 days after seeding. Induction was conducted with
4-1sopropylbenzenecarboxylate (Cumate, ArkPham), concomitantly with the temperature
downshift. Cultures were fed with BalanCD CHO Feed 4 (Fujifilm/Irvine Scientific) and
supplemented with glucose to maintain the concentration above 17 mM (3 g/L) for the next
sampling point. Samples were taken from the bioreactors on days -3, -2, -1, 0, 3, 5, 7, 10,
12, and 14 days post-induction (dpi) for off-line analysis, while feeding was realized in a
bolus dosage from O dpi onward. Table 3.1 shows a summary of studied process conditions.
The impact of seeding density (low vs. high), cell age through cell passage number

(passage 5, 8, 11), MSX concentration (50 vs. 125 pM) on process outputs was examined.
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Volumetric Power Input (P/V) indicating the relationship between agitation speed and
culture volume was set in a range between 30-40 W/m? for the Multifors 0.75L (Infors)
and BioFlo 1L (Eppendorf) systems. The final P/V value was decreased due to volume
increase with feed events while keeping a same agitation speed. For the BioFlo 10L
bioreactor (Eppendorf), a P/V range between 20-80 W/m?® was explored. A dissolved
oxygen (DO) setpoint of 40% (of air saturation) was chosen for the Multifors 0.75L and
BioFlo 1L systems while for the BioFlo 10L bioreactor, DO of 40% and 60% were studied.
A Kolliphor P188 surfactant concentration of 0.2% (w/v) was used for the Multifors 0.75L
and BioFlo 1L whereas a variation from 0.2% to 0.6% (w/v) Kolliphor P188 was
investigated in the BioFlo 10L system. In the Multifors 0.75L, micro-spargers (10 um pore
diameter) with an air cap were used in a cascade air/oxygen strategy. Cell passage number
and MSX concentration were varied across batches. For the BioFlo 1L, micro-sparger,
macro-sparger, and dual sparger composed of a micro-sparger and a macro-sparger were
compared. A mix between air caped and no air caped strategies were also studied within
this sub dataset. The BioFlo 10L studies encompassed a variety of process conditions such
as air caps, sparger type, agitation rate, and number of impellers. It must be noted that for
bioreactor runs that employed dual sparger configuration, the macro-sparger sent only air
(air cap (AC)) while the micro-sparger injected flow of both oxygen and carbon dioxide as

needed.
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Table 3.1. Bioreactor Production Process Conditions

Seeding
Cell PIV Number
Bioreactor Density MSX DO Aeration
Pool passage range Kolliphor | Sparger of
System (108 (uM) (%) strategy
number (W/md) P188 impellers
cells/mL)
(%, wiv)
Wuhan
(Wu)
5 50 Air cap
Multifors Delta (De) | Low: 0.2 (AC)
0.75L 8 125 | 40-30 40 0.2 Micro with 2
(Infors) Beta (Be) High: 0.4 Air/O,
11 cascade
WuhanTL
(WuTL)
Macro Air cap 1
(AC)
BioFlo 1L | Wuhan
High: 0.4 5 50 40-30 40 0.2 Micro 1
(Eppendorf) | (Wu)
No air
Dual cap 1
Macro Air cap 1
40 0.2 (AC)
BioFlo 10L | Wuhan
High: 0.4 5 50 80-20 Micro 2
(Eppendorf) | (Wu)
60 0.6 No air
Dual cap 2

Dataset Structure and Batch-wise Unfolding Method

The dataset is made up of 59 batches (productions). It is worth mentioning we kept
the terminology “batch” to indicate a production run as this term is widely used in data
science. All productions (batches) were performed in fed-batch mode. Of the total 59

productions, 38 were conducted in the Multifors 0.75L, 13 batches in the BioFlo 1L, and 8



batches were realized in the BioFlo 10L. For the Multifors 0.75L parallel benchtop
bioreactor platform, 14 batches were run with Wuhan pool, 12 batches were realized with
Delta pool, 6 batches with Beta pool, and 6 batches with Wuhan Tagless pool. The other
two systems (BioFlo 1L and 10L) used exclusively the Wuhan pool. Table 3.2 shows the
variables considered in the MVVDA. Product titer was not listed given that the Wuhan pool
sub dataset has only endpoint titers while titer evolution profiles were available for Delta,
Beta, and Wuhan Tag-less pools. It was decided to exclude titer as a variable to keep
analysis consistent across pools. However, during the analysis of variable relationship,
endpoint titers were considered for result discussion. Viability, viable cell density (VCD),
residual glucose, lactate, and ammonia were measured following the same schedule as
mentioned in the process conditions section above. Calculated values such as Integral
Viable Cell Concentration (IVCC), glucose consumed per day, and cell specific metabolic
rates (glucose, lactate, ammonia) were estimated using the same procedure across all
batches. Online data from the bioreactor runs were also added into the dataset. pH,
cumulative volumetric base addition, cumulative oxygen flow, and cumulative carbon
dioxide flow were calculated into daily averages such that direct comparison with the
sampling day’s data could be made. The cumulative gas flows were normalized with
respect to the bioreactor volume so as it represents the cumulative gas volume per liquid
volume per minute (VM) for each gas. Batch-wise unfolding of the data (Figure 3.1) was
realized in such a manner, so each row represents a batch, and each column represents a

variable at a given sampling timepoint (-3 to 14 dpi, Day post-induction).
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Figure 3.1. Batch-wise unfolding from 3D dataset to 2D data arrangement.

Each row represents a batch (i). Time (k) and variables (j) are presented as columns and

arranged in a cyclical mode such that every variable is a block from time 0 to k.

For this unfolding method, each experiment (batch) becomes a score in the principal
component (PC) plot effectively collapsing the time dimension while there is a loading
value for each sampling point for every variable. Loadings (Annex 1S-18S) provide
information about how each variable contributes to the formation of the principal
components and can help interpret the data structure and relationships among variables
within the dataset. Consequently, loading plots can help understand what variables are
driving the position of a given score (batch experiment) in the principal component (PC)
axis. Loadings can be positive or negative representing the direction of the relationship
(positive loadings indicate positive correlations between the variable and the principal
component while negative loadings represent negative correlations). Magnitude of the
loading values are also relevant as they represent the strength of the relationship. Larger
values suggest more significant influences of the variable on the principal component. It

must be noted that since all the runs were performed to investigate specific process



parameters (cell passage number, seeding density, MSX concentration, pool type), the
objective of the MVDA is to infer global trends within the dataset and determine KPI (Key
Process Indicator). This is especially important since there is a lack of published
information regarding inducible pools and much less large dataset analysis of such
production platform. To the best of our knowledge, this is the first report demonstrating
the benefit of MVDA to help interpret the data obtained during the early bioreactor process

development of an inducible stable CHO pool.
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Table 3.2. Variables considered in Batch-wise Multiway PCA (MPCA).

IVCC, cells*day/mL

Cell Growth  [VCD, cells/mL

Viability, %

Residual Glucose, mM

Lactate, mM
Offline Measurements Metabolites
Ammonia, mM
Total Consumed Glucose (TCG), mM
Glucose (qGlc), pmol/cell/day
Cell specific

Lactate (qLac), pmol/cell/day
metabolite rates

Ammonia (gAmon), pmol/cell/day

Oxygen, mL/min
Gas Sparging

Air, mL/min
Online Environmental

pH profile
Continuous Measurements

pH control ~ [Base Addition Volume, mL

Carbon Dioxide, mL/min

MVDA approach, software, and package

Pre-processing of online data and analysis was carried out using R programming
language. The mdatools??! package was utilized for PCA while the caret??? package was
employed to build the Machine Learning (ML) models. Multi-steps were used to treat the

data. First, Savitzky-Golay filtering??® was carried out on pH data before calculating daily
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averages for bioreactor online data (pH, oxygen flow, carbon dioxide flow, base addition)
so as to filter out noise sensor data. For the remaining variables (base, oxygen and carbon
dioxide sparging), root cause analysis was carried out to determine if abnormal behaviour
could be explained by sensor faults and thus excluded from analysis. Second, daily
averages and sampled variables were gathered in Excel spreadsheets (Microsoft) and
arranged such that they matched in the time dimension. Daily averages of the online data
were taken and for the sparge rates, since they are highly variable (on/off flow of pure
oxygen and carbon dioxide), cumulative of said variables (oxygen and carbon dioxide
flow) were taken so as to compare trends. Lastly, of the daily online bioreactor values, only
values that matched with sampling days were taken so as to not bias the dataset (in the 17-
day fed-batch process, there would be 10 offline sampling data values for each variable
while there would be 17 values for each online variable). For the online variables, values
starting from -2 dpi (culture day 1) were included since base addition and oxygen sparging
are nonexistent in the first day of culture (-3dpi = culture day 0). Input data (IVCC, VCD,
viability, lactate, ammonia, cumulative glucose consumed, residual glucose, base addition,
cumulative oxygen sparged, cumulative carbon dioxide sparged, pH, gLac, qGlc, gAmon)
were arranged in batch-wise unfolding so as to carry out PCA where score values and
principal component axis generation can be considered the output for the purpose of data
visualization. Loading plots (Annex S1-S18) were utilized to determine the driving factors

behind score plot distributions.

Once correlations among variables were better understood through Multiway PCA,
key parameters describing the behavior of each batch (IVCC, endpoint viability, max

lactate, endpoint lactate, endpoint ammonia, cumulative glucose consumed, endpoint
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residual glucose, total base addition, cumulative oxygen sparged, cumulative carbon
dioxide sparged, endpoint pH, pool type, passage number) were calculated and used as
input features to predict endpoint titers (output) using four modeling methods as described
below. MSX concentration was excluded from the model because the extra MSX
supplementation did not show impact as demonstrated in the Results and Discussion

section below.

Support Vector Machine (SVM), Partial Least Square (PLS), Random Forest (RF),
and Extreme Gradient Boosting (XGBoost) were utilized as regression methods to relate
the input variables (features) to the output variable (titer). The total dataset used to generate
the regression models was made up of 50 batches. It was split into training (80%) and test
(20%) sub datasets. Model metrics were obtained for both training and test datasets. Each
model was subjected to the same hyperparameter tuning strategy. Adaptive resampling of
the tuning parameter grid was realized in such a way that the random search of
hyperparameters is concentrated on values that are in the neighborhood of the optimal
parameters by discarding settings judged sub-optimal. To assess the performance of the
training regression models, bootstrapping was conducted using the training and test dataset
separately. For each iteration (i = 100), a bootstrap sample was created by resampling the
imputed sub dataset (training or test) with replacement. The regression model was then
used to predict the target variable for the bootstrap sample. Key evaluation metrics
including Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and the
coefficient of determination (R?) were evaluated at each iteration. By repeating this process
multiple times, a distribution of these metrics was obtained, providing insights into the

performance and variability of the pre-trained regression models on both the training and
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test datasets. Best performing model based on RMSE, MAE, and R? was then analyzed
with shapely value dependency plots to obtain more information about the impact each
feature has on the prediction outcome and at what range of values said features had a
positive or negative impact on prediction. The R caret package was utilized to build the
models, boot package??*?? was used to get bootstrapped statistics, and fastshap

226

package--° was employed to construct the Shapely value dependency plots.

Results and Discussion

Seeding cell density impact

To investigate the impact of seeding cell densities (SCD), two densities (low: 0.2 x
108 cells/mL and high: 0.4 x 108 cells/mL) were evaluated within 14 batches. Our previous
data (not shown) demonstrated that higher density at induction contributes to accelerate
production pace thus shortens process duration without affecting final titers. However, the
superior seeding density bound needs to be controlled mainly because the existing feed
regimen has been designed to support a specific range of viable cell density. Post-induction
cell overgrowth due to high induction cell density may lead to premature cellular decline

probably due to nutrient limitation occurred at high cell biomass.
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Figure 3.2. Principal Component (PC) scatter plots for Wu pool in Multifors 0.75L
bioreactors.
A) PC1 vs PC2 scatter plot showing seeding density impact on the distribution of batch
experiment scores. High seeding density batches are colored in orange while green
indicates low seeding density batches, ellipses represent 95% Confidence Interval (CI), B)

PC3 vs PC4 scatter plot showing high and low titer batches spread between both seeding

densities. Left ellipse indicates low yield productions while right ellipse relates to high

yield runs.
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From Figure 3.2A, it is clear that two distinct clusters are created. The orange
cluster represents productions seeded at high density while bioreactors seeded at low
density are distributed within the green cluster. When evaluating what variables drive this
phenomenon in the principal component 1 (PC1) axis, it is found that batches located on
the positive PC1 axis have higher lactate accumulation (27.8 mM peak lactate vs. 23.7 mM
peak lactate), increased peak VCD during the 3-day growth phase (4.35x10° c/mL vs.
2.98x10° ¢/mL), and increased oxygen requirements (16.77 mL/min vs. 10.52 mL/min).
These variables are intimately related with increasing biomass, which explains the
segmentation based in seeding density. It is worth mentioning when the endpoint titers and
viabilities are compared, no clear relationship with respect to seeding density can be

attributed (Table 3.3).

Table 3.3. Endpoint product titers and viabilities

Product Titer, mg/L Viability, %
High Seeding Density 1010+216.2 91.19+3.42
(n=8)
Low Seeding Density (n=6) 937+141.4 94.7+£1.65

Figure 3.2B shows that some productions differ in the principal component 3 (PC3)
axis. This component is primarily driven by addition of base to regulate pH (negative PC3)
and increasing oxygen sparging flowrate (positive PC3). Given that links between oxygen
consumption and protein production have been investigated®?’, the final protein production
of the batches at opposite ends of the PC3 axis was evaluated. It was determined that the

points lying on near the origin and the right-hand side of the PC3 axis had an average

80



protein expression of 1064+137 mg/L (n=10) while the points lying on the left side of the
PC3 axis had a final protein expression of 765+83 mg/L (n=4). Since the variation in
protein expression happened in both high and low seeding density conditions, a deep dive
into the time series data was required to explore the root cause of this variation. As such,
time profiles were plotted (Figure 3.3). High performers (blue) were defined as batches
that were above average in terms of final protein expression whereas low performers (red)

were assigned as batches that had below-average protein expression.
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Figure 3.3. Color coded time profiles for the Wuhan pool experiments (n=14) performed in

the Multifors 0.75L system.

A) Base Addition Volume, B) Cumulative Oxygen Sparging, C) Lactate Profile, D) Total

Consumed Glucose (TCG), E) Cumulative Carbon Dioxide Sparging, F) Daily pH profile.

Cumulative O2 (mL/min)

pH
7.00

Total Consumed Glucose (mM)

25

20
L

15

10

o J

75 100 125

50

B
Cumulative Oxygen Profile
W High Titer
B Low Titer /'
7
75 Y
Yy /4
¥ / ! ;/'
7
.-.-lﬁlﬁl-él
3 0 3 6 s 'R
Time (Dpi) D
Cumulative Consumed Glucose Profile
9 W High Titer
B Low Titer
%Eé
|
] |‘I"
s 0 3 6 s 1 1
Time (Dpi)
E
pH Profile
7 B High Titer
B Low Titer
e e o
: ii—--‘l><. .
R %i 7.
3 ] ] ™
3 0 3 s o 2 s

Time (Dpi)

82



It is clear that high performing batches (blue) required generally lower base
addition (Figure 3.3A) and higher oxygen sparging (Figure 3.3B) compared to low
performing batches. It is unclear why two low yield batches displayed elevated base
volume at the beginning of culture. The large sudden addition of base for these two cultures
may have been caused by an error in priming the base lines for proper pH control at the
culture start. This, in turn, could lead to an overly aggressive response from the PID
controller. It was estimated that the total volume inside the base line is only 2 mL and thus
total base volume uncertainty is near 12%. This low amount of base volume addition
uncertainty was not considered to be impactful enough to merit excluding the two batch
runs from further modeling. When evaluating the corresponding lactate profiles (Figure
3.3C), itis hard to conclude that lactate metabolism alone is enough to explain the variation
in protein expression even though high titer cultures displayed less lactate production
variability. Figure 3.3D shows that high performers had higher glucose consumption. It can
be postulated that high glucose demand relates to higher levels of protein expression
through TCA cellular respiration activity as evidenced by the increased oxygen
requirements (Figure 3.3B). Higher overall CO, sparging rates were observed with low
performing batches (Figure 3.3E). All the cultures were performed with pH
setpointtdeadband of 7.05+0.05 (covered range: 7.0-7.1) until -1 dpi and pH was
downshifted to 6.95+0.05 (range: 6.9-7.0) from -1dpi to 14 dpi. When looking at the daily
average pH profile (Figure 3.3F), it can be discerned that the worst performing cultures
had the largest deviations within the deadband, with values near the 6.9 or the 7.0 threshold.
Increasing the pH deadband to cover a larger pH range (example: 6.8-7.2) could potentially

diminish addition of carbon dioxide or base thus eventually improve process robustness.
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Impact of bioreactor culture system

The Wu pool in the Multifors 0.75L system was compared to a dataset resulted
from the BioFlo 1L system (Figure 3.4). The BioFlo 1L dataset centered around exploring
impact of aeration conditions. The main goal was to find the appropriate aeration strategies
that would re-create the results observed in the established Multifors 0.75L process as part

of a technology transfer project.
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Figure 3.4. Principal component (PC) scatter plots of Wu pool in two bioreactor systems
(Multifors 0.75L and BioFlo 1L).

PC1 vs PC2 scatter plot showing the same pool (Wuhan) with different aeration strategies.
Orange batches (BioFlo Macro) employ macro-sparger in BioFlo 1L, green batches
(BioFlo Micro) use micro-sparger in BioFlo 1L, red batches (BioFlo Dual) utilize dual

sparger configuration in BioFlo 1L, blue batches (Multifors Micro AC (Air Cap)) employ
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micro-sparger with air cap for the Multifors 0.75L system, and ocean blue batches (BioFlo
Micro AC (Air Cap)) deploy air caped micro-sparger in the BioFlo 1L system. Brown
ellipse represents the BioFlo 1L system (13 batches), and purple is assigned to the Multifors

0.75L system (14 batches). Ellipses represent 95% Confidence Interval (Cl).

Figure 3.4 shows that the negative PC1 axis is strongly influenced by high levels
of total consumed glucose (TCG), base addition, and lactate accumulation. Alternatively,
the positive PC2 axis is driven by increased IVCC, oxygen sparging, and ammonia. For
example, when comparing the left most culture with the right most culture, it is found that
the left most culture shows a 2.54-fold increase in cumulative glucose consumption before
temperature shift, large lactate accumulation (2.52-fold increase in endpoint lactate), 5.2-
fold increase in base addition, and initial large cell growth (2.69-fold increase in IVCC
before temperature shift). Conversely, the positive PC1 axis is influenced strongly by high
CO- sparging, high growth phase pH, and high viability specifically towards the end of the
batch (24% higher endpoint viability for the culture in the bottom right when compared to
the culture in the bottom left). Importantly, the far left-bottom batch which was a dual
sparger culture had a base addition of 42.8 mL which was 2.8-fold higher than the average
base addition in the BioFlo 1L dataset (14 batches). Interestingly, ammonia accumulation
in this left-bottom batch was lower (4.0 mM) when compared to the average ammonia
accumulation of the BioFlo 1L dataset (5.5 mM). This points at the idea that batches
towards the right side of the graph had less lactate accumulation and better longevity. This
viability dependence explains why the negative PC1 axis is driven by large initial cell
growth and high glycolysis/lactate metabolism as the cultures are unable to sustain the
large biomass increase and are followed by a premature decrease in viability. It is clear that

the BioFlo 1L system has a wider spread in the score plot when compared to the Multifors
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0.75L system (evidenced by the spread in the confidence intervals of each reactor system).
This makes sense given that the BioFlo 1L dataset focused on testing a variety of sparging
and aeration strategies whereas the Multifors 0.75L dataset studied the impact of seeding
densities, MSX concentration, and cell passage number under the same hydrodynamics
conditions in regard to mixing (volume, agitation, and aeration). Since cell passage
number’s effect was determined to not be an important factor for the Wu pool nor MSX
increased concentration after induction, seeding density is the main factor driving the
variation of the overall spread for the Wu pool cluster. Importantly, this implies that
aeration strategies have a strong impact on process outcomes given that the batch spread
in the scatter plot from BioFlo 1L cultures was larger when compared to the Multifors

0.75L batch distribution extent.

From Figure 3.4, it is also worth noting that the five Multifors 0.75L cultures that
do not overlap (and a sixth batch that exists at the boundary) within the 95% confidence
interval ellipse of the BioFlo 1L system are low density cultures. These 6 batches are the
only low-density cultures of the Multifors 0.75L dataset. Since seeding density was
observed to have an important impact on culture outcome (Figure 3.2A), these six cultures
are shown different from the rest of high-density batches. Interestingly, within the 95%
confidence interval ellipse of the Multifors 0.75L cluster, seven batches from the BioFlo
1L system are found. These cultures use a micro-sparger to provide oxygen to the cells.
This may suggest that sparging oxygen with micro-sparger best recreates the
hydrodynamics environment of the Multifors 0.75L cultures; the latter use uniquely a
micro-sparger. In regard to aeration strategy (with or without air cap), large variation was

found in non-air caped batches, both with micro- and macro-sparger. Dual sparger also
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shows variability that was mostly driven by fluctuations in lactate metabolism and its
impacts (base addition). It can be postulated from the process development data that
multivariate tools can be deployed to help pick aeration strategies that diminish variability

and translate process conditions across bioreactors to facilitate scale-up.

Scale-up from the small-scale bioreactors (Multifors 0.75L & BioFlo 1L) to a

BioFlo 10L system was next explored as shown in Figure 3.5.
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Figure 3.5. Principal component (PC) scatter plots of three bioreactor systems (Multifors
0.75L, BioFlo 1L and BioFlo 10L).

A) PC1 vs PC2 scatter plot and 95% confidence ellipses of Multifors 0.75L, BioFlo 1L,
and BioFlo 10L. Ellipses represent 95% Confidence Interval, B) PC3 vs PC4 scatter plot
of Multifors 0.75L, BioFlo 1L and BioFlo 10L.

Blue, green, red batches indicate the Multifors 0.75L, BioFlo 1L, and BioFlo 10L,

respectively.

88



From Figure 3.5A, it can be observed that the spread of the BioFlo 10L system is
significantly higher than the BioFlo 1L or the Multifors 0.75L. This is due to the fact that
data was collected under varying experimental conditions such as differences in dissolved
oxygen conditions (40% vs. 60%), sparger (macro, dual, micro), agitation speed, air cap,
initial volume (5L vs. 7.5L), and impeller configuration (1 impeller vs. 2 impellers) as
described in Table 3.1. The PC1 axis is driven by IVCC, lactate, total glucose consumption
(TCG), and base addition in the positive direction while carbon dioxide and viability are
the main driving factors in the negative direction. The low-density Multifors 0.75L cultures
are centered in the left most negative axis whereas the high-density cultures are near the
origin. BioFlo 1L and BioFlo 10L have equal seeding densities but varying hydrodynamics
conditions. This difference in spread emphasizes the idea that the impact of hydrodynamics
is much more important than other initial variables such as seeding densities (the spread of
the Multifors 0.75L dataset is driven by variance in seeding density, Figure 3.2). The
negative PC2 axis is driven by oxygen sparging and I\VVCC while the positive PC2 axis is
strongly driven by ammonia, carbon dioxide, base addition, and lactate accumulation.
There was a strong difference in sparging strategies between the 10L system and the two
small-scale bioreactors that can explain the outliers in the 10L cluster. Four BioFlo 1L
batches fall within the 95% confidence interval of the Multifors 0.75L data which again
underscores the idea that batches with similar hydrodynamics (micro-sparger) across
different bioreactors can be evaluated with MVDA. When examining the PC3 versus PC4
scatter plot (Figure 3.5B), one outlier (right-most batch) from the 10L system is evident.
The positive PC3 axis is driven by increased lactate accumulation and base addition while

the negative PC3 axis is strongly driven by IVCC and carbon dioxide sparging. The right-
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most batch outlier utilized a single impeller with a macro-sparger which probably reduces
oxygen transfer capability, and as such, large amounts of oxygen sparging was required
while at the same time having issues maintaining its 40% DO setpoint. This suboptimal
DO control could have impacted cell metabolism as it produced unusually high amounts
of lactate (peak lactate was 98 mM) and consequently, required a lot of base addition (313.6
mL). This unusual behavior concluded in a 390 mg/L titer yield which is below the 732
mg/L average that the 10L bioreactors had. In the literature, similar adverse behaviours

induced by inadequate DO controls have been reported.??®

Cell age effect

As it was mentioned above, the expression stability of pools needs to be evaluated
to ensure a commercial-scale production which requires an expanded seed train. Three
pools stability was evaluated in the Multifors 0.75L system as part of an early process

development objective (Figure 3.6).
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Figure 3.6. Scatter plot of Principal Component PC1 vs. PC2 of different cell passage
numbers used for productions of three pool variants in Multifors 0.75L bioreactor.

Batches are color-coded based on their passage number and pool type (Wu, Beta, WuTL).

Ellipses represent 95% Confidence Interval.

For the Wuhan pool, final spike protein yield remains high even at increasing
passage number (P5 = 11 generations: 908+161.91 mg/L (n=4); P8 = 20 generations:
1252+158.39 mg/L (n=2); P11 = 31 generations: 971+250.31 mg/L (n=2)). Two-tailed t-
tests (Table 1S) for the Wuhan pool comparing passage number impact show no significant
difference between the three cell passage numbers (p value < 0.05). The Beta pool’s final
endpoint protein yield displays however a gradient behaviour such that P5 (455+ 91.21
mg/L, n=2) > P8 (370+£18.66 mg/L, n=2) > P11 (341+7.41 mg/L, n=2). Maximum lactate
was observed to be different such that P5 had a higher peak lactate (50.15 mM) when
compared to P8 (33.9 mM) and P11 (32.3 mM). Endpoint ammonia was higher in P5 (8.28

mM) compared to P8 (5.97 mM) and P11 (6.12 mM). Endpoint IVCC also demonstrated
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cell age variance such that P5 (1.14x108 cell*day/mL) < P8 (1.56x108 cell*day/mL) < P11
(1.69x108 cell*day/mL). Interestingly, when detailing total oxygen sparged, it is clear that
the cumulative average flow rates follow the IVCC trend such that P5 (18 mL/min) < P8
(26.58 mL/min) < P11 (27.27 mL/min). On the other hand, even WuTL endpoint protein
production did not seem to be negatively impacted (P5 = 838.5+48.8 mg/L (n=2), P8 =
751.5+60.1 mg/L (n=2), P11 = 908+106.06 mg/L (n=2)), an inverse relationship between
base addition and oxygen sparging was found. Passage 5 and passage 11 which had the
higher protein production also had higher oxygen sparging and less base addition when
compared to passage 8. A similar conclusion is reached when evaluating above-average
batches and below-average batches in terms of final yield. The above-average (832 mg/L)
batches required more oxygen sparging and needed less base addition. The difference was
driven by increased lactate accumulation in the low performing batches. The best
performing batches also had on average higher total glucose consumption demonstrating
that the high metabolic activity was shared across glycolysis and other metabolic pathways

that do not end in lactate accumulation.

When evaluating two-tailed t-tests (Table 2S) on key metrics, it can be said that
although the passage number did not have statistical impact on final titer concentration,
there was passage number related variation with respect to total glucose consumption for
the WUTL pool. Similarly, although passage-related statistical significance was found in
endpoint lactate and endpoint IVCC, no evidence for statistical impact on endpoint titers

was determined in the Beta pools.
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Figure 3.7. PC1 vs PC2 scatter plot showing cell age impact on Delta pool.

The blue, green, and red color represent batches performed with cell passage number P5,

P8, and P11, respectively. Ellipses represent 95% Confidence Interval.

In stark contrast, when evaluating cell age impact on the Delta pool (Figure 3.7),
passage number seems to have an impact on the spread of the scores such that higher
passage number batches have more spread. Interestingly, it was determined from the
loadings (Figure S13) that oxygen sparging and base addition are inversely related, while
lactate and base are directly correlated. This is because spread in the PC1 axis is driven by
base and lactate in the negative direction while glucose consumption, IVCC, and oxygen
flow increase in the positive direction. Additionally, the positive PC2 axis is mostly driven
by carbon dioxide sparging whereas the negative direction is driven by base addition. Since
the scores did demonstrate a cell passage number’s dependence, the average protein

concentration for each passage was calculated. Titer of 600+112 mg/L, 361+31 mg/L, and
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398+92 mg/L were estimated for P5 (n=4), P8 (n=4), and P11 (n=4), respectively.
Additionally, endpoint ammonia showed cell age related behaviour since P5 (6.88 mM)
had significantly lower ammonia accumulation when compared to P8 (8.79 mM) and P11
(10.82 mM). Table 3.4 shows a two-tailed t-tests comparing passage number impact. Only
endpoint titers are statistically different. Taken together, it can be concluded that culture
age does indeed play arole in culture outcomes for the Delta pool. This pool likely becomes
unstable across time and thus considerations will be needed when scaling-up such as

limiting the cell passage to 5 to preserve high titers.

Table 3.4. Two-tailed T-test of cell age’s impact on different key variables for Delta pool

Values with asterisk * represent conditions in which statistical significance was found (p value <

0.05).
Delta pool P5vs P8 | P5vs P11
Base Volume 0.37 0.17
Endpoint Lactate 0.83 0.33
Total Oxygen Sparging 0.11 0.82
Endpoint Titer 0.01* 0.03*
Total Glucose Consumption 0.66 0.63
Endpoint IVCC 0.48 0.56
Max Lactate 0.53 0.27
Endpoint Ammonia 0.24 0.06




MSX concentration impact

The studied CHO pools in this work express Glutamine Synthetase (GS) gene
implying MSX is required during the cell line generation process. Tian??® showed that
increasing the MSX concentration to certain level can lead to an improved overall protein
yield. In this study, MSX supplementation up to 125 uM was investigated across the Wu,
Delta, WUTL pools to determine if the increased selection pressure at the moment of

induction has a positive impact on final protein yield.
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Figure 3.8. PC1 vs PC2 scatter plot showing the impact of MSX addition during induction
on various pools.

Batches are colored with respect to pool and MSX addition. Blue and ocean green batches
represent Delta pools with no extra MSX addition (50 uM Delta) or with addition of 75
KM MSX at induction (125 pM Delta in total), respectively. For Beta pools, green color

represents the productions without extra MSX addition at induction (50 uM Beta) while
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yellow batches are assigned to Beta pools with 125 uM MSX. Wuhan Tag-less (WuTL)
productions were conducted without extra MSX addition at induction (50 uM WuTL,
orange color) compared to red batches with 125 puM MSX. Colorful ellipses show 95%

Confidence Interval for respective studied conditions.

As it can be seen from Figure 3.8, no discernible clustering is evident when
analyzed based on MSX concentration. This suggests that extra addition of 75 puM MSX
during induction (day 3 post-seeding) does not provide a clear impact. The visual clustering
that occurs in the scores plot as evidenced by the 95% confidence ellipses is driven by
differences in pool behavior. To further determine the impact of extra 75 uM MSX
addition, two-tailed t-tests (Table 3S) were realized. No statistical differences were found
in almost all the key variables between the base level MSX+ (50 uM MSX) and extra MSX
++ (125 uM MSX) conditions at the exception of endpoint ammonia (p = 0.01 < 0.05). The
Delta cluster has the most spread profile probably due to the fact that this specific pool
seemed to be significantly impacted with cell increasing age (Figure 3.7). Given that the
Delta pool dataset had enough data points, an additional two-tailed t-test (Table S22) was
conducted. It was determined that even if passage number is accounted for, MSX has no
statistical impact on general cell culture variables except for the passage 11 batches; 35 mL
of base was added with 50 uM MSX productions (MSX+) while only 8.9 mL of base was
needed for 125 uM MSX bioreactors (MSX++). Taken together, it can be postulated that
additional MSX supplementation at induction has no added value and thus can be avoided

in the future when working with such pools.

Global pool analysis
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Once every pool was analyzed separately, the four pools were then examined
together to better understand pool related clustering and behavior that may not be self-

evident when investigating individually.
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Figure 3.9. PC1 vs PC2 scatter plot of all the Multifors 0.75L experiments encompassing 4
pools (37 batches).

Wu pool colored in blue, Delta pool colored in green, Beta pool colored in yellow, and
WAUTL pool colored in red. Colorful ellipses represent 95% Confidence Interval (Cl) for

each respective pool.

From Figure 3.9, it is possible to discern that the pools tested in the Multifors 0.75L
system exhibit distinct behaviour as evident by the extent in the distribution and spread
variation in the PC1 vs PC2 graph. The Wuhan variant pool has a large spread in the PC1

axis that is driven by its high density versus low density seeding batches. This is evident
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from the loading plots (Figure S17) in which it is clear that the driving factors are IVCC,
lactate, total glucose consumption, and oxygen sparging requirements. It is worth
mentioning that the Wu pool dataset is split into high-density and low-density seeding
batches. Such a segmentation based on biomass is captured. On average, Delta pools had
1.7-fold higher I'VCC when compared to the Wu pool which again explains how the Delta
pool is centered in the positive PC1 axis while the Wu pool is spread out in the negative
direction. This further demonstrates that every pool had different growth patterns and, in
consequence, had different specific protein production characteristics. Delta pool had the
most overall growth but provided the second poorest endpoint titer. The PC2 axis is heavily
driven by lactate and base addition in the positive direction while oxygen sparging, carbon
dioxide sparging, and viability in the negative direction. Even though most pools
demonstrated an inverse relationship between base addition and oxygen sparging
individually, it is not possible to carry out this analysis across pools. However, between
batches within the same pool, analyzing these critical attributes does seem to hold as a

predictor.

Endpoint Titer Modeling

Since many of the process conditions and measured variables were observed to
have impact on culture behavior and a close relationship to final titer, the possibility of
creating four machine learning models based on widely used linear (Partial Least Squares
- PLS) and nonlinear regressors (Random Forest - RF, Support Vector Machine - SVM,
Extreme Gradient Boosting - XGB) was explored. In order to build regression models, key

variables were utilized. Table 3.5 summarises the important variables used to predict
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batches not utilized during the training process. Endpoint viability can be considered an
indicator of batch longevity whereas endpoint IVCC can be an indicator of accumulated
biomass which has been observed to be a strong determinant in terms of total protein
production given the strong link between the two variables (Protein yield = gP*IVCC).
Endpoint residual glucose is a relevant parameter as it gauges metabolic activity at the end
of the culture. Low endpoint viability indicates that the culture suffered a culture decline
and thus was probably impacted in terms of its capacity to remaining metabolically active
enough to produce protein in the end stage of the process. Cumulative sparged oxygen can
also be understood as proxy parameter for metabolic activity. Given the important
relationship between oxygen requirement and TCA cycle activity, it is coherent that oxygen
sparging should be included in the model.??” Peak lactate can be interpreted as a proxy
measurement for maximum glycolytic activity while endpoint lactate can be understood as
an estimation of lactate absorption which has been observed to be a good process indicator
in CHO cell culture processes.'’? It can be observed as well that different pools have
different importance on the protein yields. Endpoint ammonia should also be included
within the model as high ammonia accumulation cultures maybe negatively impact cell
culture longevity and consequently productivity. Total consumed glucose can be accepted
as a proxy for overall metabolic activity (glucose can be consumed through glycolysis to
yield lactate or it can be transformed to pyruvate to link with the Krebs (TCA) cycle (Figure
3.10)) and as such, it should also be represented within the model. As the Delta pool was
observed to have a clear impact on protein production with increasing passage number, this
information was also included in the modeling process. Total base addition can be

understood as an indirect measurement of total lactate build-up and an indicator of pH
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acidic profile. Total carbon dioxide sparged can be reasoned as a pH control indicator that

contains information about the pH upper deadband and also indicates whether cells switch

to lactate consumption phase. Lastly, endpoint pH which can be interpreted as a clear

indicator of lactate consumption was also included within the model development process.

Table 3.5. Variables used for protein prediction modeling

Variables

Indicator

Endpoint Viability

Batch longevity

Peak Lactate Accumulation

Maximum Glycolysis Activity

Endpoint Lactate Concentration

Lactate consumption or production

Residual Glucose

Metabolic Activity

IVCC

Accumulative Cell Biomass

Endpoint Ammonia Concentration

Metabolic activity for glutamine synthesis and waste

accumulation through amino acid deamination

Total Glucose Consumed

Metabolic Activity

Total Base Added

Lactate build-up

Total Average Oxygen sparged per day

Cellular respiration

Total Average Carbon Dioxide sparged per day

pH controlling profile for upper bound of pH deadband

Endpoint pH

Secondary indicator for lactate consumption (low pH
indicates lactate accumulation while high pH relates to

lactate consumption status)

Cell Passage Number

Pool stability

Pool Variant

Indicator of product specific nature




A dataset comprising 50 batches, encompassing both Multifors 0.75L and BioFlo
1L experimental runs, was split into training (84%) and test (16%) sub datasets. The BioFlo
10 L cultures were excluded from the modeling phase on the basis of high experimental
variability without replicates (varying impeller configuration, varying sparger type,
varying sparging strategy, varying DO set point). Furthermore, one culture from the BioFlo
1 L dataset was excluded from the modeling phase on the basis that respiratory tests were
realized throughout the culture, thus potentially impacting the online values that are utilized
as features in the model. From the considered data, a split was chosen randomly with the
condition that it contains a high/low pro-duction batch performance. The features were
regressed in function of endpoint titer to generate a model capable of predicting final yield
given key process outcomes. As to give a fair chance to each model, the same strategy for
tunning the hyperparameters (parameters used to control the learning process in machine
learning). Here, adaptive resampling of the tuning parameter grid was realized in such a
way that the random search of hyperparameters is concentrated on values that are in the
neighborhood of the optimal parameters. This is done by discarding settings that are clearly

sub-optimal. This approach has been observed to reduce training time.?%
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As it can be seen from Table 3.6 (bootstrapping results), the RF model was able to
outperform SVM and PLS models in all the tested metrics (Root Mean Square Error
(RMSE), Mean Absolute Error (MAE), and R?), for the test and training datasets. Overall
metrics of the RF model performed similar in the training and test datasets suggesting that
the model was generalizable across the dataset, this may be due to the fact that Random
Forest algorithms are known to be robust to outliers and noise within datasets?.
Importantly, XGB outperforms RF in the training dataset but performs worse-off in the test
dataset possibly indicating a lack of generalization with the available data for this particular
model. When detailing the 95% confidence intervals, it can be observed that SVM and RF
are statistically different than PLS in terms of RMSE metric. Additionally, the RF model
has the narrowest intervals (training and test for RMSE, MAE and R?), when compared to

the other 3 models.
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Table 3.6. Mean and confidence intervals for training and test results for respective metric
after bootstrapping

Training Mean Mean Mean 95% CI 95% CI 95% CI
dataset RMSE MAE R? RMSE MAE R?
61.56- 43.84-
SVM 95.92 66.93 0.88 0.82-0.96
125.98 82.58
33.98-
RF 62.15 49.13 0.96 47.10-75.27 0.94-0.98
59.80
17.33-
XGB 45.48 28.36 0.98 27.00-69.41 0.96-0.98
38,45
189.20- 151.20-
PLS 217.97 184.88 0.41 0.26-0.72
260.70 219.00
Mean Mean Mean 95% ClI 95% CI 95% CI
Test dataset
RMSE MAE R? RMSE MAE R?
61.80- 52.39-
SVM 80.35 74.33 0.92 0.84-0.98
97.42 89.30
41.44-
RF 65.96 58.15 0.94 51.62-88.24 0.90-1.00
80.20
73.17- 52.56-
XGB 99.51 89.71 0.83 0.73-1.00
122.90 111.02
115.00- 59.70-
PLS 158.36 120.00 0.72 0.50-0.98
' ' 260.30 199.70




As it can be observed from Figure 3.11, good predictive capability is attained with
the RF model, not only is the R? value high (0.95) but the majority (6/8) of the resulting
predictions fall along the R?= 1 line which represents an ideal model of perfect prediction.
When taking into account the confidence intervals of the regression line, we can see that
for the total span of the data, the 95% confidence intervals contain the ideal model
suggesting that despite the low data amount to test the model, predictions are statistically
in line with an ideal model. Interestingly, outside the span of the data, confidence interval
(CI) widens and begins to stop overlapping with the ideal model specifically within the 0-
300 mg/L range. This is to be expected as there are no batches spanning this range thus no
model prediction falling within this zone. Consequently, extrapolation of a linear model
(regression line) outside the training and test range of the RF model is not an appropriate

indicator for performance along these ranges.
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Figure 3.11. Measured versus predicted titer scatter plot.

R? =1 line in the diagonal indicates ideal model and blue line shows regression line with

95% Confidence Interval (CI).

Recent approaches have centred around improving the interpretability of Machine
Learning models.?>2* This is especially important for industries where process
understanding is a key requirement for regulatory approval, as is the case in the
biotherapeutic industry. SHapley Additive exPlanation (SHAP) was developed using the
idea of the Shapley value which is a notion in game theory that helps determine fair profit
allocation to various stakeholders by evaluating their respective contribution to the
outcome.®” In the context of Machine Learning, each stakeholder can be understood as a
feature and the payout is the outcome of the model itself. In summary, the Shapley value

for each feature represents each feature contribution to the model’s prediction of a
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particular datapoint. This is estimated by calculating the average marginal contribution of
a feature considering every possible combination. Consistent results have been shown with
SHAP values, and SHAP dependency plots offer a helpful model summary.1%6:1%.233 From
the generated dependency plots, various conclusions can be discerned. Features with
positive magnitude SHAP values have a positive impact on the prediction, while negative
magnitude values represent a negative impact. The bigger the magnitude of the SHAP

values, the stronger the effect.

In Figure 3.12A, there seems to exist an optimal 1'\VCC value for which good protein
production is obtained. When coloring based on cell pools, the resulting behaviour seems
to be cell pool dependent given that the Beta and Delta pools in general reached higher
total I'VCC but also had less cell specific protein productivity (gP). For the Wu pool, two
clusters (one below 0 in the Y axis and another above 0 reaching 35) are formed. These
two clusters correspond to high and low seeding densities, respectively. It can be concluded
that for the two Wu pools (and presumably WuTL since the two high density clusters
overlap for both pools), higher seeding density was concomitant with better protein yields.
It may also suggest that the current feed regimen developed is unable to sustain higher cell
densities and since Beta and Delta pools exhibited large biomass growth, an optimization
of the feeding regimen could allow these pools to reach protein expression levels
comparable to Wu and WuTL. When detailing Figure 3.12B, maximum lactate
accumulation of 35 mM and beyond has a negative impact on endpoint protein yield. This
observation holds across all pools given that the fast decrease in SHAP values is observed
for Wu, Beta, and Delta pools. It is paramount to reduce lactate accumulation in a given

culture to avoid increased osmolality due to base addition. One simple strategy that could
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be implemented to control lactate accumulation is to replace bolus feeding with slow
continuous feeding rate as it has been observed to diminish metabolic waste build-up by
decreasing the variations in nutrient availability which might alter the metabolic behavior
of the cell culture run.®” From Figure 3.12C, it can be observed that high endpoint viability
has a positive impact on final protein production. This impact rapidly turns negative once
viability is below 85%. This suggests that increasing culture longevity and thus maintaining
metabolic activity is critical. In order to avoid early cell culture decline, appropriate
measures must be taken such as lowering osmolality impact (through less base addition by
using only sparging gasses for effective pH control), decreasing hydrodynamic stress
caused by shear damage and/or optimizing feeding strategies.®"®2% Feeding based on
oxygen consumption rates or bio-capacitance measurements may be an attractive starting
point to develop on-demand feeding strategies given the strong relationship that these
signals have with viable cell volume and consequently, with metabolic activity, given that
larger cells have consumed more oxygen. 34446121236 |nterestingly, when noting the SHAP
endpoint pH dependency plot (Figure 3.12D), it is clear that endpoint pH of 6.93-6.95 had
the most positive impact on final titers. It is worth mentioning that all the studied cultures
existed within a deadband of £0.05 between 6.9 and 7. Thus, cultures with endpoint pH of
6.93-6.95 represent processes in which no base addition or carbon dioxide was added in
the last day of the fed-batch process. This could imply that unnecessary action upon
cultures may be a net negative and thus pH deadband can be increased to £0.2 around the
7.0 setpoint so as to avoid base addition and carbon dioxide sparging. From Figure 3.13A,
it is discernible that even if there seems to be a pool dependence in terms of cumulative

oxygen sparging (Delta and Beta cluster differently from Wu and WuTL pools), there are
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signs of an optimal total oxygen sparging that is concomitant with high yields given the
overlaps among pools and observing the fact that beyond 0.035 cumulative VVM, no
further increase in SHAP values can be detailed. The Wu cluster near the -50 (Y axis)
represents low density seeding cultures. This demonstrates the close link culture oxygen
requirements have with viable cell density and viable cell volume.'**?%" For the SHAP
cumulative glucose consumption dependency plot (Figure 3.13B), it can be observed that
lower glucose consumption has a negative impact on protein production. This could be
explained by either lower viable cell density or lower metabolic activity, both of which
directly impact the culture capacity to achieve high titers. Alternatively, very high
cumulative glucose consumption also had a negative impact on protein yields. This may
be explained by the fact that cultures that consume glucose at high rates tend to have high
lactate productions and thus adverse culture outcomes. This again points towards the idea
that regulating the glucose intake of cells may be beneficial in terms of avoiding high
lactate accumulation. From the endpoint ammonia dependency plot (Figure 3.13C), it is
noticeable that ammonia concentrations beyond 8 mM, for the process studied, were
generally associated with negative protein production prediction. This makes sense given
that ammonia is another relevant by-product that can be a direct result of amino acid
metabolism (Figure 3.10). Lastly, from Figure 3.13D, it can be observed how residual
glucose serves as a proxy indicator of endpoint metabolic activity. Most notably, it can be
understood as an inverse of the final viability measurement given that lower residual
glucose values represent higher metabolic activity while high residual glucose values
demonstrate cell cultures with little glucose metabolism and thus low overall metabolic

activity.
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Figure 3.12. Shapley value dependency plots.
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SHAP value for Cumulative Oxygen Sparged

SHAP value for Endpoint Ammonia
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Figure 3.13. Shapley value dependency plots.

A) Cumulative Oxygen Sparged, B) Total Glucose Consumption, C) Endpoint Ammonia,
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Conclusion

MVDA tools can be utilized in early process development to generate wider
insights that might otherwise be difficult to conclude through standard univariate analysis.
In the context of this paper, it was possible to determine that although seeding density
constraints the overall cell density available during the production phase, impacts on
viability mean that there is a relative parity in terms on protein outcome by the end of the
17-day fed-batch process. Additionally, it was found that oxygen sparge requirements can
be used as a process performance indicator to evaluate culture outcomes. It was observed
that cultures with high sparge rates and low base addition were concomitant with high
endpoint titers. On the other hand, by comparing the same pool across different systems, it
was possible to determine which culture conditions reproduced similar behaviors such that
representative processes are created. In this case, it was possible to determine which
aeration conditions in the BioFlo 1L system best re-create the hydrodynamics conditions
of the Multifors 0.75L system. Cell passage dependence on different pools was also readily
observed through clustering in the PCA plots. This is key as it allows to determine which

pools may be viable for larger scale production.

Difference in pool behaviour was also evaluated through clustering and careful
analysis of the loading plots. It was observed that difference in lactate metabolism and cell
growth (and the consequent derivatives such as base added volume, oxygen requirements,
and longevity) were the main drivers in differentiating the culture outcomes. It was also
demonstrated that a RF model, utilizing these key features, is able to capture the nonlinear

relationships between the measured variables and the final protein yield in order to
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generalize its predictive capabilities. These Machine Learning models can then be analyzed
through SHAP dependency plots to recognize the interactions and given early process
development goals, improve process understanding. To the best of the knowledge of the
authors, this is the first time SHAP dependency plots have been applied for the purpose of
CHO cell culture process performance analysis. This may prove to be a worthwhile
strategy, given that the analysis of early process development datasets served to gain
insights that can aid further process optimization. For example, it was concluded that
increasing pH deadband may be beneficial to limit unnecessary base and carbon dioxide
additions. This strategy may be used in tandem with slow continuous feeding to diminish
sudden metabolic by-product build-up. Importantly, longevity was also determined to be a
relevant factor, and as such, finding strategies that improve said longevity may also be
adequate more than just increasing cell density but in detriment of viability. Such strategies
could center around diminishing shear force, osmolarity stress, and improved feedings
since these processing parameters (high shear, high osmolarity, inadequate feeding) have

been observed to be important drivers of cellular apoptosis. 3523823
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Abstract

Technology scale-up and transfer are a fundamental and critical part of process
development in biomanufacturing. Important bioreactor hydrodynamic characteristics such
as working volume, overhead gas flow rate, volumetric power input (P/V), impeller type,
agitation regimen, sparging aeration strategy, sparger type, and kra must be selected based
on key performance indicators (KPI) to ensure a smooth and seamless process scale-up and
transfer. Finding suitable operational setpoints and developing an efficient feeding regimen
to ensure process efficacy and consistency are instrumental. In this investigation, process
development of a cumate inducible CHO stable pool expressing trimeric SARS-CoV-2
spike protein in 1.8 L benchtop stirred-tank bioreactors is detailed. Various dissolved
oxygen levels and aeration air caps were studied to determine their impact on cell growth
and metabolism, culture longevity, and endpoint product titers. Once hydrodynamic
conditions were tuned to an optimal zone, various feeding strategies were explored to
increase culture performance. Dynamic feedings such as feeding based on current culture
volume, viable cell density (VCD), oxygen uptake rate (OUR), and bio-capacitance signals
were tested and compared to standard bolus addition. Increases in integral of viable cell
concentration (IVCC) (1.25-fold) and protein yield (2.52-fold), as well as greater culture
longevity (extension of 5 days) were observed in dynamic feeding strategies when
compared to periodic bolus feeding. Our study emphasizes the benefits of designing
feeding strategies around metabolically relevant signals such as OUR and bio-capacitance

signals.

KEYWORDS
Stirred-tank bioreactor, fed-batch process development, oxygen uptake rate, bio-capacitance, feeding

strategy, process analytical technologies (PAT), SARS-CoV-2 vaccine antigen, CHO stable pool
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Introduction

Currently, mammalian cell lines like Chinese Hamster Ovary (CHO) cells are the industry
standard for monoclonal antibody and recombinant therapeutic protein (RTP) production
because these organisms can be adapted to produce human-like proteins through various
transient or stable gene expression strategies. Developing stable cell lines can often be a
time-consuming process that requires numerous screening procedures to differentially
select the best behaving cell clones.® This can clearly be an issue if the desired
biotherapeutic product is urgently needed as a response to a rapidly changing public health
crisis such as the one caused by the SARS-CoV-2 Covid 19 pandemic.?® Therefore,
mammalian cell pools have been considered as an interesting option to accelerating
biotherapeutic production processes that do not require several months of screening and
selection experiments to provide enough material for toxicology studies and Phase 1
clinical trials. Such cell pools, although inherently not as homogeneous in terms of cell
population, can be employed to produce target proteins on a large scale.?* Importantly,
clones selected for production during the high-throughput screening phase are not
necessarily guaranteed to work at larger scales due to varying culture environment and
conditions, thus there is a case to be made to diminish excessive resource utilisation at
micro liter scale and instead shift the focus towards representative scalable models. Here,
cell pools can be utilized to fast forward to benchtop bioreactor scale in order to find
adequate critical process parameters that are more representative of large-scale stirred tank
bioreactor production. These pools can be affected by cell age, such that target protein

expression productivity may significantly diminish with increased cell passage number.5?
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Thus, for stable pools to overcome their disadvantages and be a clear alternative to clonally
derived cell lines, the production phase needs to start as soon as possible and the process

itself has to be highly optimized.

Furthermore, the metabolism of mammalian cells is dependent on prevailing
process conditions. Thus, unoptimized process parameters (e.g. suboptimized feeding
strategies) can generally cause overflow metabolism in which inhibitory by-products are
accumulated within the bioreactor causing the cells to lose prematurely viability and
productivity. 24° Fed-batch is the dominant process used in biomanufacturing mostly due
to its simplicity and efficacy. Feed bolus addition is largely developed and employed at
large-scale. However, possible nutrient limitation or accumulation of primary inhibitor
metabolites can induce early culture crash in large bioreactors. Feed on-demand can be an
alternative option to avoid premature culture failure. For this to be possible, continuous
streams of data regarding media composition or cellular metabolic activity can be key when
constructing dynamic feeding strategies, which are automatically triggered when important
nutrients are becoming limiting. Given this knowledge, instead of feeding cultures based
on a predefined schedule, feeding strategies should be triggered or set based on biologically
relevant measurements that vary over time and from culture to culture.* Due to the
metabolic complexity of mammalian cells, recent trends have evolved towards developing
and optimizing soft sensors that can abstract information from various sensor sources rather
than one single measurement.* For example, feeding based on the integral of the bio-
capacitance signal has been developed as a way to adjust feed rates with varying
biomass.?*! Since bio-capacitance signals have a strong correlation with viable cell volume,

such feeding has the added value of taking into account changes in cell size typically
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observed during cultures.?®6242243 With this strategy, automation of feeding protocol
regardless of initial seeding density or bioreactor scale can be achieved. Bio-capacitance
signals have also been used in conjunction with glucose measurements to estimate specific
glucose consumption rate in real time that can then be used to forecast glucose consumption
and supplement accordingly to diminish substrate variations.*?® It is worth noting that
alterations in cell membrane properties are also believed to potentially impact this
parameter.!'8 Nutrient availability has also been found to be monitored through permittivity
measurements because, at every feeding event, permittivity changes were detected to
increase while declines in permittivity signals were correlated to states of nutrient
depletion.*® Additionally, during the exponential phase (which is when cell radius remains
more or less constant), good correlations with oxygen uptake rate (OUR) were obtained.
This may suggest that metabolic activity may also be indirectly reflected by dielectric

spectroscopy. 8

Other approaches have centered around measurement of the OUR due to the strong
linear correlation between oxygen consumption and viable cell density during the
exponential growth phase. OUR has thus been used to dictate glucose additions based on
estimated viable cell densities'*® allowing to control glucose concentrations near a desired
setpoint without large deviations. It has been postulated that the linear correlation between
the cumulative oxygen consumption rate and the cumulative glucose consumed during the
production phase can be used within a control strategy to maintain glucose level in the
media at a given setpoint.1¥824 Such strategies were observed to diminish glucose
concentration variations (under or overfeed) which are inevitably observed with bolus

additions. OUR signals can also be used to detect nutrient limitations given that spent
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media analysis revealed that decreases in respiratory rates were correlated with exhaustion
of key amino acids. Thus, OUR can be used to supplement not only glucose but other
important nutrients so as to optimize overall culture performance.*® It has been observed
that, during the protein production phase, a metabolic shift occurs such that the
tricarboxylic acid cycle (TCA) is upregulated and thus cells are subjected to increased
oxidative stress, suggesting that a highly oxidative state of metabolism corresponded to
peak antibody production while a highly glycolytic state corresponded to peak growth
cycles.®>2% OUR can continue to increase even after peak viable cell densities are obtained
indicating that a relationship exists between volumetric oxygen demand and volumetric
protein production.®® Specific oxygen consumption rates and specific protein production
rates seem to have a direct relationship, suggesting a close physiological connection among
cellular respiration and product formation rates.*® Other studies also showed a linear
relationship between the energy production rate and OUR.*>*> Moreover, it was concluded
that energy production rate is in positive relation with recombinant protein production
rate.*® Thus, the specific OUR can be used to represent the activity of the TCA cycle and
the energy metabolic state of the cells. High values of specific OUR in the recombinant
protein production phase can suggest high specific ATP production rate through TCA cycle
(if the phosphate/oxygen ratio is almost constant). This, in turn, can lead to the increase in
the specific recombinant protein production rate.*! Taken together, estimating OUR in real

time can be beneficial for real time monitoring of cell culture performance.

Reliable estimation of OUR can be challenging and is usually performed through
one of the following three standard methods: the dynamic method, the global mass balance

(GMB) method, and the stationary liquid mass balance (LMB).2* The dynamic method
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relies on the cyclical measurement of the DO extinction profile when air supply is stopped.
The DO concentration decreases due to cellular oxygen need and thus OUR is directly
proportional to the slope of the decay curve. The GMB approach relies on estimating the
oxygen concentrations at the inlet and outlet of the bioreactor while the DO is kept constant
such that the oxygen transfer rate (OTR) is equal to OUR. Mass spectrometers,
paramagnetic sensors or acoustic analyzers can be used.?*® The liquid mass balance (LMB)
method depends on the estimation of k;a in real time which can be difficult given that
changes in gas flow rates or stirring (common parameters for DO control) can change its
value.?*® Of note, it has been found that even though OUR is strongly linked with viable
cell density, viable cell volume can lead to more precise correlations with OUR, 4927 as
larger cells can have increased oxygen requirements when compared to smaller cells.**
Importantly, as the cell diameter increases, the total biovolume of the culture increases
while the cell count stays constant. This biovolume increase is reflected in both OUR

demand and bio-capacitance measurements, but not on cell counts.

The framework presented in this article centers around technology transfer from a
0.75L Multifors 2 bioreactor (Infors) to a 1L DASGIP multisystem bioreactor (Eppendorf)
of a CHO stable cell pool and its fed-batch production process that can manufacture the
SARS-CoV-2 spike protein as a potential vaccine antigen. Inducible CHO stable pools
have recently been shown to robustly express SARS-CoV-2 spike protein thanks to the

cumate gene switch system derived from the cymene operon of Pseudomonas putida. 220247

Briefly, rCymR is fused with an activation domain (VP16) to form the reverse cumate
activator (rcTA) that induces transcription when cumate is present, as opposed to when it

is absent. °” Thus, cumate changes the conformation of the chimeric molecule. When no
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cumate is present, rcTA is not able to bind to the operator sites, while in the presence of
cumate, rcTA is able to properly bind to the operator binding sites and thus initiate
activation. In general, bioreactor processes are characterized by scale-dependent and scale-
independent parameters. Scale-independent parameters like temperature, pH, and substrate
concentrations, are, in principle, parameters that can be matched across process scales.?#
It is known that the key to realizing process transfer is to maintain scale-independent
process characteristics constant across systems. Conversely, scale-dependent parameters
can vary considerably with reactor size and configuration. Therefore, process technology
transfer is to find out which scale-dependent variable should be kept constant and more
importantly, to determine a good design space for the other scale-dependent variables
which is not adverse to the culture.?*® In industrial applications, the most common scale-
up and process transfer strategies are constant P/V, constant kLa, and constant impeller tip
speed.?*® Constant P/V criteria have been used successfully to transfer a base-free ambr15
process to a 200L pilot scale.?® Additionally, this strategy has also shown to produce
similar growth, productivity, and glycosylation profiles across various scales (ambrl5, 3L,
50L and 500L).25%%52 |t must be noted that constant P/V can translate to a large difference

in the k;a values between two scales and as such, alterations in the gassing profiles may

be required to maintain the DO setpoint.?®

Within the context of our study, we aimed to delve the effect of aeration strategies
and feeding regimens on overall process performance. The key process transfer strategy
used was keeping an equal P/V range across both systems (Multifors 2 and DASGIP
parallel bench-scale bioreactors) and ensuring tip speed was kept below a threshold of 1

m/s as suggested in the literature for working volumes below 1L %8, Overhead flow rates
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were chosen such that a constant flow with respect to initial volume is subjected to the
bioreactors (0.033 vvm) to avoid carbon dioxide accumulation and to replicate the
overhead flow of the 0.75L Multifors 2 system 2426 Another relevant parameter is the
dissolved oxygen (DO) setpoint. This value must provide the adequate oxygen availability
in the medium for cells to consume during their metabolic activity and thus is expected to
decrease as biomass grows.?®’ This relates to the importance of constantly supplementing
oxygen such that it is controlled around a setpoint. If this value was to be critically low
(5% DO), alterations in the ratio of glucose consumption and lactate production have been
observed.?® Conversely high DO setpoints (200% DO) can lead to the accumulation of
reactive oxygen species such that a negative impact on cell growth is detected 2%° which
implies that finding the adequate range of DO operation is key. Even though fed-batch
strategies are the industry standard,* bolus feeding-induced oscillations on CHO cell cycles
have been noted which were caused by variations in nutrient concentrations. This suggests

that alternatives to standard bolus practices could be explored.60261

Taken together, optimizing nutrient supplementation and gas transfer conditions
within the bioreactor are two critical processes that must be carried out to obtain a robust
manufacturing platform. Our research shows that synergistic effects of feeding and
hydrodynamics must be considered and thus, future optimization must be done

simultaneously given the strong impact that both processes have on culture outcomes.
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Materials and Methods

Bioreactor cell culture conditions

A cumate-inducible proprietary CHO-GS stable cell pool expressing SARS-CoV-2
trimeric spike protein (SmT1) was grown in BalanCD CHO Growth A medium
(Fujifilm/Irvine Scientific) supplemented with 50 uM MSX (L-Methionine sulfoximine,
Sigma-Aldrich) in 1.8L (initial working volume of 650 mL and a maximum working
volume of 1100 mL) benchtop bioreactors (DASGIP parallel bioreactor system,
Eppendorf). Corning shake flasks without baffles were used to generate seed trains. The
flasks were shaken at 180 rpm (25 mm orbital diameter) in a ThermoFisher HERAcell 240i
incubator with 5% CO, and 75% relative humidity. The bioreactors were seeded at
0.4x106cells/mL and cultivated for 17 days. Temperature downshift (37°C to 32°C) was
realized 3 days after seeding unless stated otherwise. A pH shift was also performed on all
bioreactors 2 days after seeding (from 7.05+0.05 to 6.95+0.05). Induction was realized
with 4-isopropylbenzenecarboxylate (Cumate, ArkPham) 3 days post-seeding. Cultures
were fed with BalanCD CHO Feed 4 (Fujifilm/Irvine Scientific) and supplemented with
glucose to maintain the concentration above 17 mM (3 g/L) on the next sampling and
feeding event. 6 mL samples were taken from the bioreactors on days -3, -2, -1, 0, 3, 5, 7,
10, 12, and 14 dpi (day post-induction) for off-line analysis, while feeding was realized
from O dpi onward unless stated otherwise. Metabolic measurements (residual glucose,
lactate, ammonia) were performed using the Cedex Bio (Roche, Switzerland). The manual
cell counts using a hemocytometer were observed to have an average relative standard

deviation error of 8%. Titer estimation using the SDS-PAGE TGX (BioRad) gel method
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had an average relative standard deviation error of 12%. Amino acid measurements were
conducted following the AccQ-Tag Ultra Derivatization Kit protocol (Waters Corporation,
USA) that employs an AccQ-Tag Ultra C18 column with the ACQUITY H-Class UPLC
system (Waters Corporation, USA) and UV detection. Offline osmolarity measurements of
supernatant samples were realized with osmoTECH from Advanced instruments. Culture
permittivity and conductivity were measured online using the Aber Futura biomass
capacitance probe which was calibrated to 0 using fresh media prior to seeding so as to
track biomass across the culture run. An open pipe sparger (4 mm outer diameter, 2 mm
inner diameter) was used in all the bioreactor conditions. The overhead flow was set at
0.033 VVM (Gas Volumetric Flowrate in L/H divided by Initial Liquid Volume in L).
Agitation was set at 250 rpm utilizing a single 45° pitch-blade impeller so as to maintain a
volumetric power input within the range of 20-30 W/m3. Volumetric power input

decreases throughout the culture as the volume increases with feed additions.

The static gassing out method was employed to estimate oxygen k;a values. First
oxygen concentration was reduced to zero by nitrogen degassing. Then, gassing was
reintroduced under process specific conditions. An optical Hamilton dissolved oxygen
(DO) sensor recorded the saturation process, enabling the determination of k;a values.
OTR was estimated through a BluSenses off-gas analyzer GmbH utilizing the global mass
balance (GMB) approach which relies on estimating the oxygen concentrations at the inlet

and outlet of the bioreactor while the DO is kept constant.

Gm * (yOZ,in - yOZ,out)
VL

OTR =
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OTR (mmol/(L*H)) represents the oxygen transfer rate, G,, is the total gas flow
rate (L/H), y0,;, is the oxygen concentration (mol/L) at the inlet, y0, ,,, is the oxygen
concentration (mol/L) at the outlet, and V;, is the total bioreactor volume.?*® Variation in
volume caused by feeding and sampling is taken into account during the estimation of

OTR.

Online raw signals (OUR, capacitance, gas flows) were treated using Savitzky-
Golay filtering in R so as to reduce noise in the data. Data pre-processing, analysis and

visualization were carried out in R.2%3

Study Schematic

Figure 4.1 summarises the studies performed in the process transfer stage of SARS-CoV-
2 spike protein production. As mentioned above, the initial process has been established in
the 0.75L Multifors 2 (Infors) bioreactors 2°*. This process was transferred to the 1L
DASGIP (Eppendorf) presented in this article. Two studies on aeration strategies have been
conducted investigating the impact of DO and air cap optimization. Further improvement
of production performance has been enabled through two subsequent experiments delving

the impact of feeding strategy.
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Figure 4.1. Experimental workflow.

DO study allowed to find optimal dissolved oxygen tension setpoint. Air cap study allowed
to determine best performing aeration strategy while also further confirming DO setpoints.
Dosing study determined the impact on culture outcomes when comparing bolus addition
of feed versus slow pump addition of feed. Dynamic feeding study demonstrated feasibility

of setting feed flow rates to track sensor signals.

The details of studied conditions are displayed in Table 4.1.
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Table 4.1. Experimental conditions

Experiment  Temperature Air Cap Dissolved Feeding Dosage

number shift day (L/H) Oxygen, %

1 0 dpi 15 90 Fixed feeding Bolus
based on
initial volume

2 0 dpi 15 60 Fixed feeding Bolus
based on
initial volume

3 0 dpi 15 40 Fixed feeding Bolus
based on
initial volume

4 0 dpi 2.25 40 Fixed feeding Bolus
based on
initial volume

5 0 dpi 3 40 Fixed feeding Bolus
based on
initial volume

6 0 dpi 1 60 Fixed feeding Slow Pump
based on
current
volume

7 0 dpi 3 60 Fixed feeding Slow Pump
based on
current
volume

8 0 dpi 5 60 Fixed feeding Slow Pump

based on
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15

16

3 dpi

3 dpi

0 dpi
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1.5

1.5
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1.5

1.5

15
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60

60

60
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volume
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volume
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Fixed feeding
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initial volume
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DO level impact

In this study, the air sparged flow rate was increased according to the cell growth until a
limit (air cap of 1.5 L/H) followed by oxygen sparging as needed. Air caps were kept
constants for all conditions while DO setpoints were varied (Table 4.1). Three

concentrations of DO (40%, 60%, 90%) have been chosen.
Air caps and increased feed study

To evaluate the impact of air caps at a given DO level, a range between 1 L/H - 5 L/H
(0.0015 - 0.0077 vvm) was chosen (Table 4.1). These values were selected based on the
information that the k;a in frit spargers are 4-20 times higher when compared to drilled
hole spargers at equal vvm 22, It is worth mentioning that the 0.75L Multifors 2 system
had an air cap that was set to 0.0033 vvm with a frit sparger (10 um pore) and given the
fact that the utilized sparger in the DASGIP system is an open pipe sparger, a range of 6-
30 times more flow (in vvm) was explored. For the cultures realized at 40% DO, air caps
of 1.5 L/H, 2.25 L/H, 3 L/H (0.038 vvm, 0.056 vvm, 0.075 vvm) were selected. For the
60% DO setpoint, the studied range for the air caps was 1 L/H, 3 L/H and 5 L/H (0.025
vvm, 0.075 vvm, 0.12 vvm). Since impact of DO levels (60% and 40%) was observed, air
caps that fit the 6-30x vvm criteria were explored at each DO setpoint. Feeding was
increased for the 60% DO conditions as viability was observed to be extended at this
setpoint. The new feed condition (abbreviated as F+) was such that the total amount fed by
the end of the culture (14 dpi) was a near 2-fold increase (240 mL of feed for control

process and 425 mL of feed for increased feeding). Instead of feeding a fixed amount in
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one rapid addition, the bioreactor receives a variable pre-set amount dependant on the
current volume. Consequently, the feed volume added with peristaltic pumps (at a slow
flowrate) to the bioreactor is gradually distributed between sampling days. The fixed feed
volume percentages were designed to follow the increase and plateau of a cell culture run
so as to mimic dynamic cellular kinetics (as observed in Figure S19). Given that osmolarity
is known for Feed 4 (range of 780-930 mOsm/kg) as well as BalanCD basal medium (range
of 290-310 mOsm/kg) and also feed volumes are known a priori, a 1.5-2-fold increase in
Osm was expected with the F+ regimen. Consequently, to avoid causing instant excessive
osmolarity increase (given that almost twice as much feed is added in the new feeding
regimen F+ at 5, 7 and 10 dpi, the expected instant osmolarity increase from bolus additions
would also be close to two times higher with respect to standard feeding F) and potentially
stressful hydrodynamics variations (peak volume addition was 115 mL) during the cultures
with bolus feeding, a slow continuous feeding was implemented using peristaltic pumps
such that the feed amount is distributed equally at slow flow rates between sampling days.
Doing so the osmolarity increase is expected to be distributed across a longer time frame
(days rather than minutes). Cultures were terminated at 14 dpi as this was determined to be
the optimal duration. However, if viability fell below 50% before reaching 14 dpi, cultures
were terminated early. Conversely, high-performing cultures were extended beyond 14 dpi

to assess viability beyond this period.
Bolus addition vs pump continuous feeding impact

Air caps (1.5 L/H), DO setpoints (60 %), were kept constant across cultures while feeding
dosage was altered (pump vs bolus) for two different strategies (feed volume calculated

based on initial volume and based on current volume). A temperature downshift was
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realized on 3 dpi on the cultures with increased feeding (F+) to evaluate if further gains on
productivity or cell growth could be obtained by exposing the cells to optimal growth
temperature for a longer period of time given the fact that the new feed regimen allowed
for higher nutrient availability. In the literature, temperature shift impacts on growth have

been extensively characterized and modeled.?%
Feed regimen variation study

The same DO setpoints (60%) and air caps (1.5 L/H) were used across cultures.
Temperature downshift day was changed from 3 dpi to 2 dpi on the dynamically fed
cultures as it was observed from capacitance measurements that the exponential growth
phase seceded by 2 dpi (data not shown) thus it was postulated that by realizing the
temperature shift one day earlier further gains in recombinant protein production could be
realized. 2°3 Capacitance and oxygen transfer rate-based feedings rely on the integration of
the online signal that is then transformed to a cumulative feed amount. This cumulative
feed is differentiated so as to obtain the feed volume that is to be added on a given day.
The feed pump flow rate is then adjusted accordingly. The constant feed per cell (CFPC)
strategy relies on estimating the total amount of viable cells within the reactor at any given
sampling event and adding enough feed such that each cell receives the same volumetric
amount of feed. The three strategies (CFPC, OTR, Capacitance) were dosed in a slow
constant speed pump fashion. The manual control feed addition methodology for OTR and
capacitance encompassed the integration of the signal, followed by multiplication with a
predetermined constant. This constant facilitated the transformation of units from the
integrated variable to cumulative volume of feed. Subsequently, the daily updated

cumulative feed underwent differentiation with respect to time, yielding a volume
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earmarked for addition on a daily basis. The feed flow rate was adjusted based on this
calculated volume, ensuring the dispensation of the designated volume within a 24-hour
timeframe. In the CFPC feeding strategy, the feed flow rate was adjusted every sampling
day so as to maintain the feed constant with respect to the number of cells at sampling day.
This manual control strategy proved effective in the absence of a feedback control loop,
showcasing a tailored approach to maintaining precise feed flow control. In the control
process predetermined feed volume percentages (feed volume/Initial medium volume) are

added on a bolus fashion every sampling day.

Results and Discussion

Impact of DO

As a first approach of evaluating adequate DO concentration, three different levels were
explored: 40% DO, 60% DO, and 90% DO. In the literature, CHO cell cultures are
normally cultivated at DO setpoints between 10% to 80% (% of air saturation) 264,
Prolonged exposure (10 or more days) to mildly hypoxic environments (20% DO setpoint)
has elicited a similar hypoxic response as exposure of 1-3 days at 0.5-5% DO 2%,
Therefore, 40% DO was chosen as the lower boundary to avoid mildly hypoxic
environments that may be reached during DO control oscillations. Conversely, exposure to
oxygen saturation levels above 200% DO has demonstrated alteration in the mitochondrial
respiratory chain, lactate and alanine accumulation, and strong growth inhibition 2. DO
levels above 100% can impact adversely growth and yield, and even minor changes from

50% to 75% DO were observed to significantly impact cell culture performance 2¢°. Based
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on the aforementioned information, the upper bound was chosen to be 90% DO and a
representative midpoint of 60% DO was studied. These levels were set with a 1.5 L/H air
cap in order to determine the impact on viability, integral of viable cell concentration
(IVCC), viable cell density (VCD), and end point titers. Figure 4.2A shows that 40% DO
caused a sharper decline in viable cell density by 12 dpi when compared to both 60% and
90% DO. A similar trend was observed when repeating the 40% and 60% DO conditions
with an air cap of 4.2 L/H (Annex Figure S20). Figure 4.2B indicates that increasing the
DO setpoint to 90 % allowed to sustain high cellular viability over a longer time period.
However, this did not translate into improvement in IVCC, as this condition had
consistently low viable cell counts across culture time (Figure 4.2C). It must be noted that
an optimal condition was found such that the final yield of 60% DO bioreactor had a
significantly higher endpoint titer when compared to 40% and 90% DO cultures (Figure
4.2D). Thus, choosing an adequate DO level along with the appropriate air cap is
paramount to get the desired process outcomes. Similar behavior has been observed in
other cell lines as it is known that DO setpoints can impact specific respiration rates and
specific production rates.?>*?%” Moreover, it has been observed that brief exposure to
reactive oxygen species (ROS) in the growth medium can impede the proliferation of CHO
cells without triggering cell death, while encouraging intracellular maintenance 28.26°, As
a consequence, it has been postulated that the accumulation of ROS in CHO cells might
interrupt the exponential growth phase, as cells strive to counteract additional intracellular
ROS buildup and avert cell death.?’®. This hypothesis is in line with the observation that
the 90% DO setpoint decreased cell growth (Figure 4.2A). It has been proposed that

specific respiration rates are closely linked to specific protein production rates “° which
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could explain why different protein yields were detected for the different DO levels. This
link can be attributed to the fact that the metabolic activity of the cells has a direct impact
on recombinant protein formation. Since the respiratory activity of mammalian cells
correlates well to TCA fluxes, linear relationships between specific protein production and

TCA cycle activity have been reported 32:40:227:245.271
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Figure 4.2. Impact of DO setpoint on A) viable cell density B) viability C) integral of viable
cell concentration (IVCC) D) end point titers.

Red represents 40% DO, green represents 60% DO and black represents 90% DO.
Feeding initiation was concomitant with a temperature shift (from 37°C to 32°C)
and cumate induction at O dpi. Error bars represents the measurement error
associated to each variable utilizing a representative average relative standard

deviation error.
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Impact of aeration strategy and increased feeding

For the cultures realized at a 40% DO level, increasing the air cap (1.5 L/H, 2.25 L/H, 3
L/H) had a negative impact on viability (Figure 4.3A). This impact on longevity also had
an adverse impact on IVCC profile, given that the culture with the lowest air cap was able
to reach higher cell concentrations (Figure 4.3B). This may be due in part to the fact that
high aeration increases the amount of bubbles bursting at any given time, thereby
augmenting the shear stress on the cells and thus adversely impacting culture performance
212273 However, a high enough flow rate is needed to ensure sufficient CO, stripping.
Importantly, dissolved CO, (dCO,) concentrations above 68 mmHg at bench scale 2° have
been observed to negatively impact protein productivity and cell growth. This observation
is generally thought to be ca+used by the detrimental effects on internal pH and cellular
metabolism that dCO, accumulation has on mammalian cells 2. This effect can be
thwarted by adding base into the system so as to keep pH constant. However, this by itself
cannot be the only solution given that a stepwise increases in osmolality (caused by
repeated base addition that counteracts dC0O, accumulation) can adversely influence cell
culture outcomes as well 2”°. Additionally, high dCO, concentrations have also been

observed to negatively impact glycosylation profiles 27

As it can be seen in Figure 4.3A, at every air cap level, the combined 60% DO with
gradually pumped feed (F+) outperformed the 40% DO with fixed feed (F) in terms of
avoiding early cell culture termination. When looking at the IVCC profiles, again the
increased feed and increased DO cultures outperformed all cultures except the 1.5 L/H with
40% DO culture (Figure 4.3B). This was presumably due to the higher shear stress

conditions associated with the 3 L/H and 5 L/H cultures. Interestingly, we can see that the
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60% DO condition with increased feeding and a 1 L/H air cap had a significant increase in
end point viability (90% at 17 dpi) as well as a significant increase in IVCC (Figure 4.3A
and 4.3B, respectively). When evaluating the corresponding lactate profiles, all the cultures
with 40% DO levels and feed addition calculated based on initial volume reached a lactate
production plateau and never achieved a consistent lactate consumption phase (Figure
4.3C). A similar conclusion can be drawn from the 60% DO with increased feeding in the
two cultures with high air caps (3 and 5 L/H). Here a lactate re-production phase is initiated
indicating high glycolytic activity. Interestingly, in the culture with low air cap, a consistent
lactate absorption is discerned (Figure 4.3C). Here, once the plateau is reached, a slow
decline until the end of the culture is observed indicating that the culture was able to enter
a lactate consumption phase. This air cap related impact to the lactate metabolism could be
explained by the fact that at higher air caps cells undergo greater environmental stress and
thus have higher biosynthetic requirements for cellular reparation. Since one of the primary
physiological functions of glucose is to provide the important building blocks for the
biosynthesis of NADPH and nucleotides 22727 and given the fact that NADPH plays a key
role in the synthesis of macro molecules like fatty acids and amino acids 2’277, this may
explain in part the higher glycolytic activities observed under higher shear stress
conditions. A similar observation was realized in single-use miniature bioreactors in which
high levels of bubble damage caused declines in cellular viability that were concomitant

with increased glucose utilization and lactate accumulation 2.

When comparing the ammonia profiles, the increased pump feeding cultures (F+)
have significantly more ammonia accumulation (Figure 4.3D). This is best elucidated by

the fact that at 14 dpi, the concentration in the increased feed cultures is almost 2-fold
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greater than the regular feed cultures. This may indicate that amino acid degradation took
place because of greater amino acid consumption 2’8, This high level of ammonia did not
seem to adversely impact the culture outcomes although considerations are required as
product quality may be impacted 2'%?%° However, in other pools or cell lines, such
increases in ammonia could be harmful and as such, better feeding strategies that avoid
unnecessary nutrient additions must be developed. When detailing the final titers, it is clear
that the 60% DO with low air cap (1 L/H) and high feed condition (F+) was the best
performing culture in terms of protein production (Figure 4.3E). It is also worth noting that
this yield is higher than 60% DO with low air cap and standard feeding (F) indicating that
there is an advantage towards increasing the overall feed amount. Moreover, for the
increased volume (F+), more total recombinant protein can be extracted at the point of
harvest when compared to the lower feed condition (F) thus representing an economic
benefit. It must also be stressed that any advantage gained by having 60% DO and increased
feeding (F+) is lost when subjecting the culture to higher air caps (Figure 4.3E). This
suggests that setting an inadequate air cap can be detrimental to culture outcomes and, thus,
finding proper aeration conditions must be performed in tandem with adequate feeding
strategies. Since no added benefit in terms of protein production was observed between 14

dpi and 17 dpi, subsequent cultures were terminated at 14 dpi.
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Feeding initiation was concomitant with cumate induction and temperature shift
(from 37°C to 32°C) at 0 dpi for all the cultures. Feeding days correspond to 0, 3,
5,7, 10, 12, 14 dpi. Error bars represents the measurement error associated to each

variable utilizing a representative average relative standard deviation error.

Bolus feed addition vs slow continuous pump feeding strategy

An experiment comparing feed addition based on bolus dosing to slow pump dosing was
devised to evaluate the impact of slow feed addition as it was not immediately clear if the
increased feeding alone was responsible for the increased performance or if it was the
interaction between the increased feeding and the slow addition process. A change in
temperature shift for the slow pump feed condition was realized to determine if substantial
gains could be made with the onset of nutrient addition. For all conditions, 60% DO was
used with a 1.5 L/H air cap as low air caps were confirmed to be the best performing. As
it can be visualized in the cultures with slow pump addition, regardless of the total amount
of feed given (control feed calculated based on initial volume (control) and feed calculated
based on current volume (CV)), both cultures had significantly higher viability by 14 dpi
(Figure 4.4A). It must be stressed that the feeding volume based on current volume, by 14
dpi, resulted in 1.85-fold increase of the total feed added when compared to the feeding
based on initial volume. Interestingly, the culture with increased feed (based on current
volume) that was dosed in a bolus style had to be terminated early given that it suffered an
early culture crash that was concomitant with a high bolus addition (110 mL) realized at 7

dpi (Figure 4.4A). The benefit of slow pump feeding is that it allows to increase the amount
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of feed without generating adverse culture outcomes. Presumably, this culture crash is
related to rapid increase in nutrient concentrations (glucose and amino acids) that, in turn,
causes an abrupt change in osmolarity. This sudden osmolarity increase can be tolerated
by the tested CHO pool within a threshold. In this case, the addition of 32.5 mL (between
0-5 dpi) by bolus did not immediately impact cell viability (control feed regimen) while
the addition of 48.5 mL at 7 dpi (control feed) did result in a decrease in viability when
measured at the next sampling point (Figure 4.4A). Importantly, when 110 mL was fed
(regimen based on current volume) in a bolus fashion at 7 dpi, an even steeper decrease
in viability was noted, thus demonstrating a step-wise decrease in viability given that ever-
increasing amounts of feed (given in a bolus way) resulted in incrementally worse culture
outcomes (Figure 4.4A). This observation may be due to various reasons. It could be due
to a rapid increase in volume, critical decrease in nutrient concentrations between sampling
days or variations in osmolarity. Since volume changes of 100 mL were not observed to
drastically decrease k.a (kra for 650 mL at 1.5 L/H air cap is 2.16 while the k.a for 750
mL at 1.5 L/H air cap is 1.96), and oxygen supplementation is anyway added as needed so
as to maintain the DO constant, no impact of oxygen availability on cellular viability can
be expected. Additionally, nutrient concentrations were not observed to be critically low
when comparing sampling days as glucose concentration was always controlled to be
above 17 mmol/L (3 g/L). Amino acid concentrations are not depleted during the
production phase as seen in annex Figure 21S. When observing osmolarity measurements
it was noted that at 7 dpi, the osmolarity levels were equivalent for regimen CV pump and
regimen CV bolus (313 mOsm/kg for bolus and 310 mOsm/kg for pump). However, by 10

dpi, regimen CV bolus exhibited a spike in osmolarity to 427 mOsm/kg, while regimen CV
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pump registered a comparatively lower value of 331 mOsm/kg. Given that both conditions
were subjected to identical feeding and thus identical increases in nutrient concentrations
by each sampling day, it is postulated that the observed increase in osmolarity results from
decreased metabolic activity caused by cellular death. This decreased activity leads to
decreased nutrient consumption and thus increased accumulation of nutrients in the media
driving an increase in observed osmolarity. This is best exemplified by the differences in
glucose consumption per day. For both regimen CV pump and CV bolus, glucose
consumption per day is very similar (6.28 mmol/L*day and 6.63 mmol/L*day respectively)
at 7 dpi. However, by 10 dpi, the glucose consumption per day begins to diverge such that
for regimen CV pump the value is 7.81 mmol/L*day while for regimen CV bolus it is 5.2
mmol/L*day. This trend continues onto 12 dpi where glucose consumption remains high
for regimen CV pump (5.92 mmol/L*day) and for regimen CV bolus a large decrease in
glucose consumption per day is detected (2.19 mmol/L*day). This would explain the
substantial difference in osmolarity measurements after 10 dpi where a large viability crash
is detected. Consequently, it can be postulated that rapid osmolarity increase is a key factor
driving the sudden decrease in cellular longevity. Since both cultures were fed the same
total amount across sampling days, it stands to reason that the driver of cellular death is the
difference in time in which the cultures were exposed to the increase in osmolarity. For the
bolus culture, this osmolarity increase took place in the time frame of 1 hour or less, while
for the pump fed cultures, the time frame is 48h or more. Similarly, for regimen control,
osmolarity is nearly identical at 5 dpi (342 mOsm/kg for pump and 340 mOsm/kg for bolus)
but begins to diverge by 7 dpi (344 mOsm/kg for pump and 387 mOsm/kg for bolus). By

12 dpi osmolarity in control regimen pump is 356 mOsm/kg while for control regimen
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bolus it is 417 mOsm/kg. Concomitant with this change in osmolarity is a change in
viability outcomes (93% for pump and 64% for bolus). Critically, proving the hypothesis
that rapid variations in osmolarity are more negatively impactful to culture longevity when
compared to slow increases in osmolarity (change in osmolarity spreads over several days)
requires more frequent measurements. Such approach can be undertaken with conductivity
measurements as positive correlations between osmolarity, and conductivity has been
found in the literature 21282 As can be seen in Annex Figure 22S, conductivity
measurements for bolus feed addition and pump feed addition show distinct patterns of
stepwise increase (bolus feed addition) versus a slow linear increase (pump feed addition).
Consequently, the observed difference of viability outcomes between bolus addition and
pump addition may be explained by the fact that sudden bolus feed additions lead to rapid
increase in conductance (and thus osmolarity), while slow pump addition generates a slow
increase in conductivity measurements and by extension a slow increase in osmolarity that
may allow the cells to adapt to the changing environment throughout the process. In the
literature, it has been noted that hyperosmotic stress can drive cell death through necrosis
and apoptosis 28324, Furthermore, it has been observed that CHO-S cells can be adapted to
hyperosmotic conditions (>450 mOsm/kg) by repeated passaging (more than 10 times)
while still remaining unaffected in terms of overall cell growth 25, This approach was
suggested to allow CHO cells to avoid being affected by rapid osmolarity increases caused

by large bolus feed additions 2%,

When evaluating the IVCC profile of the cultures, one can see that the increased
feed with slow pump addition outperforms all the cultures (Figure 4.4B). This is due to the

fact that viability and high cellular densities are maintained over the whole process. Lactate
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profiles show that bolus additions do not facilitate a transition from lactate production to
lactate consumption phase (Figure 4.4C). In fact, gradual increases and decreases in lactate
concentrations are associated with every feeding event, indicating that the sudden bolus
additions alter transiently the metabolic behavior of the cultures (Figure 4.4C). In contrast,
the slow pump additions show a slow decrease in lactate concentration throughout the
culture run. This could be explained by the fact that without the sudden changes in glucose
concentrations, no sudden glycolytic influx is activated, and the culture is allowed to
sustain a lactate absorption phase. This is important given that lactate absorption has been
observed to be a key process indicator (KPI) for protein production and thus it is desirable
behavior 2. When evaluating ammonia concentration, it was shown that the increased
feeding strategy (pump and bolus) leads to higher ammonia accumulation as previously
observed (Figure 4.4D). This was detected regardless of dosage method (slow pumping or
bolus addition). Despite the increase in ammonia accumulation, it cannot be implied that
said outcome negatively impacted IVCC, longevity or yield. When discerning the final titer
concentration, it is clear that increased feeding yields superior results, but only if it is dosed
through slow pump addition (Figure 4.4E). Here, the sudden changes in nutrient
concentrations and osmolality variations are avoided. In the literature, slow feeding
strategies have been used with CHO-K1 cell lines for the production of monoclonal
antibodies . It was determined that when compared to bolus feeding methods, slow pump
feeding did not show any advantage when the feed amount was low. However, with high
feed amounts the pump method allowed for the reduction of metabolic-by-product buildup
67_ A similar strategy was utilized in large-scale expansion of mammalian cell spheroids. It

was shown that slow pump feeding eliminated fluctuations in nutrients levels and
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consequently improved cell growth 2. Similar observations were realized in a CHO-S cell
line where pump feed addition outperformed bolus feed addition in terms of IVCC and IgG
production. However, viability was unaffected between both conditions 2¢°. A pulsating
feeding strategy has also been applied to glucose and amino acid supplementation resulting
in enhanced mAb production and increased endpoint viability 2%”. Since these results show
that slow pump feeding is applicable to CHO stable pools producing SARS-CoV-2 spike
protein, it could be suggested that the advantages of slow feeding hold across a wide range
of mammalian pools and cell lines and should be systematically assessed. The delayed
temperature shift was observed to have a positive impact on IVCC profiles (Figure 4.4B
vs Figure 4.3B) regardless of feeding strategy (based on initial volume or based on current
volume). However increased yields were only observed in the cultures with increased
feeding. Given that slow pump feed addition allowed for more aggressive total feed
supplementation, it is possible that future gains with respect to specific protein production
can be obtained since it has been observed that hyperosmotic stress on CHO cells can
enhance specific protectivity 2. Indeed, this phenomenon has also been observed in

hybridoma cultures 28%2%,
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A) Viability, B) IVCC, C) Lactate accumulation, D) Ammonia profiles, E) End point titers.
Solid red represents Regimen Control [Bolus]; Dashed red represents Regimen Control
[Pump]; Solid blue represents Regimen CV [Bolus] and dashed blue represents Regimen
CV [Pump]. Feeding initiation was concomitant with cumate induction at 0 dpi. A
temperature shift (from 37°C to 32°C) was realized at 0 dpi for Regimen CV [Bolus] and
Regimen Control [Bolus] while the temperature shift was realized at 3 dpi for Regimen
Control [Pump] and Regimen CV [Pump]. Error bars represent the measurement error
associated to each variable utilizing a representative average relative standard deviation

error.

When detailing the amino acid concentrations in Figure S21, it can be discerned that His,
Ser, Arg, Gly, Glu, Pro, Thr, Cys, Met, lle, and Phe concentrations begin accumulating at
greater amounts by 10 and 12 dpi in the CV Bolus condition when compared to the CV
Pump condition. His, Ser, Arg, Thr, Cys, Met, Phe, lle, Leu and Val are known to be
consumed during the production phase and at the beginning of the decline phase in CHO
cell cultures 322°1, A simplified schematic of mammalian cell metabolism and the
relationship between glycolysis and the TCA cycle can be viewed in Figure 4.5. An
increase in the concentration of these amino acids in the CV Bolus was observed when
compared to CV Pump. It makes sense as by 10 dpi, CV Bolus viability drops below 60%
thereby diminishing the number of cells consuming the available amino acids in the feed

and basal media.
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Figure 4.5. Schematic of mammalian cell metabolism

Glutamate is added to the feed so as to aid in glutamine synthesis for CHO-GS cell
lines 2%, Its accumulation in the medium could indicate that glutamine synthesis is
decreasing and consequently its metabolic activity is waning. Given that by 10 dpi the
viability of CV Bolus drops below 60%, its reduced metabolic activity led to greater
accumulation of glutamate when compared to CV Pump. Furthermore, CHO cells face
challenges in synthesizing an adequate amount of proline to support essential cellular
processes such as de novo protein synthesis and consequently proline is supplied via feed

supplements 2%, As such, differential accumulation between Bolus and Pump conditions
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may indicate inadequate metabolic activity in cellular maintenance and recombinant
protein production which can be explained by the 60% viability drop by 10 dpi in the CV
Bolus condition. Glycine is a product of serine metabolism which fuels 1C units
metabolism 2%, This amino acid is present in low concentrations in both the feed supplied
(0.67 mmol/L) and in the basal medial (1.41 mmol/L) and is involved in the synthesis of
glutathione 28, Since there have been hints at a potential connection between glutathione
(GSH) levels and cellular productivity of recombinant proteins %29 it stands to reason
that increased accumulation of glycine in the CV Bolus condition may be interpreted as
lower GSH synthesis activity caused by the viability crash which led to a decrease in the
oxidative metabolism that is generally associated with high protein production 2*°, This is
evident by the fact that peak pure oxygen flow in the CV Pump condition was 3.3 L/H at

12 dpi while for the CV Bolus condition it was 2.2 L/H at 6 dpi.

~
)

A 121

Condition Condition

-# Regimen CV [Bolus] - Regimen CV [Bolus]
-® Regimen CV [Pump] - Regimen CV [Pump]

w
L

—_
1

Asparagine Concentration (mmol/L)
()
1
Alanine Concentration (mmol/L)
<

o

1 0 T T T T
] 15 0 3 6 9 12
Days Post Induction (DPI) Days Post Induction (DPI)

o

Figure 4.6. CV[Pump] and CV[Bolus] impact on A) Asparagine (Asn) concentration in the
spent media and B) Alanine (Ala) amino acid concentration in the spent media.

15

149




Feeding initiation was concomitant with cumate induction at 0 dpi. A temperature shift
(from 37°C to 32°C) was realized at 0 dpi for Regimen CV [Bolus] while the temperature

shift was realized at 3 dpi for Regimen CV [Pump].

In Figure 4.6, it is possible to observe the concentration profiles for asparagine

(Figure 4.6A) and alanine (Figure 4.6B). During the plateau phase, asparagine represents

about 8% of incoming carbon source 2*°. In fact, it has been determined that multiple TCA

cycle intermediates (e.g. citrate, malate, succinate) derive substantial carbon from
asparagine catabolism 2%, Consequently, it has been delimited as a key nutrient that has to
be replenished to avoid rapid depletion 293, A recent CHO metabolism review paper has
noted that asparagine is significantly consumed during the production phase and the decline
phase 3. Therefore, it makes sense to observe differential accumulation in the media for
the Regimen CV Bolus and Regimen CV Pump conditions. As the large bolus addition of
feed is added to the CV Bolus condition at 7 dpi, the subsequent viability crash diminishes
metabolic activity and consequently asparagine uptake requirements. Interestingly, the
alanine profile (Figure 4.6B) is observed to diverge between CV Bolus and CV Pump
conditions by 10 dpi. Generally, alanine is observed to accumulate in the extracellular
media both in production phase and the decline phase 322°%%1 There is no alanine in the
feed formulation and a low amount in the basal media (0.53 mmol/L). It is hypothesized
that the secretion of alanine into the cell culture serves as a strategy to mitigate ammonium
toxicity by functioning as a reservoir for nitrogen 3%, It is thought that alanine biosynthesis
serves as a stress response mechanism for metabolic waste accumulation 3%, Additionally,
the metabolic interconnection between glutamine and alanine involves the glutamine-

pyruvate transaminase reaction, wherein glutamine is transformed into a-ketoglutarate, and
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the resulting amine group is transferred to pyruvate to produce alanine 3%, These
transaminase reactions, including those mediated by glutamine-pyruvate and glutamate-
aspartate transaminase, allow CHO cells to mitigate excess ammonia production,
potentially contributing to the establishment of a more favorable cellular environment in
culture 3%, Interestingly, in CHO cells, alanine concentrations have been observed to
diminish during the production phase of a culture and as such it has been suggested that
alanine is important in metabolic processes related to recombinant protein synthesis 3%.
Tangentially, excessive alanine accumulation is known to be a negative in CHO cultures,
as it can serve as an allosteric inhibitor of pyruvate kinase by signaling an abundance of
intermediates from the tricarboxylic acid (TCA), thereby inhibiting pyruvate kinase and
the TCA pathway 3%, this can be best visualized in Figure 4.5. Consequently, it may be
interpreted that alanine consumption observed in CV Pump condition underscores
increased TCA cycle activity which can be further underlined by the higher oxygen (3.3
L/H > 2.2 L/H) requirements and protein production (1246 mg/L> 850 mg/L) when

compared to the CV Bolus condition.

No clear impact regarding delayed temperature shift for regimen CV pump when
compared to regimen CV bolus can be discerned. The main driver of difference can be
attributed to the difference in dosage method as the difference in dosage method explains
the difference in longevity and metabolic activity. For illustration, when comparing
regimen CV pump to the previous set of experiments (1 L/H air cap, 60% DO with regimen
CV pump, temperature shifted at 0 dpi), marginal gains in titer at 14 dpi (1193 mg/L vs
1246 mg/L) and increased IVCC at 14 dpi (7.85x107 cells*day/mL vs 1.12x108

cells*day/mL) are detected. Here, the delayed temperature shift can be observed to allow
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for more biomass accumulation and a marginal improvement in titer. Despite the
temperature shift difference between these two conditions, longevity remains high at 14
dpi (viability is around 90%) and metabolic activity is also comparable at 14 dpi (glucose
consumption of 6.02 mmol/L*day for the regimen CV pump culture and 5.33 mmol/L*day

for the 1 L/H air cap, 60% DO with regimen CV pump, temperature shifted at O dpi culture).

Dynamic feeding strategies

Given that slow pump feeding was observed to be the optimal dosage, various dynamic
feeding strategies were devised and assessed to optimize the process. These feeding
strategies were set up so as to respond to biological signals rather than feed based on a set
amount that was determined a priori. Constant feed per cell based on manual cell counts
(CFPC), feeding based on capacitance signal (CAP), feeding based on OTR signal were
compared to the standard process of feeding that relies on bolus additions calculated based
on initial volume. For the three strategies, the onset of feeding was one day before induction
(-1 dpi) since this was observed to be a key moment given that the cultures reach air cap at
this point and thus require additional oxygen supplementation (Figure S23 in Annex
contains a typical DO profile with online air cap and 0, flow). This may indicate that the
cultures are very metabolically active (probably through glycolysis path to rapidly produce
2 ATP per mole of glucose to support rapid cell growth), thus the cells are in need of
additional nutrients. For the CAP and OTR feed regimens, a daily adjustment of the feed
flow rate to align with the desired signal trajectory was realized while for the control and

CFPC regimens feed additions are realized every sampling day.
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For all three dynamic feeding strategies, culture longevity was maintained longer
when compared to the standard process probably due to the dosage or the varying amount
or a combination of both effects (Figure 4.7A). It is also clear from the viable cell density
plot (Figure 4.7B) that after the temperature downshift at 2 dpi, cell concentrations for the
CFPC, CAP, OTR conditions were maintained for longer periods of time. Importantly, for
the three dynamic feeding strategies cell concentrations remain high after temperature shift
while the control process continues growing after temperature shift, reaches a peak VCD
value and subsequently crashes. Lactate again can be observed to enter a consumption
phase soon after 2 dpi which was concomitant with the temperature downshift (Figure
4.7C). Ammonia build-up, even though higher than in the standard process, is overall less
when compared to the previous regimen with feed volume calculated based on current
volume. This could be an indication that, since the feeding strategies relied on biologically
relevant signals, the degradation of amino acids in the media due to over feeding was
diminished (Figure 4.7D). From the daily feed profile, one can see how the strategies were
able to trace the relevant signal (Figure 4.7E). While CFPC relies on viable cell
concentrations (Figure 4.7B), the feed based on capacitance signal is able to track the time
evolution profile of the permittivity signal (Figure 4.8B) and the OTR-based feeding
strategy is enabled based on the changes in OTR (Figure 4.8A). As it can be discerned from
the endpoint titers (Figure 4.7F), the three dynamic feeding strategies outperformed the
standard process such that capacitance-based feeding (CAP) > OTR based feeding > cell
count based feeding (CFPC) > bolus feeding based on a fixed amount related to the initial
volume. This ranking could be linked to the fact that both bio-capacitance and OTR-based

feeding strategies are indirectly monitoring biovolume and its consequent metabolic
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activity while the cell count based feeding is assuming that each cell should receive the
same amount of feed per day. Thus, conceptually speaking, the two feeding strategies (CAP
and OTR-based) are much more dynamic in terms of considering changes in metabolism
or total biovolume. Regimen CFPC had a lot more feed addition between 2-6 dpi when
compared to the best performing regimens (CAP and OTR). This sub optimal addition at
the start of the production phase may have contributed to worse protein production given
the fact that CFPC has lower endpoint protein production (762 mg/L) when compared to
CAP (1300 mg/L) and OTR (1029 mg/L). It must be noted that when comparing the protein
yield of regimen CV pump (1250 mg/L) to regimen CAP and OTR similar high
performance is observed. Given that the feed profile of regimen CV pump was pre-set to
track expected changes in cell counts during the cultivation process thus serving as a proto-
dynamic feed regimen strategy. It may be hypothesized that the changing feed profile along
with slow continuous addition of feed is one of the mayor explicatory reasons for the high

protein yield results in regimen OTR, CAP and CV pump.
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Initiation of feeding was concomitant with temperature shift and cumate
induction at 0 dpi for the control regimen. For regimen OTR, CAP and CFPC, feeding was
initiated at -1 dpi, cumate induction was realized at 0 dpi and temperature shift was
realized at 2 dpi. Feeding days correspond to O, 3, 5, 7, 10, 12 dpi for the control regimen
and-1,0,1,2,3,4,5,6,7,8,9, 10, 11, 12 dpi for regimens CAP, OTR and CFPC. Error bars
represent the measurement error associated to each variable utilizing a representative

average relative standard deviation error.

From the oxygen uptake rate plots (OTR=OUR due to a constant DO setpoint
maintained in the bioreactors) (Figure 4.8A), it is clear that feeding based on capacitance
signals induced higher overall oxygen requirements which are in part explained by a higher
VCD that was sustained throughout the culture process. Additionally, the increased OUR
may be linked with an increased protein expression as this culture was able to outperform
all the tested feeding strategies (Figure 4.7E). In the cultures that were subjected to a 2-dpi
temperature downshift (CFPC, CAP, OTR), atemporary decrease in OUR is observed from
2 dpi to 4 dpi indicative of a decreased metabolic activity probably due the decrease of
temperature from 37°C to 32°C (a concomitant decrease in glucose consumed per day was
also noted as shown in Annex Figure S24). This has been noted in the literature as decreases
in temperature impact specific respiration rates 2°’. It has been found that mild hypothermia
when coupled with nutrient supplementation can increase specific protein production due
to its inverse relationship with the fraction of cells in S phase during the cell cycle 37,
When overlaying the resulting OUR and capacitance signals, several points of interest can
be noted. First, peak bio-capacitance and peak oxygen consumption measurements happen

around the same points in time (7-10 dpi for the control regimen and 10-14 dpi for the CAP
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regimen), indicating that both oxygen consumption and bio-capacitance are strongly
related to viable cell volume as has been suggested in the literature 4445271308309 Second,
decrease in oxygen consumption precedes cell death and it is steeper than the decline in
cell counts (Figure 4.8B). This could be due to the fact that once the cells are close to the
decline phase, their metabolic activity slows down considerably. This is evident from the
reduction in glucose consumed per day for the regimen control condition while daily
glucose consumption rate remains high in the CAP condition (Annex Figure S24). Third,
the increase of the bio-capacitance signal (from 6 pF/cm to 18 pF/cm) between 2 dpi and
12 dpi (Figure 4.8B) cannot be explained alone by the secondary increase in cell counts
(from 6.5 million to 9 million) after induction (Figure 4.7B). This increase in cell counts
was also accompanied by an increase in cell size. Historical records for this cell pool show
radius increased from 14.9 um at inoculation (-3 dpi) to 16.8 um at 12 dpi. A similar
observation was realized on a CHO cell line where the cellular diameter was determined
increase from 13.6 pm before induction to 15.5 um 9 days after induction 31°. For
illustration, a 2 um increase in radius represents a 1.43-fold increase in cellular volume
236,242243 Fourth, both OUR and bio-capacitance signals show similar trends for the bolus
feeding process. Here both signals grow almost exponentially between 3 dpi and 9 dpi,
which is in response to strong secondary growth phenomenon. In the pump fed cultures,
the bio-capacitance and OUR curves also show similar behaviors. The capacitance signal
shows a convex trend while the OUR signal displays a concave profile. This may in part
be due to the fact that strong secondary growth is not observed. Since there is no strong
secondary growth in this case, the increase in capacitance must necessarily be due to

increase in cellular size while the OUR increase is due to both an increase in cell size and
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an increase in metabolic activity. Nonetheless, both signals have an increasing trend thanks
to the capacity of the signals to directly (capacitance) or indirectly (OUR) detect biovolume
which can also serve as a proxy for metabolic requirements (bigger cells have higher
oxygen requirements). As it can be seen from the titer production profiles (Annex Figure
S25), a correlation is observed such that when the cultures are ordered in terms of peak
oxygen requirements at the end of the culture process, they are consequently also ordered
in terms of peak protein expression. This could be possibly explained by the fact that close
relationships between recombinant protein expression and enhanced TCA cycle activity

have been observed %%/,

Interestingly, when evaluating the biovolume specific respiration rates
(OTR/Capacitance) for the bolus-fed process and the continuously fed capacitance-based
process, it is clear that biovolume specific respiration rates are higher in the slow pump
process when compared to the bolus-fed process. Given the strong link between specific
protein expression rates and specific respiration rates, it can be postulated that this is a key

reason as to why higher protein titers were reached in the CAP regimen (Figure 4.8C).

When comparing the cumulative OUR versus the cumulative glucose consumption
plot after 4 dpi - 5 dpi, there exists a change in the relationship between oxygen
requirements and glucose utilization (Figure 4.8D). In essence, the total oxygen consumed
increases at a higher rate (increasing slope) when compared to the increase in total glucose
consumption. Since lactate begins to decrease after 4 dpi and protein expression begins to
increase dramatically between 4 dpi and 12 dpi, it can be postulated that these two key
nutrients (glucose and oxygen) are being fluxed into the TCA cycle to be used as part of

protein synthesis. Metabolic shifts can also be monitored such that a change from highly
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glycolytic metabolism to predominantly oxidative metabolism can be detailed. Given the

positive correlation that has been observed between oxidative metabolism and protein

production, it is a parameter to consider when analyzing OUR data. Thus, estimating OUR
and bio-capacitance in real time and contrasting it with measured metabolic rates can serve

as a basis for soft sensing changes in metabolism that in turn are related to process

outcomes like levels of protein expression.
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A) OTR measurements for the various feeding strategies. B) OTR and bio-capacitance

signal overlay. Thin lines (red and blue) are the OTR signals while the thick lines
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(red and blue) are bio-capacitance signals. C) Daily specific volumetric respiration
rates (ratio of daily OTR measurements and daily capacitance measurements). D)
Cumulative OTR versus cumulative glucose consumption scatter plot. Purple line

separates 4 dpi from 7 dpi datapoints.

Conclusion

In the scope of this paper, improvement of culture outcomes in terms of longevity, IVCC
and SARS-CoV-2 spike protein production was achieved through various aeration and
feeding strategies. Firstly, it was observed that appropriate DO setpoints had important
effects in terms of increasing endpoint viability and protein production yield. At the same
time, it was determined that setting the appropriate sparging air caps also has a significant
impact on cell culture kinetics such that adverse conditions (e.g. high air caps) impact not
only cell culture longevity but also lactate accumulation profile. Presumably, this is a
consequence of sub-optimal environmental hydrodynamics which alters the metabolic
pathways of the cells. Although not shown within this paper, low air caps can also be
detrimental given that insufficient carbon dioxide stripping can be observed especially
when scaling the process. Thus, finding the adequate aeration conditions is paramount for
a scalable process. It was also determined that increased feeding was only beneficial when
coupled with slow pump addition as it diminished the cellular stress perhaps due to
attenuating nutrient concentrations oscillations and exposing the cells to increased
osmolarity at very low feed addition rates. Thus, it can be said that feed amount and dosage
method are important components of feeding strategy development. This dosage strategy

(slow pump) was also observed to allow for consistent lactate absorption which is known
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to be a good process indicator in CHO cells. It was also determined that dynamic feeding
strategies (oxygen uptake rate and bio-capacitance based) can increase titer when compared
to the control process. Given the increase of monitoring technologies in the bio-
therapeutical industry, it is then appropriate to begin designing strategies that react directly
to measured signals as it can be easily automated using feedback control loops, thus
diminishing the day-to-day workload that operators have. The suggested signals are bio-
capacitance and OTR (if accurate DO control is achieved) given their close links to viable
cell volume (biovolume) rather than cell counts and consequently their indirect
relationships to increases in metabolic demands (larger cells have been observed to have
increased respiratory demands). Alternatively, if no accurate DO control can be achieved
OUR estimation be realized through standard respiration tests in which cyclical
measurement of the DO extinction profile is realized when air supply is stopped 2*¢. An
additional take-away from this research is that feeding strategies and processing parameters
must be optimized in tandem since the positive impact of dosage and increased feeding can
be undone by adverse aeration conditions and inappropriate DO setpoints. Future work can
center around evaluating process related impacts on quality profiles of the SARS-CoV-2
spike protein (glycan monosaccharide analysis, human ACE2 affinity, trimerization status
and purity, identification of the N- and C-terminal and thermal stability). Importantly,
product quality attributes for this cell pool have been shown to be highly robust and

comparable to cell line expression methods. 24
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CHAPTER 5 ARTICLE 3: ARECURRENT NEURAL
NETWORK FOR SOFT SENSOR DEVELOPMENT USING CHO
STABLE POOLS IN FED-BATCH PROCESS FOR SARS-COV-2

SPIKE PROTEIN PRODUCTION AS A VACCINE ANTIGEN

The article titled “A recurrent neural network (RNN) for soft sensor development using
CHO stable pools in fed-batch process for SARS-CoV-2 spike protein production” was
submitted to Biotechnology and Bioengineering on May 16, 2024, it covers objective 4 of
this thesis. The development of a one-step-ahead soft sensor is detailed. Test
metrics demonstrated strong linearity and low normalized root mean squared error
(below 0.5). Soft sensor application for process monitoring is discussed and
improvements based on increasing data availability is suggested. | was responsible for
data curation, data analysis, model implementation and writing - original draft.
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Abstract

Fed-batch recombinant therapeutic protein (RTP) production processes utilizing Chinese
Hamster Ovary (CHO) cells can take a long period of time (> 10 days). Within this period
not all features may be measured routinely and in fact some are only determined once the
process is terminated, complicating in-process decision making. As a consequence,
utilizing routine current day bioreactor online data to aid in next day predictions is a
promising strategy. The article details the development of a proposed soft sensor that
merges current day bioreactor online data and offline historical sampling data to generate
predictions about the next day of the production process. This approach demonstrated the
ability to track product titer, cell growth, key metabolites (lactate and ammonia), and
cumulative glucose consumption across the 17-day process with low error (normalized root
mean squared error (nRMSE) and normalized mean absolute error (nMAE) below unity).
It was also demonstrated that the same model architecture could effectively soft sense
product titer and metabolic profiles (glucose, lactate, ammonia) without having sampling
day’s offline data as inputs to the model. This suggests that the proposed model could act
as a true soft sensor of hard-to-determine variables such as the trimeric SARS-CoV-2 spike
protein that relies on end-of-process measurements to acquire the data (labor-intensive
semi-quantitative SDS-PAGE gels or ELISA assay). Instantaneous specific glucose
consumption rates (qGluc) were also predicted and showed good agreement with
experimental measurements, further offering opportunities for online glucose control.
Within the process analytical technologies (PAT) framework, it stands to reason that in the

future work, the utilization of additional online sensor data such as oxygen uptake rate
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(OUR) and bio-capacitance which stand outside standard measured variables (temperature,
pH, DO, gas sparging, agitation) can further improve model performance supporting the

promise of model architecture approach in analyzing data rich processes.

KEYWORDS

data driven sensor, recurrent neural network (RNN), soft sensor, process analytical
technologies (PAT), SARS-CoV-2 spike protein, CHO stable pool, CHO fed-batch

bioreactor production

Introduction

A soft sensor is the concomitant use of software-implemented models (soft) and hardware
devices (sensor) to gather and gain new information about the process 1. This is key
because without the use of soft sensors, that is to say just exclusively using a sensor, it
would be impossible to derive the same information 10152312313 - At jts core, these soft
sensors are used with the explicit purpose of leveraging on-line data in order to infer
quantitative information about complex process variables that are impossible to measure
directly in a sterile system or can be measured at a very low sampling frequency 3!,
Consequently, soft sensors can become useful tools in terms of monitoring and control
applications within the biopharmaceutical industry 10152312313 = A \well-developed soft
sensor that considers the need of its stakeholders should, in theory, results in a reduction

of operational surveillance and maintenance work. Additionally, soft sensors should



increase the interpretability of the results of culture runs given the capacity of the models
to relate various key variables to each other %, Given this promise, soft sensors are perfect
candidates for the PAT initiative to contribute towards automated control 334 Soft
sensors can be split into three categories: model-driven sensors, data-driven sensors, and

hybrid models 311315,

Model-driven sensors involve mechanistic models that are based on engineering
principles, like mass or energy balances. They can provide an understanding of the
processes that is inherently ingrained in biological insights 3. Such models are capable of
introducing known culture conditions such as media composition and/or culture
performance indicators (cell growth, titer) to set up tangible models. Because of these
characteristics, model-driven sensors can exploit known Kinetic equations that capture
dynamic changes of relevant variables 4316, In essence, these soft sensors incorporate
reaction kinetics, transport phenomena, and thermodynamic constraints into the model ***.
However, these types of soft sensors must go through rigorous phases of parameter
identification, uncertainty, and sensitivity analysis to properly validate said models. It must
be noted that in the case where the model is reproducible and reliable, biological
interpretable information is provided to the end user that can increase the understanding of
the production process ***3'', Model-driven soft sensors can be split into two distinct
categories: dynamic models and steady-state models. Dynamic models depend on balances
and Kinetic presumptions to suitably express rate expressions as functions of the state
variables 1*°. On the other hand, steady-state models originate from mass and heat transfer
laws. Good examples of such steady-state models can be flux balance analysis (FBA) or

metabolic flux analysis (MFA) which are stoichiometric-rooted techniques routinely used
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to characterize cell metabolism *°71%8:317 They are also useful in estimating intracellular
fluxes by leveraging known extracellular analyte consumption or compound production
rates as model constraints. Given that the quasi-steady state presupposition for intracellular
metabolites is key, such models are considered static in nature >*. On the contrary, kinetic
models are usually expressed as a series of ordinary differential equations (ODES) that can
describe dynamic changes in metabolite concentrations, cell density, and protein
expression during the cell culture process 1°9152312313 Because of this, cell growth and cell
death can be unambiguously linked to changes in concentration of relevant nutrients and
metabolic by-products. In addition, protein expression has been linked to cell growth and
amino acid metabolism %431831°  As a direct consequence, dynamic models can be
designed with varying levels of complexity conditioned on the assumptions made by the
researcher regarding the culture system in the bioreactor. This diversified degree of
complexity can be tuned by considering heterogeneity within cell population or by
acknowledging the existence of known cellular compartments and their respective
behaviours. On the other hand, dynamic models can be simplified if reactions are lumped
to rate limiting steps 15431831° Because of such caveats, model-driven sensors can be very

complex and time consuming to develop 3%,

Data-driven soft sensors utilize multivariate data analysis (MVDA) techniques such
as partial least square (PLS), principal component regression (PCR), and non-linear
regressions such as artificial neural network (ANN), and support vector machine regression
(SVMR) in order to relate input features to predict desired variables 17-173.175,321-326 Thege
non-linear models are particularly useful in understanding mammalian cell cultures given

the fact that a lot of the interactions between key metabolic and process variables remain
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unknown or are highly cell line specific 31, PLS regression and ANN are notably used to
analyze spectral data. Under such conditions, the spectral data is used as input and linked
to outputs such as substrate concentrations, biomass, cellular viability, or product titer
124327 Thanks to such models, it is possible to predict critical process parameters (CPPs)
that are not available through the spectral signals or multi-sensor data alone but arise from
the deconvolution of the datasets generated from such sensors. This, in theory, is an
advantage over mechanistic models given that online measurements (temperature, pH, DO,
oxygen flowrate, base addition, dissolved carbon dioxide flow rate, oxygen uptake rates,
bio-capacitance signals, Raman spectral data, cell volume) are not directly coupled to cell
counts. Metabolic parameters such as lactate production/consumption, ammonia
production/accumulation, and glucose consumption can be utilized to help predict said
variables (protein expression, cell growth, etc.). Alternative approaches applied in
bioprocessing include multiple linear regression, k-nearest neighbors (KNN), regression
trees, ensemble approaches (Gradient Boosting Machine, Extreme Gradient Boosting,

328 Since

Adaptive Boosting, Random Forest) and Gaussian process regression
mammalian cell culture data is complex both in its time dependent variation and
multivariate nature, methods developed for sequence forecasting have been applied. Even
though ANN can capture dynamics of non-linear systems like cell culture runs, RNN is a
subclass of ANN that better captures the internal temporal dependencies of a system. These
architectures are particularly useful for making t-step ahead predictions of relevant state
variables 3%°. They have recently been applied in predicting biomass growth before and

after transfection of a recombinant adeno-associated virus (rAAV) production process &L,

This was done by utilizing cumulative oxygen sparged, dissolved oxygen values, and
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cumulative dissolved oxygen tension as features and relating their time related variance to
cellular growth. RNN models for multivariate estimation of mammalian cell culture data
(total cell density, viable cell density, viability, lactate, glucose, titer) have also been

developed 3%,

Hybrid models, known as grey box models, are another relevant class of soft
sensors. These types of soft sensors can be considered to be a combination of data-driven
soft sensors and mechanistic model-driven soft sensors. They have the capacity of utilizing
the benefits of each method 1°0.152:312:313:316,320331-336 \/arjous architectural techniques exist
when developing hybrid models and they can fall in three general categories: i) Calibration
i) Composition iii) Transformation. Calibration architectures utilize black box models to
reduce mechanistic model errors. Composition architectures utilize black box models to
estimate unknown terms within a mechanistic model 320337:338 | astly, a transformation
approach utilizes mechanistic models to generate data rich environments from which
training a black box model is possible 3*°. Examples of these are state observers that
integrate dynamic modelling (white box models) and data-driven modelling (black box
models). This is realized by updating state estimates derived from noisy measurements and
gradually reducing the estimation error with each iteration 3. This is usually done
assuming linear dynamics within the process and a Gaussian distribution for the error
terms. Under such assumptions, a Kalman filter can be used. However, given that the
process dynamics within a bioprocess are non-linear in nature, the extended Kalman filter
may be applied. This method realizes a piecewise linearization through a first order Taylor
series expansion 162, Another important version of the Kalman filter that is widely used for

non-linear systems is the unscented Kalman filter. This method employs an unscented
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transform to avoid relying on a Taylor series expansion of the system of equations to
linearize the model 34°. This method can be advantageous since the unscented transform
allows non linearizable functions to be used as a state observer and thus black box
techniques such as support vector machine regression (SVMR) can be utilized so as to

340 1t must be noted that because the

relate an online sensor output to a non-online variable
accuracy of a hybrid soft sensors (grey box models) can be significantly impacted by the
accuracy of the mechanistic model embedded within the grey box model, the mechanistic
model requires extensive validation to ensure it can successfully represent the process ¢4,
Extended Kalman filters have been applied in recombinant adeno-associated virus (rAAV)
production processes in which online viable cell densities (bio-capacitance signal) and an
unstructured mechanistic model are leveraged along with neural ODEs that estimate cell
specific rates. This results in a soft sensor that is able to estimate continuously other state
variables that are measured at low frequency 3*. Likewise, hybrid extended Kalman filters
which utilize partial least squares (PLS) in order to estimate specific rates in the model
have been developed 342, Hybrid models can also describe the biological system by way of
a mechanistic framework but define the cell specific rates through statistical expressions
150,152312.313 ' The mechanistic framework inherently constrains the solution space of the
model and thus, the statistical cell-specific rate expressions can be automated 343, Within
this structure, PLS or ANN prediction resulting from multi-wavelength spectra or
multivariate parameters can be fed as inputs into a mechanistic model 3#43%, XGBoost
regressors, random forest regressors and multilayer perceptron (MLP) regressors have been

used to estimate cell specific rates (specific growth rate, specific productivity, and specific

cumulative glucose consumption) throughout a fed-batch process 3. These updated
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specific rates are then utilized as parameters in a mechanistic model to predict relevant
culture outcomes (viable cell density, titer, and cumulative glucose consumption) 3%,
Hybrid models have also been utilized for the prediction of key product quality attributes
(CQA) (impurity levels, charge variants species, intact mass, total low molecule weight
(LMW), and N-glycan profiling) by coupling a propagation model that describes the time
evolution of cell culture variables (viable cell density, glucose, glutamine, glutamate,
lactate, ammonia, cell viability, and titer) with a PLS model that regresses quality attributes
as a function of cell culture variables and process conditions 4. Alternatively, to increase
the overall data richness of a production process, the utilization of unstructured
mathematical models would allow the user to generate cell line relevant data so as to create
information rich environments that can be purposed to train nonlinear deep learning

regression techniques like recurrent neural networks (RNN) 347,

In this article, the development of a multivariate long-term time series forecasting
model is detailed. This model is capable of realizing one step ahead predictions of key state
variables (titer, viable cell density, cumulative glucose consumption, lactate, ammonia) by
relying on both offline sampling data and bioreactor online data. This is key given that the
offline sampling data is unevenly spaced with respect to time (every other day or every two
days; e.g., total of 17 process days but only 10 measurements) thus reliance on online data
(temperature, pH, base addition, DO, integral of DO, cumulative O> flow, cumulative CO-
flow) is required to update predictions on days in which no offline sampling data was
available. The model was developed on a rich dataset generated with multiple cumate
inducible CHO-GS cell stable pools expressing variants of the SARS-CoV-2 spike protein

with changes in process conditions (cell passage number, Methionine Sulfoximine (MSX)
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supplementation at induction). The important advantage of this data driven method when
compared to mechanistic or hybrid modeling is that the fully pre-trained model can be
readily applied by non-experts as it needs no knowledge about boundary conditions or
metabolic networks. This can thus be readily transferred to production processes without
additional training on its operators. The model can qualitatively capture the dynamics of
metabolic and protein expression profiles by relying exclusively on bioreactor online data
and easily accessible viable cell counts throughout the whole 17-day process. This model
advantageously soft senses hard-to-measure variables like the SARS-CoV-2 spike protein

in a daily fashion.

Materials and Methods

Stable CHO-GS Cell Pool and Small-Scale Cell Culture Conditions

Three stable CHO-GS cell pools expressing SmT1 trimeric spike proteins namely Wuhan
Tagless (WuTL), Delta (De), and Beta (Be) variant were generated as described previously
200,201,220 Stable pool cells were thawed and grown in BalanCD CHO Growth A medium
(Fujifilm/Irvine Scientific) supplemented with 50 uM MSX (L-Methionine Sulfoximine,
Sigma-Aldrich) and 0.1% (w/v) Kolliphor P188 surfactant (Sigma-Aldrich). 125-mL (20
mL working volume) shake flasks without baffles (Corning) were used for cell
maintenance. The flasks were shaken at 120 rpm (25 mm orbital diameter) in an incubator
regulated at 37°C, 5% CO., and 75% relative humidity. Cells were passaged every 2 or 3

days to keep a maximum viable cell density between 2-3x10° cells/mL.
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Cell Culture Analytical Methods

172

Viable and total cell density, cell viability, main metabolites (glucose, lactate, ammonia)

were measured utilizing the previously reported methodology 2°%201220 Briefly, cell counts

were performed with Innovatis Cedex (Roche) or ViCell Blue (Beckman Coulter)

automated cell counter using trypan blue dye exclusion assay. Key metabolites such as

glucose, lactate, and ammonia were determined using the Vitros 350 Chemistry System

(Orthoclinical Diagnostics). Volumetric protein titers were estimated using TGX Stain-free

SDS-PAGE gels (Bio-Rad) quantification method. Table 5.1 summarises online and offline

measurements.

Table 5.1. Process variables considered in the model.

Offline Measurements

Cell Growth Viable Cell Density (VCD) (cells/mL)
Lactate (mM)
Ammonia (mM)

Metabolites

Cumulative Glucose Consumed (cGC) (mM)

Protein Production

Titer (mg/L)

Online Continuous Measurements

pH Control

pH profile

Base Addition Volume (mL)

Total Carbon Dioxide sparged (mL)

Oxygen Requirement

Total Oxygen sparged (mL)

Dissolved Oxygen (DO) (% of air saturation)
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Integral DO (%*Day)

Temperature Control Temperature (°C)

Fed-batch Cell Culture Process Conditions

All productions were conducted in parallel benchtop bioreactors 0.75 L Multifors 2
(Infors). Corning shake flasks were used to generate the seed trains. The bioreactors were
seeded at 0.4 x 10° cells/mL and cultivated for 17 days. Temperature downshift (37°C to
32°C) was realized 3 days after seeding. A pH shift was conducted 2 days post-seeding
(from 7.05 £ 0.05 to 6.95 + 0.05). A dissolved oxygen (DO) set point of 40% (of air
saturation) was chosen. Micro-spargers with a 0.0033 vvm (volume of gas per initial
working volume per minute) air cap was implemented in a cascade air/oxygen strategy. Air
flowrate was automatically increased to a selected maximum value (air cap) then remained
constant to the end. Pure oxygen was injected as needed to maintain the DO setpoint. CO>
and an in-house mix of NaHCO3/NaOH were used to maintain pH in its selected deadband.
Production induction was initiated with the addition of 4-Isopropylbenzenecarboxylate
(Cumate, ArkPham). Cultures were fed with BalanCD CHO Feed 4 (Fujifilm/Irvine
Scientific) and supplemented with glucose as needed to maintain glucose concentration
above 17 mM (3.06 g/L) for the next sampling point. Samples were taken from the
bioreactors on days -3, -2, -1, 0, 3, 5, 7, 10, 12, and 14 dpi (days post-induction) for off-
line analysis, while feeding was realized in a bolus dosage from O dpi (induction day)
onward. Cell passage number was varied across different batches (passage 5, 8, and 11) to
study the impact of cell age on pool expression stability. It is known that cell pool is

heterogenous composing of different cells with different expression level in contrast to




stable clone 348, Therefore, it is critical to determine cell age operation window to avoid a
significant expression loss when cell passage number increases 2%!. Additionally, MSX
supplementation (75 uM) at induction (0 dpi) was also investigated to evaluate the impact
of high MSX concentration on production performance. High MSX concentration has
enabled increased protein expression observed in our previous unpublished data. This

effect was also shown with other group 22°.

Dataset and data handling methodology

The dataset is made up of 21 production runs. 10 runs were performed with the Delta pool
(De), 6 runs with Beta pool (Be), and 5 runs with the Wuhan Tag-less pool (Wu-TL). For
all the productions, viable cell density, cumulative glucose consumption, lactate, ammonia,
and titer were measured or calculated. Cumulative glucose consumption was estimated by
adding up the glucose consumed between sampling days (difference between media
glucose concentration after feed and measured glucose concentration in next sampling day)
thus keeping track of total glucose consumption. Online data from the bioreactor runs were
also added into the dataset. DO, integral of DO (po,,), total oxygen sparged, pH, base
addition, total carbon dioxide sparged, and temperature were monitored or calculated daily
such that direct comparison with the sampling day data could be made. Integral of the DO
curve (po;,.) was chosen as a variable to aid in giving the model information about possible
changes in the DO profile between monitoring days. Integral of DO, 0, sparge rates, and
CO, sparge rates were estimated by calculating the area under the curve of each signal

through trapezoidal rule for numerical integration:
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- (time; 1 — time;) * (D041 + DO;)
DO = ) _

i=1

(time;yq — time;) * (0g_,, + 021)
2

n
Total Oxygen sparged = Z

i=1

(time;yq — time;) * (CO, ,, + €Oz ;)

Total Carbon Dioxide sparged = >

=
Where i is the counter that ranges from 1 to n (from the first data point until the end of the
data in the time series); time; represents the time associated with the i data point; time,,, is
the time associated with the (i+1)" data point; po, represents the value of DO at the i"" data
point; po,, represents the value of DO at the (i+1)™. Similarly, o, and co, ; represent the
respective gas flow value at the i data point, while o, ,, and co, ., signify the (i+1)" data

point of the respective gas flows.

Details of the RNN methodology

Recurrent neural networks (RNN) are a family of neural networks for processing sequential
data. There is a shared similarity with multilayer perceptron (MLP). The general network
structure is represented by an input layer, one (or numerous) hidden layers, and an output
layer. However, the RNN structure allows the model to carry over latent information from
time step to time step thus capturing time varying profiles *°. RNNs and MLPs have
distinct differences that have significant implications for sequence learning. While MLPs
can only map from input to output vectors, RNNs have the ability to map from the entire
history of previous inputs to each output. This means that an RNN can leverage a memory

of past inputs stored in its internal state to influence the network’s output *°. In fact, the
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universal approximation theory applies to both RNNs and MLPs, but with different
implications. For MLPs, it states that with enough hidden units, an MLP can approximate
any measurable mapping from input to output. On the other hand, for RNNSs, the equivalent
result is that with a sufficient number of hidden units, an RNN can approximate any

measurable sequence-to-sequence mapping 3°

. RNNs are specifically designed for
processing sequential data, just as convolutional neural networks (CNNs) which are
specialized for processing grid-like data such as images ®!. RNNs excel at handling
sequences of values, and they can scale to longer sequences compared to networks without

sequence-based specialization. Additionally, most RNNs are capable of processing

sequences of variable length, providing flexibility in handling diverse data inputs ***.

The latent information, which functions as a network memory, is captured within the

hidden state (h;), which is updated at each iteration as described in the equations below:

MLPhigaen:
he = Whigaen * ® Wiy * [he—1, Oy, X, )
MLPggmplea
Xir1 = Woue * @(W_in * he)
MLP4q0n- Multilayer perceptron that receives sampled data and online data; t — discrete time
index; h; — hidden state at time step t; Wh;qqen — hidden state weight matrix; & — standard
hidden layer activation function in ANN (logistic, hyperbolic, tangent, sigmoidal, etc.);
W, — input weight matrix; h;_; — hidden state at time step t-1; O, — online variable at time
t; X, —sampled input vector at time ¢t; MLP!,,... — Multilayer perceptron that projects the
resulting hidden state to a sampled variable space and predicts the updated time series

prediction for all i sampled variables (titer, viable cell density, lactate, ammonia,
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cumulative glucose consumption); X, , — state vector predictions at a future time discrete
index for all i sampled inputs (titer, viable cell density, lactate, ammonia, cumulative
glucose consumption); W/, — intermediate hidden state to predicted variable weight
matrix for all i sampled variables; ® — standard hidden layer activation function in ANN
(logistic, hyperbolic, tangent, sigmoidal, etc.); W,f_l-n — weight matrix to transition from a
global hidden state to a variable specific hidden state for all i sampled variables; h; —hidden

state at time step t 32°3%0,

For the purpose of this paper, the rectified linear unit (ReLu) function was utilized.
The hidden state serves as an internal representation of the network and captures
information about previous inputs in the sequence. The hidden state is updated at each time
step and serves as a way for the network to maintain information about the context or
history of the input sequence. The initial hidden state h, was initialized with a zero vector
which can be interpreted as carrying over no information from the past as the process had

not yet been initialized. As can be seen on Figure 5.1.
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Online Data
Sampling Data

Sampling Data Prediction

Hidden State

Output Layer [ . } { - ] t - J

Figure 5.1. Soft sensor architecture for predicting next day sampling data.

Online bioreactor data (total oxygen sparged, total carbon dioxide sparged, pH, base
addition, DO, integral of DO, temperature) and measured sampling data (lactate,
ammonia, cumulative consumed glucose, viable cell density, titer) along with an
initial hidden state are received as inputs to a neural network. This neural network
outputs the next discrete time prediction of each sampled data along with an updated
hidden state to be used in the next iteration. As can be seen in Figure 5.2. This
process is repeated for all days during the production process (17 days). If there is
no available sampling data, then the bioreactor online data and the previous output
predictions (rather than the ground sampling data) will be used as inputs in the next

iteration.



Online Data
Sampling Data
Sampling Data Prediction

Hidden State

Figure 5.2. Internal neural network architecture.

Bioreactor online data, offline sampling data, and hidden state values are received
as inputs to an MLP. The MLP outputs an updated hidden state which serves as
input for several MLPs (an MLP for each measured variable). Each MLP projects
the resulting hidden state to a sampled variable space and predicts the updated time

series prediction for each variable. The hidden state is stored for the next iteration.

Data preprocessing was done with Pandas and Numpy which are important libraries
of Python (version 3.9.13) programming %233, Architecture design and training of the soft
sensor were done with PyTorch ***, The MLPs were all conformed by 256 hidden units.
All MLPs utilized a rectified linear unit activation function (ReLu). Learning rate was set
to 1.6x10™. The learning rate in neural networks is a hyperparameter that determines the

size of the steps taken during the optimization process, or how quickly the model adjusts
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its weights in response to the estimated error each time it updates. All input data were mean
centered and standardized for each variable. Stochastic gradient descent (SGD) was
employed as the optimizer with momentum of 0.97 and weight decay of 0.125. The training
phase included 5000 epochs. An 80% training and 20% test split on the dataset was
approximated. Training-test split was randomly realized such that 8 Delta cultures are used
to train the network while 2 are left for testing. Similarly, 5 Beta cultures were used to train
and 1 was left over to test. Lastly, 4 Wuhan Tag-less cultures were used to train and 1
culture was left over to test. Regarding model validation, root mean squared error (RMSE),
mean absolute error (MAE) and coefficient of determination (R?) were used as validation
metrics to evaluate model performance for each predicted feature (glucose consumed per
day, lactate, ammonia, viable cell density, titer). RMSE, MAE, and R? were first calculated
for every batch prediction then averaged out across batches. When the RMSE and MAE of
each feature for every batch are divided by the corresponding standard deviation of each
feature of every batch, unbiased estimates (nRMSE and nMAE) can be calculated such that

model performance can be easily compared across features.

n
1
RMSE = \/; * Z(yground_truth — Yprea)®
=1

S|r

MAE =

n
i=1

* Z abs(yground_truth - ypred)

1
\/ﬁ * Zln:1(}’ground_truth - ypred)z

RMSE =
n Standard_Deviation

1
n * 2?:1 abs(yground,truth - Ypred)

MAE =
n Standard_Deviation
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Here, y,rouna eruen 1S the real sampled data of a feature; y,,., is the prediction of a feature
from the model; i represents the i" value of a given feature in a batch; and » represents the
total number of values of a feature in a batch; standard_beviation is the standard deviation

of a batch for a given feature.

Results and Discussion

The prediction versus ground truth sampled data scatter plot for each of the 17 training
batches is shown in Figure 5.3A clear linear relationship (R? values above 0.95 as indicated
in Table 5.2) is seen in all feature predictions (titer, cumulative consumed glucose,
ammonia, lactate, and VCD). The scatter plot results can center around the diagonal line
which represents the R?=1 ideal model. It must be noted that for lactate and VCD
predictions (Figure 5.3D and 5.3E), there exists a slight deviation from the R2=1 at higher
concentrations. This dataset was centered on studying the impact of increase cell age on
protein production, as well as determining if increased MSX (from 50 um to 125 pM) at
induction improved protein production outcomes. It was observed that passage impact was
only an important factor for the Delta pool, while increased MSX was found to have no

impact for all 3 pools 34,



1160

@
b=}
=)

w
@
=3

e
=]
=3

Predicted Values Titer Concentration (mg/L)

b

Predicted Values Consumed Glucose (mM)

@
2

e
I~
=3

©
w

IS
@

I

0
1]

290

580 870

1160

True Values Titer Concentration (ma/L}

o

=]

46

93

140

187

True Values Consumed Glucose (mM)

@
W

i
3

w
=1

260

1.95

1.30 x
.

ove®

cted Values Lactate (mM)

w

Predit
-
o

0.65 4 -

Predicted Values Ammonia (mM)
Predicted Values VCD (cells/mL)

)

0.0

0 3 7 10 14 0 15 31 47 63
True Values Ammeonia (mM) True Values Lactate (mM)

0.65 1.30 1.95 2.60
True Values VCD (cells/mL) 1e7

0
0.00

Figure 5.3. Model results for trained features in the training dataset comprised of 17
cultures (8 Delta pool batches, 5 Beta pool batches, and 4 WuTL pool batches).

Scatter plots of every batch prediction versus every batch sampled data for the
whole training set. Diagonal line represents the R?=1 ideal model. (a) product titer,
(b) cumulative glucose consumed, (c) ammonia, (d) lactate, (e) viable cell density
(VCD). Each color r c

nts a batch culture (17 colors for 17 cultures) with 9 data

points for each culture resulting in 153 points (17x9) on the graphs.

With respect to the time series progression of each feature (Annex Figure 26S), the
model tracks sudden changes in titer values concomitant with the onset of induction (3 to
12 dpi) (Figure 26S, A). It is able to keep track of high glucose consumption during the
growth phase (-2 to 0 dpi) followed by a decline in volumetric glucose consumption
probably due to the temperature downshift at O dpi, then an increase in glucose
consumption during the active production phase (3 to 14 dpi), (Figure 26S, B). Ammonia

profile tracking (Figure 26S, C) is possible such that high rates of ammonia accumulation



are observed during the growth phase (-2 to 0 dpi) followed by a plateau in extracellular
ammonia accumulation concomitant with slowed down metabolic activity probably due to
the 0-dpi temperature shift from 37°C to 32°C. A shift to ammonia accumulation in the late
stages of the production phase (7 to 14 dpi) was revealed. The model can also track rise in
lactate accumulation (-3 to O dpi) during the growth phase and the onset of lactate
consumption (5 to 7 dpi) during the protein production phase (Figure 26S, D). The training
results show tracking of the exponential growth of viable cell densities (-2 to 3 dpi) and its
resulting plateau and decline phase (7 to 14 dpi) (Figure 26S, E). All the models have
similar normalized RMSE values indicating the proposed model is able to track every

feature equally well.

Next, to determine if the model can generalize, it was tested on 4 production runs
that were not utilized in the training process. These hold-over cultures consisted of 2 Delta
cultures, 1 Beta culture, and 1 WuTL culture (Figure 5.4). The WuTL production was
terminated 2 sampling days earlier than normal (harvest at 12 dpi rather than 14 dpi). As it
can be seen from Figure 5.4, time profile tracking of key features is possible even in non-
sampling days. This is key given the fact that manufacturing process lasts 17 days in which
it is unpractical to have every day sampled values especially for the long-to-measure
outputs such as protein determined by SDS-PAGE which is the case for SARS-CoV-2
spike protein. For these non-sampling days, predictions are carried out by relying on
previous day model predictions and the online data of the bioreactor (base addition, oxygen
flow, DO, integral of DO, pH, temperature). In Figure 5.4A, it is clear that titer time series
tracking is possible despite differences in pool protein production behavior. For example,

the Beta and WuUTL pool demonstrate vastly different endpoint titer results despite having
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identical kinetics from O to 7 dpi (Figure 5.4A, left side). Both Delta pools demonstrate
similar protein production behavior until 9 dpi from which Delta 1 culture slightly
outperforms Delta 2 culture by close to 100 mg/L (Figure 5.4A, right side). This subtle
increase in the end phase of the culture is also captured by the model. From Figure 5.4B,
ammonia profiles can be detailed. It is clear that the Beta and WUTL pools exhibit different
ammonia accumulation Kkinetics after the onset of protein production (0 dpi). Increased
ammonia accumulation is evident in the WuTL culture following the onset of induction
while the Beta pool has an accumulation lag between 0 and 7 dpi followed by a rapid
ammonia accumulation after 7 dpi. These changes in kinetics are predicted by the model
despite having no measured sampling values at the points in which the kinetics begin to
diverge. Similarly, for the Delta cultures, both productions show a plateau in ammonia
accumulation from 0 to 7 dpi and then an increase accumulation until 14 dpi (Figure 5.4B,
right side). This behavior is tracked by the model even between 7 to 10 dpi in which no
sampling data exists due to the 3-day weekend. From Figure 5.4C, it can be seen how the
cumulative consumed glucose profile changes with culture time, namely the deceleration
in cumulative consumption following temperature shift from 37°C to 32°C at 0 dpi. This
reduction in glucose consumption can be linked to the cell growth slowdown that occurred
at lower temperature. Only Delta 1 pool predictions overestimate (from 5dpi onwards) the
total profile such that endpoint cumulative glucose consumed is overestimated by 20.5 mM
(Figure 5.4C, right side). This may be caused by the fact that Delta 1 culture has high lactate
accumulation (above 30 mM) (Figure 5.4D) and thus the model may be predicting the
cumulative glucose consumption to be representatively higher. Figure 5.4D shows how

lactate profiles can be tracked with the proposed model. For the Delta cultures, large
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differences in peak lactate values are observed which in turn impacts the lactate re-
absorption profile (5-14 dpi). These differences in Kinetics for the same pool in two
different culture runs are captured by the model. Moreover, it is worth mentioning that
Delta 1 culture was performed with cells having a passage number 11 while Delta 2 culture
was done with cell passage number 8. The large deviation in lactate concentration could be
related to their different cell passage numbers as previously mentioned 3*. The latter work
shows that Delta pools demonstrated increased variability with increased culture age.
Whether pool age could influence cell metabolism in the case of Delta pool remains to
elucidate. The lactate time courses of the Beta and WuTL pools are tracked throughout
culture, even in the case where a sudden lactate re-production occurs after 10 dpi (WuTL)
(Figure 5.4D). This increase lags the real value presumably because in the absence of
measured lactate values, online signals like pH and base (that are known to relate to lactate
concentration changes) did not show a marked change in response to the lactate
accumulation (pH went from 6.96 at 10 dpi to 6.99 at 11 dpi to 6.97 at 12 dpi and base
addition was never triggered as pH values stayed within the allowed deadband). Figure
5.4E shows that cell growth profiles can be tracked across the 17-day culture run. It is
noteworthy that even though WuTL and Beta cultures had identical viable cell density
profiles until 3 dpi, the Beta culture obtained a secondary growth spurt which is
consequently tracked by the model while the WuTL culture remains in a plateau phase.
Similarly, for the Delta cultures (Figure 5.4E, right side), identical viable cell density
profiles are observed until 3 dpi from which Delta culture 2 enters a secondary growth
phase while Delta culture 1 does not. Interestingly, both distinct profiles are captured by

the model. This is important because when taking into account final titers, it suggests that
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cultures that experienced secondary growth phases had lower endpoint titers.
Consequently, monitoring that cell densities remain within a plateau phase during the
protein production phase would be of interest. This argument can be supported by the
development of a biphasic process strategy in which cells will be allowed to grow to certain
high density then a process trigger such as lower temperature (31°C - 34°C from 37°C) or
chemical addition (sodium butyrate, valeric acid) 3% will be introduced to keep cells in

a biomass steady state while boosting the production.

186



187

Titer Titer
1000 1000
® BetaData ® Delta 1 Data
WuTL Data @ Delta 2 Data
- 800 — Beta Predictions -~ 8001 — Deltal Predictions
‘cEia WuTL Predictions ‘g\ —— Delta 2 Predictions
S 600 & 600
® ®
=} =] [ ]
g @ .
2 400 g 4004
(=] (<]
] o] °
g 3
F 2004 2004
0 0 ¥ r . . .
-3 -3 0 3 6 9 12 15
Time (dpi) Time (dpi)
Ammonia Ammonia
12 12
@ BetaData @ Delta 1 Data
WuTL Data @ Delta 2 Data
109 ___ Beta Predictions 101 Delta 1 Predictions L4
WUTL Predictions —— Delta 2 Predictions
— a - —_— 8 -
= =
E E °
= ® ©
L o6 2 6
(=} =]
E E
< 44 < 44 .
[]
Vi ¢
24 24 L]
/ [}
(L . ; . . 0 . . . ‘ ;
-3 0 3 6 9 12 15 -3 0 3 6 9 12 15
Time (dpi) Time (dpi)
Cumulative Glucose Consumption Cumulative Glucose Consumption
® BetaData @ Delta 1 Data L4
140 1 140 1
WuTL Data ° @ Delta 2 Data
s 120 —— Beta Predl;tu.)ns ° s 120 4 —— Deltal Pred!ct!ons
E WuTL Predictions T —— Delta 2 Predictions
2 100 L] @ 100 1 .
w w
o o
5 80 > 80
V] 1 [v] 1
3 > 3
£ 601 £ 601
= 3
Z 2
8 40 A S 40 A
201 20 1
0+—= T T . : T 0 T T . T .
-3 0 3 6 9 12 15 -3 0 3 6 9 12 15
Time (dpi) Time (dpi)



Lactate Lactate
D 45 45
40 40
°
351 351
—~ 304 _. 30
= =
E 251 . E 251
2 8
£ 20 (] 2204
(%) %)
5 5
154 o 15 |
® BetaData @ Deltal Data
101 WUuTL Data 104 ® Delta 2 Data
5 —— Beta Predictions 5] —— Delta 1 Predictions
WuTL Predictions b ——— Delta 2 Predictions
0 T T T T T 0 T T T T T
-3 0 3 6 9 12 15 -3 0 3 6 9 12 15
Time (dpi) Time (dpi)
E 55 167 Viable Cell Denstiy 25 Le7 Viable Cell Denstiy
.5 5
® BetaData e Delta 1 Data d
WuTL Data @ Delta 2 Data
2.0 { — Beta Predictions 2.04{ — Delta 1 Predictions
WuTL Predictions —— Delta 2 Predictions
- =)
E_ 1.5 A . % 1.5
3 . . 3
L )
a] ] .
o 1.0 8 1.0
> >
0.51 / 0.51
p
0.0+— ‘ ‘ ‘ ‘ ‘ 0.0 :
-3 0 3 6 9 12 15 -3 0 3 6 9 12 15
Time (dpi) Time (dpi)

Figure 5.4. Model results for key features in the test dataset comprised of 4 cultures (1
Beta pool batch, 1 WuTL pool batch and 2 Delta pool batches).

Continuous lines are everyday predictions while dots are measured values. (a)

product titer, (b) ammonia concentration, (c) cumulative glucose consumption, (d)

lactate concentration, (e) viable cell density.

As it can be seen from Table 5.2, both train and test model predictions have strong

linearity with respect to measured values (R?>0.9). The lowest R? values in the test set

correspond to lactate, titer, and VCD. These time series profiles displayed sharp variations

(sudden lactate re-absorption or secondary growth phases) causing the model predictions
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to lag measured values before converging again. When detailing the normalized RMSE
and MAE, which take into account the standard deviation of the datasets, it can be seen
that the predicted features have normalized error metrics below unity (<1). This
demonstrates the applicability for the model to predict the time series variation of multiple
features with highly nonlinear kinetics like cellular growth and lactate formation which can
increase rapidly and then decline depending on the culture phase. The model’s nRMSE
metrics for VCD, titer, and lactate are in line with similar state-of-the-art applications of

data-driven soft sensors for time series tracking 813%,

Table 5.2. RMSE, MAE, nRMSE, nMAE, R"2 metrics for titer, ammonia, cGC (cumulative
glucose consumed), lactate, VCD (viable cell density) for train and test datasets.
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Train Train Train Train Train Test Test Test Test Test

RMSE MAE NRMSE nMAE R? RMSE MAE NRMSE nMAE R?
Titer 33.55 27.71 0.13 0.16 0.99 51.50 38.82 0.24 0.18 0.96
Ammonia 0.36 0.28 0.14 0.18 0.97 0.39 0.27 0.18 0.12 0.98
cGC 3.35 2.80 0.06 0.08 0.99 7.95 6.20 0.20 0.16 0.99
Lactate 2.01 154 0.17 0.22 0.96 2.85 2.34 0.31 0.25 0.94
VCD 1235666 973513 0.19 0.24 0.97 1358272 1030309 0.26 0.20 0.96

Given that the model relies on previous day predictions and current day online data
to estimate next day features and that it was shown to work reasonably well during the non-
sampling periods of the 17-day production process, it was hypothesized that the same
model without alternative training for parameter tuning could be utilized to predict
metabolic data and titer profiles in the absence of such data. Consequently, the model
would rely on initial feature values which function as initial guesses, sampling day cell
counts, and bioreactor online data to generate predictions of ammonia, cumulative

consumed glucose, lactate, and titer throughout the 17-day process. The objective then was



to evaluate if the current model has suitable potential for true soft sensing capabilities
which would be of interest for hard-to-detect variables such as non-antibody recombinant
proteins. As it can be seen from Figure 5.5A and 5.4B, qualitative trends of titer and
ammonia are tracked despite having no sampling day values of said features to aid in the
updated prediction. Furthermore, glucose consumption (Figure 5.5C) is also tracked
throughout the culture with only Delta 2 culture being overestimated at 14 dpi by 20 mM.
Alternatively, lactate profiles for the Beta and WUTL pool are underestimated from
induction until the end of the process (Figure 5.5D, left side). For the WuTL process, the
lack of sampling lactate data did not allow the model to predict the sudden lactate re-
production phase (10 dpi to 12 dpi). One of the reasons for this underestimation may be
due to the fact that since key online data values like base addition are governed by a PID
control, which is implemented with a pH deadband, indirect estimation of lactate may lag
or be underestimated. One such example is the case of the WuTL and Delta 1 cultures.
WAUTL produces a higher peak lactate (40 mM > 37.8 mM) while having lower total base
addition (12 mL < 13.3 mL). This pH deadband activation is then very connected to the
lactate absorption which pushes the pH values away from the activating deadband limit.
Additionally, predicting lactate re-production in the end phase of the culture within the
context of pH deadbands also becomes difficult as the previous lactate consumption
coupled with the base addition during the lactate production phase necessarily drives pH
values closer to the upper edges of the pH deadband. Thus, any low amounts of lactate
production will not be enough to activate base addition and will generally result in pH
remaining closer to the upper edges of the pH deadband. For example, in the case of the

WUTL culture from 7dpi until 12 dpi, daily average pH values are [6.96, 6.98, 6.99, 6.96,
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6.99, 6.99] and total carbon dioxide sparged values increased every day from 7dpi to 12
dpi [4603 mL, 4650 mL, 4680 mL, 5211 mL, 5866 mL, 6023 mL] to control the pH in the
deadband (6.9-7.0). Similarly, although cell counts were added to the model every
sampling day for prediction (Figure 5.5E), nRMSE and nMAE did increase when
compared to the previous results (Figure 5.4E) in which all sampling data was available to
aid in feature predictions. It suggests that the measured quantities regarding lactate
accumulation, glucose consumption, ammonia accumulation, and protein production aided

in next day prediction of cell culture growth dynamics.
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Figure 5.5. Model results for key features in the test dataset comprised of 4 cultures (1
Beta pool batch, 1 WuUTL pool batch, and 2 Delta pool batches) without metabolic and titer

sampling data.

Continuous lines are everyday predictions while dots are measured values. (a)

product titer, (b) ammonia, (c) cumulative glucose consumed, (d) lactate, () viable

cell density (VCD).

As it can be seen in Table 5.3, only VCD shows a reduction in R? indicating slight
deviation in linearity from predictions. An increase in NRMSE and nMAE can be observed
for lactate, ammonia, and VCD predictions indicating slight increase in error predictions.

This suggests that the model architecture with cell count measurements (which are easy to
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obtain manually let alone with dedicated cell counting machines) and online data from the
bioreactor is robust enough to soft sense hard-to-detect variables (in this case metabolic
variables and protein production). This is especially interesting within the context of
difficult-to-quantify proteins such as the SARS-CoV-2 spike protein since quantification
is generally done through ELISA assays or semi-quantitative SDS-PAGE once the process
is finished 2%, Consequently, throughout the process, no knowledge regarding the
trajectory of the titer values is known, hampering decision making and slowing down
proposals for process improvement since retrospective analysis of titers needs to be
realized before conclusions can be drawn. Alternatively, it is worth postulating whether
said architectural approach can also aid in the time series evolution prediction of product
glycoforms. Glycosylation profiles are key quality attributes that are generally only
measured at endpoints due to the difficulty and cost of the process %7, These glycosylation
profiles are known to be impacted by several process conditions (e.g., pH changes,
temperature shifts, osmolarity, dissolved oxygen tension) as well as cell line dependence
thus having the capacity to evaluate their time series evolution during the production
process before endpoint confirmation would be of interest for large scale manufacturing
operations 358350 Assuming the proposed architecture can give reasonable qualitative
predictions of glycosylation profiles, for a large-scale manufacturing process, only an
initial capital and time expenditure with regard to obtaining the time series variation of the

training data is required.
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Table 7. RMSE, MAE, nRMSE, nMAE, R? metrics for titer, ammonia, cGC (cumulative
glucose consumed), lactate, VCD (viable cell density) for the test dataset without utilizing
sampling day metabolic and titer data in model predictions.

RMSE MAE NRMSE | nMAE R?
Titer 48.299 38.115 0.24 0.19 0.979
Ammonia 0.469 0.327 0.215 0.153 0.984
cGC 7.876 6.042 0.202 0.155 0.995
Lactate 3.883 3.367 0.411 0.355 0.951
VCD 1600083 1186287 0.335 0.243 0.938

Given that estimation of cell growth and cumulative glucose consumption rates
were accurate even when no glucose consumption data was utilized in the test set,
estimation of specific glucose consumption rates (qGluc) was performed. Since the model
prediction represents cumulative glucose consumption up to any given day, the derivative
of this output gives the glucose consumed every day (since every prediction is equally
spaced in the time dimension, the derivative is calculated using the difference between
consecutive datapoints such that Consumed_Glucose = cGC;4q) — cGC;)). Given the
VCD predictions, the integral of viable cell concentration (IVCC) can be estimated through
the trapezoid rule of numerical integration. Consequently, differentiating these 1VCC
values allows for the estimation of AIVCC (AIVCC= IVCCgiq) — IVCCyy). If the
consumed glucose estimated at every time point is then divided by the AIVCC at every
point in time (AIVCC;), predicted specific glucose consumption rates (qGlucy,.q) can be

calculated.

Consumed_Glucose;
AIVCC;

qGlucyreq =
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The ground data of glucose consumed between sampling days
(Consumed_Glucosey) can be divided by the AIVCCk (change in IVCC between
sampling days), then specific glucose consumption rates can be estimated. The subscript «

indicates the ground data at sampling day «.

Consumed_Glucosey,
quuCGround_Truth = AIVCC,

In Figure 5.6, it is possible to see an overlay between the estimated specific glucose
consumption rates and the predicted specific glucose consumption rates. For the 4 test
cases, qualitative tracking of specific glucose consumption rates is possible showing a fast
decrease from -1 to O dpi which represents the end of the growth phase and then near
constant qGluc after temperature downshift (O dpi). This qualitative tracking of specific
glucose consumption rates (qGluc) is important as knowledge regarding the specific
consumption represents knowledge regarding its internal metabolic state 361362
Additionally, having one day ahead predictions of specific glucose consumption rates
represents a pseudo-online opportunity for nutrient control which has been tried utilizing
various approaches (Raman spectroscopy, optical probes, oxygen monitoring) 148:363-365,
Here, glucose concentrations inside the bioreactor can be adjusted based on the prediction
of specific glucose consumption rates such that glucose levels within the bioreactor are
maintained within a given set point. Such monitoring and control strategies have shown
promise in reducing product glycation 3. Given the qualitative accuracy of tracking
specific glucose consumption rates, a similar approach may be taken to track specific
lactate production/consumption, specific ammonia accumulation/consumption, growth,

and specific protein production rate. Additionally, since it was observed that indirect
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measurements could be learned (qGluc), it can be postulated that by adding total cell
density (TCD) prediction into the model, viability (viability=\VCD/TCD) can be indirectly

monitored throughout the manufacturing process.

; le-12 Specific Glucose Consumption ; le-12 Specific Glucose Consumption
@ Beta Data . ® Delta 1 Data
6 WuTL Data 6 @ Delta 2 Data
—— Beta Predictions —— Delta 1 Predictions
. WUuTL Predictions p— —— Delta 2 Predictions
=5 =5
< <
= L] = [}
g1 T4 .
° °
£ £
5 AN 5
%2 \ %2{ e
L4 N
L]
i K /‘:\_\/F\ L
0 . —y . Y . 0
0 3 9

-3 6 12 15 -3

Time (dpi) Time (dpi)

Figure 5.6. Specific glucose consumption rate (qGluc) estimation for test dataset
comprised of 4 cultures (1 Beta pool batch, 1 WuTL pool batch, and 2 Delta pool batches).
Continuous lines are everyday predictions while dots are measured values.

It is also worth noting that the online data available in this case study is routine
online data such as temperature, pH, DO, oxygen injection, and carbon dioxide addition.
Thus, it stands to reason that as more biologically relevant online sensor data is added to
the processes and consequently the model, better predictive capabilities can be achieved.
Such sensor data that could be utilized is oxygen uptake rates (OUR) and bio-capacitance
signals %', OUR has been known to relate both to cellular growth and metabolic activity
as peak antibody production has been associated with increased oxidative metabolism
which, in turn, means an increased oxygen demand 40227271387 = Alternatively, bio-
capacitance signals have been observed to not only relate to total viable cells within the

culture but also to total biovolume as the capacitance signal is dependent on the volume of
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each cell 226242388 Thjs is key as cellular diameter has been observed to increase during a
culture run *%° and consequently changes in cellular volume are expected. Cell volume also
encodes information regarding cellular phase and recombinant protein production activity
4548 Given the close relationship between bio-capacitance and cellular volume, further
improvements to the model’s predictive capabilities could be made. Notably, sensor fusion
(biocapacities, OUR, and fluorescence data) coupled with machine learning (ML)
techniques have demonstrated strong monitoring capacity of relevant features such as
cellular viability, cellular density, metabolites, and viral yield 37 further underscoring the
potential for improved process forecasting with the proposed model when coupled with

process analytical technologies (PAT).
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CONCLUSION

The proposed soft sensor architecture can accurately (nRMSE, nMAE are below unity < 1
and R? > 0.9 for all features) predict product titer, total glucose consumption, ammonia,
lactate, and viable cell densities, and for a long-term process (17 days) with ground
sampling day data only available every other day or every two days to aid in next iteration
predictions. To counter the lack of everyday sampling data, daily online data was also
utilized into the model. The online data, although harder to directly interpret, still contains
relevant information about culture phase (temperature downshifts denote process induced
decrease in cellular growth to prime the process for protein production). In terms of PID
controllers, it indirectly contains information about oxygen demand (DO, total oxygen
sparge) and lactate metabolism (pH, base addition, total carbon dioxide addition).
Interestingly, once the same model was applied in a test case where no ground sampling
day data was given for titers, glucose consumption, ammonia, and lactate throughout the
17-day culture process, it was determined that the model was still effectively able to soft
sense these hard-to-measure features (NRMSE and nMAE below unity < 1 and R? > 0.9
for all features). This is especially interesting in processes where the recombinant protein
in question can be difficult to measure as is the case of the trimeric SARS-CoV-2 spike
protein. In such cases, having a qualitative tracking of feature evolution can be of value.
This was possible by considering the bioreactor data that is routinely available in all
commercial bioreactor systems. Additionally, qualitative tracking of specific glucose
consumption rates (qGluc) was enabled with the proposed method allowing for the

possibilities of tight glucose control inside bioreactors by relying on the one day ahead
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specific glucose consumption rates predictions and adjusting glucose addition to keep
overall glucose concentration near a given setpoint. With this knowledge, it stands to
reason that the proposed soft sensor can gain from further use of process analytical
technologies (PAT) such as off-gas analyzers, bio-capacitance, and Raman spectroscopy
signals from which biologically relevant signals can be related to the discretely measured
features. Model robustness may also be tested by evaluating the proposed architecture in
varying manufacturing platforms (HEK293 viral production, therapeutic antibody

production, etc.).
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CHAPTER 6 GENERAL DISCUSSION AND RECOMENDATION

General Discussion

CHO cells are the current industry standard to produce recombinant therapeutics and
antibodies. This is because CHO cells offer a valuable platform for the production of
glycoprotein products, as they confer human-like glycosylation features. Their capability
for high protein productivity, achieving titers up to grams per liter, is attributed to well-
established strategies for generating stable cell lines. Furthermore, these cells propagate
efficiently in serum-free single-cell suspension cultures, facilitating easy scale-up.
Importantly, CHO cells exhibit resistance to several human viruses, mitigating biosafety
risks associated with their use. Additionally, they boast a proven regulatory track record,
solidifying their standing in the manufacture of recombinant protein therapeutics 31374,
Such recombinant protein expression is possible through either transient or stable gene
expression strategies. It must be mentioned that developing stable cell lines is a time
consuming and often expensive process that necessitates numerous rounds of screening
procedures so as to select the best behaving cellular populations °. Within the context of
rapidly changing public health crisis, like the one caused by the onset of the SARS-CoV-2
pandemic, there exists a benefit towards relying on fast tracked processes that still meet
quality standards 10°1:°2200 Consequently, mammalian cell pools have been contemplated
as an alternative to cell lines. This approach potentially reduces overall timelines by 3-6
months 152, Even though cell pools are not as homogeneous in cellular population as cell
lines, they can still be employed to produce biotherapeutics on a large scale 3°2. Clones

chosen for production during the high-throughput screening phase may not necessarily
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perform effectively at larger scales due to variations in culture environments and
conditions. Consequently, there is a rationale for minimizing excessive resource usage at
the microliter scale and redirecting focus toward representative scalable models. In this
context, cell pools can be employed to fast-track the transition to the benchtop scale to
identify suitable process parameters that reflect large-scale production. However, these
pools are often strongly influenced by cell age, leading to a potential decrease in target
protein expression productivity with increased passage numbers %2, Thus, for stable pools
to mitigate their drawbacks and emerge as a viable alternative to clonally derived cell lines,
the production phase should commence at the earliest opportunity, and the process itself
must undergo thorough optimization. Crucially, not many large datasets concerning
mammalian cell pools in the process development stage have been published and much
less in-depth analysis of said datasets utilizing exploratory analysis tools and machine
learning. This is a great opportunity as with the accumulation of early process development
data, a virtuous cycle can take hold such that increased understanding of the global trends
within the data can help researchers target process improvements which then generates
more data that can then be analyzed further. Additionally, process development datasets
can be utilized as a pipeline for soft sensor development such that knowledge gained in
model development with the varied datasets will greatly improve predictive capacity at the
manufacturing stage, as process conditions are locked into a specific range within the
explored design space. This is of note as soft sensors will continue to play an important
role in Biopharma 4.0 for both online monitoring of cultures as well as process control. In
this thesis, multiway PCA of CHO pools expressing the SARS-CoV-2 spike protein was

realized and found that within pools there exists a direct relationship between oxygen
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requirements and protein titer while it was also determined that there exists an inverse
relationship between severe lactate accumulation and titer. Additionally, oxygen
requirements and lactate accumulation/base addition were also observed to have an inverse
relationship which makes sense if one interprets these results from the standpoint of
glycolytic metabolism vs oxidative metabolism 322, It was also evident from the
exploratory data analysis that each pool had its own unique behaviour in terms of having
different cell growth and protein production profiles, that may suggest tailoring of feed
regimens to take into account the difference in biomass accumulations is needed so as to
optimize yield (pools that on average demonstrated the most growth had also the lowest
protein production rates on average). Passage dependency on protein production was only
detected in 1 (Delta) of the 4 (Wuhan, Delta, Beta, Wutan-tagless) examined pools.
Furthermore, Random Forest was applied, to the early process development dataset, so as
to predict endpoint protein yield as a function of key summary variables. After carrying
out bootstrapping to gauge the performance of the Random Forest model with the test
dataset, low RMSE (65.96 mg/L) was reached as well as a high coefficient of determination
(0.94), indicating strong linearity between test data and predictions. Importantly, by
utilizing shapely dependency plots in the analysis of the machine learning model, further
process insights were made. Namely, the negative impact that decreased endpoint longevity
(below 80%) had on titer yields, the negative impact maximum lactate (>35 mM)
accumulation had on titer. The positive relationship between increasing oxygen
requirements and increased protein yield (up to 0.03 VVM). Endpoint pH above 6.95 was
also associated with decreased yield, cultures with endpoint pH of 6.93-6.95 represent

processes in which no base addition or carbon dioxide was added in the last day of the fed-
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batch process. This could imply that unnecessary action upon cultures may be a net
negative and thus pH deadband can be increased to +0.2 around the 7.0 setpoint so as to
avoid base addition and carbon dioxide sparging. Noteworthy, is the observation that
cumulative glucose consumption below 80 mM were negatively related to protein
outcomes, while cumulative glucose consumption above 120 mM were also associated
with decreased protein yields. This suggests that controlling the glycolytic behaviour (not
too low nor too high) of the pools is an important avenue for process improvement. Lastly,
high values of endpoint residual glucose (> 19 mM) were also associated with decreasing
protein production. This can be interpreted in tandem with endpoint viability as cultures
that reach the end of the process with high viability remain metabolically active while
cultures that reach with low viability towards the end of the process have low metabolic

activity.

When transferring the Wuhan pool process off-site (from the National Resource Council
to Polytechnique Montreal) to a DASGIP bioreactor several of the process alternatives
were tested keeping in mind the idea that improving endpoint longevity, controlling
maximal lactate build-up, tailoring feeding regimens to changing biomass values, and
expanding pH deadbands were deemed important process variables with respect to
maximizing protein production. First, different DO levels where tested and it was found
that 60% DO both did not hamper cell growth and improved longevity while 90% DO
improved longevity at the cost of overall cell growth. Presumably, because of the existence
of increased ROS species (at 90% DO) which are known to limit CHO cell growth 268270,
The 60% DO condition also represented a 1.62-fold increase in yield when compared to

the 40% DO condition, which can be explained by the fact that the 40% DO condition had
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low viability by 12 dpi while the 60% DO condition only reached similar values by 14 dpi
thus allowing for two more days of protein production. Since the early process
development dataset was developed using micro and macro spargers while the DASGIP
system was operated with open pipe sparger and given the difference in oxygen transfer
rate between spargers, a study dedicated to finding an adequate air cap was undertaken
3715376 Additionally, feeding was also altered so as to increase the amount of nutrients
during the production stage of the cultures. Crucially due to the increased feeding (by total
volume), slow pump addition (speeds lower than 1 mL/h) was utilized as suggestions in
the literature have shown that in CHO K1 cells, such dosing strategy can aid in reducing
metabolic waste build up . It was found that cultures with low air cap (1 L/h), 60% DO
and increased feeding outperformed the standard 40% DO, bolus feeding process by 2-fold
in protein production. Given the slow continuous dosage of the increased feed regimen it
was not clear whether the improvements were caused by the slow continuous addition of
feed, or by the increased feed, or by a combination of both factors. Consequently, a study
comparing high vs low feeding conditions at bolus vs slow continuous dosing regimens
was conducted. It was observed that when slow continuous dosing is applied regardless of
feed amount, decreased lactate profiles are detected thus improving overall longevity as
observed in the literature 7. Alternatively, increased feeding had a 2-fold increase in yield
(when controlling for slow continues dosing) suggesting that increased feeding during the

production phase can aid in titer production optimization.

Further experiments involving improved feeding regimens relied on coupling feed flow
rates to OUR and bio-capacitance signals on the rationale that these signals are maximal

when protein production is maximal (stationary phase) and thus increased feeding at these
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points could aid in protein production. It was found that OUR based feeding increased titer
1.47-fold when compared to a control process while biocapacitance feeding increased yield
1.85-fold when compared to a control process. Crucially, when detailing the resulting
values of OUR/biocapacitance, which should give information regarding the specific
oxygen consumption within the biovolume inside the reactor, it was clear that the cultures
with higher OUR/ biocapacitance ratios during the protein production phase had better
overall yields. Suggesting that the utilization of both signals can be a way to qualitatively
soft sense protein production performance during a reactor run given the relationship
between specific respiration rates and specific protein production rates %43, Additionally,
when plotting cumulative OUR against cumulative glucose consumption metabolic shifts
can also be monitored such that a change from highly glycolytic metabolism to
predominantly oxidative metabolism can be detailed. Given the positive correlation that
has been observed between oxidative metabolism and protein production, it is a parameter
to consider when analyzing OUR data 3223, Importantly, setting feed flow rated to follow
OUR or biocapacitance signals is not only advantageous for developing dynamic feeding
regimens but such strategies are also easily automatable such that automated feeding

protocols can be created that do not require operator input.

It can be affirmed that many of the strategies suggested by interpreting the Random Forest
model (controlling lactate-buildup, improving longevity, improving feed regimens on
bases of biomass requirements) ended up being adequate starting points for process
improvement, suggesting that the strategy applied can serve as a framework for future
projects involving technology transfer. One noteworthy interpretation that did not yield

significant results was expanding the pH deadband. As nearly identical IVCC and titer
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values were obtained in conditions with a strict deadband (6.95+0.05) and wide deadband
(7£0.2). This may be explained by the fact that in the DASGIP system an open pipe sparger
was employed as opposed to micro or macro spargers in the NRC dataset. This may impact
dissolved carbon dioxide profiles within the bioreactors and consequently alter pH control
loops given the difference in carbon dioxide striping rates 3’°. As previously mentioned,
early process development datasets can serve as a pipeline for soft sensor development and
it was further demonstrated that standard bioreactor online signals (pH, base addition,
carbon dioxide sparging, oxygen sparging) indirectly hold information about culture
Kinetics. Indeed, both the Random Forest model and the Recursive Neural Network model
utilized bioreactor signals to aid in protein prediction and both reached similar RMSE in
test datasets (51.501 mg/L for RNN and 65.96 mg/L for RF). Importantly, the proposed
RNN architecture can not only predict protein production across culture time, but it is also
capable of predicting VCD, cumulative glucose consumption, ammonia accumulation and
lactate accumulation, concomitantly. Thus, effectively turning standard reactor
measurements into a ‘smart’ sensor capable of tracking multiple variables at the same time.
This is especially useful for hard-to-detect variables such as SARS-CoV-2 spike proteins
that rely on endpoint analytics (semi quantitative gels or ELISA assay) to quantify yields.
This may suggest that the proposed model architecture may be applied in the temporal
evolution tracking of glycosylation profiles which are also impacted by processing
conditions 8380377 |t s noteworthy, that if standard bioreactor signals allowed for
adequate prediction of key variables, then data rich processes which contain metabolically
relevant online signals such as OUR, biocapacitance, dissolved carbon dioxide may further

improve upon prediction metrics.
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Recommendations

Several improvements that can be realized upon this work. One of such, lies in the
automation of multiway PCA. Instead of relying on visual inspection of loading plots, sum,
mean or median of the loadings of each variable can be applied to determine the
predominant direction (positive or negative) as well as ranking variable loadings by
magnitude. Indeed, it is possible to readily imagine an online tool which automatically
outputs the PCA scatter plots with the top 4 ranked variables by magnitude for each
principal component. Such tool would only require the researcher to upload his dataset
already unfolded batchwise and a vector encoding conditions from which coloring each
score by its respective condition is possible. For the machine learning models, considering
sparger type may be an important variable as micro and macro spargers have different
oxygen transfer rates and thus may impact on perceived oxygen requirements >3, For
this thesis when plotting cumulative oxygen sparge rates for all the 50 cultures no outliers
could be determined or indeed directly related to difference in sparger. In fact, when
sparger type was added as a feature to the model prediction outcomes worsened possibly
due to the fact that in the total dataset, only 7 cultures utilized an aeration process that was
not just a micro sparger. Additionally, these 7 cultures were realized in a different
bioreactor (BioFLo rather than Multifors) system with different foam away addition
protocols possibly further impacting perceived oxygen requirements. Nonetheless, for
future applications taking into account sparger type so as to not bias perceived oxygen

requirements may be important.

The addition of information regarding amino acid consumption and cell volume may also

aid in improving model performance as these variables encode metabolically relevant
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information 26324546 |t was experimentally observed that increased air caps lessen
longevity and increased lactate buildup. Similarly, increasing RPM was also detected to
decrease longevity. As it is known that different hydrodynamic stresses differentially
impact cell cultures ”’. It would be worth exploring if the stress mechanisms in CHO pools
when subjected to various hydrodynamic stress are any different than standard CHO cell
lines stress responses. As detailed, increased feeding during the protein production phase
served to improve overall protein production yields. However, this came at the cost of
ammonia increases (> 8 mM), that the model suggested was adverse. Importantly, the
model was trained with a single feed regimen so the increased ammonia accumulation that
was observed to be adverse relates to observations with cultures that utilized that specific
feeding strategy and can not be generalized for all feeding strategies. However, it remains
to be seen if the observed ammonia increases with the proposed feeding strategies hamper
different cell pools or cell lines than the ones tested experimentally. Considerations may
be taken if it is found to be the case by feeding based on indirect or direct amino acid
consumption monitoring 4%378-30  Additionally, further yield improvements may be
attained by exploring time of action events 14431382 Gjven that inducible pools have
several landmark events (induction point, temperature shift, feeding initiation), studying
how to time these events to best optimize total protein production may be a promising
strategy. For this purpose, OUR can be applied as it is a relevant on-line indicator of
shifting metabolism and overall biomass inside a bioreactor 4>!46382 Indeed, the
OUR/biocapacitance signal may also be used as changes in specific respiration rates
delineate metabolic transitions within the cell culture 4738338 Furthermore, given the

observation that specific respiration rates and specific protein production rates are linearly
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correlated #°-#2 and given the fact that process conditions can impact respiration rates 4018,
Studying if further rational optimization of protein yields can be attained for these inducible
pools by leveraging the known relationship between specific respiration rates and specific
protein production rates is a promising strategy. Such experiments can center around
improving process conditions such that specific respiration rates are increased

consequently leading to an increase in specific protein production rates.

Difficulties were observed when predicting viability with the RNN model as oscillations
in the output signal could be discerned. Most likely because culture kinetics for titer,
ammonia accumulation, cell growth, glucose consumption, lactate accumulation are
markedly different than viability, which is near 100% for most of the process and then
declines rapidly. Consequently, this variable was excluded from the model. Importantly,
an alternative way that viability could be incorporated back into the model is by predicting
total cell density (TCD). Since VCD was adequately predicted it stands to reason that
similar performance can be attained when predicting TCD. Consequently, by calculating
the VCD/TCD ratio viability may be indirectly predicted. Furthermore, with knowledge
regarding viability the soft sensor may be applied to automate end of culture events
(prediction is below 60% viability threshold). Lastly, rather than relying exclusively on a
data driven model (RNN) for soft sensor tracking of culture kinetics, a hybrid approach can
be applied. For this purpose, recursive state observers can be deployed to combine dynamic
metabolic modelling (white box models) and data-driven modelling (black box models).
This is realized by updating state estimates derived from noisy measurements and gradually
reducing the estimation error covariance. The unscented Kalman filter can also be used for

this precise application. Here instead of a linearization of the system of equations (like in
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an extended Kalman filter), a minimum number of points required to describe the
probability distribution of the system is employed. These so-called sigma points are passed
through the system of differential equations as to determine how the probability
distribution changes at every time step. Thanks to the sigma points, the mean and variance
of the system at every time step can be known (thanks to an unscented transform) and used
to compare a given sensor input where its mean value and variance are also known. Thus,
the mean and variance of both the system of equations and the sensor measurement can be
used together to construct a dynamic estimator that can predict the state of the system. Such
types of dynamic estimators are readily applied in microbial fermentations but some
applications in cell culture have been published 16385387 Tq successfully implement a
Kalman Filter in CHO pools, two models are needed. One model is used to move the
elements of the state vector within the state space from one time step #k—1 to the next time
step 163, The second model is the observation model that relates the state vector at time tk
to the actual sensor measurement quantities at that time point 3. For the state propagation
model, an ordinary differential equations system describing the propagation of the initial
state with time can be used. For the observer model, OUR data and biomass must be
coupled in order to use the OUR signals as input for biomass estimation %, This observer
model can either be a theoretical relationship, like the Luedeking-Piret which relates
biomass to oxygen consumption through a yield and maintenance coefficient relationship,
or a statistical relationship that relates biomass to oxygen consumption through non-linear
regression models 16338, Thus, the hybrid model may be more robust in process tracking,

especially when applying the same architecture to a different reactor system.
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CHAPTER 7 CONCLUSION
This thesis provides a framework in which exploratory data analysis and machine learning
modeling of protein titers can be realized on early process development datasets so as to
gain information that serves the tasks of process optimization. Here, resulting model
interpretation utilizing shapely dependency plots and variable correlations can serve as
rational starting points when undertaking process development projects. In this thesis, such
starting points for increasing SARS-CoV-2 yield were extending culture longevity,
decreasing maximal lactate buildup, expanding pH deadband and setting feed regiments to
track differences in biomass. Importantly, it was experimentally shown that extending
longevity by adequately tunning air caps and finding appropriate DO set points in tandem
improved culture outcomes. Additionally, changing from bolus feed to slow continuous
feed addition improved upon maximal lactate reduction which also improved culture
outcomes. Lastly, setting feed flow rates to track OUR and biocapacitance signal evolution
so as to indirectly track biomass values also showed improvement when compared to a
control process. As datasets grow a virtuous cycle of knowledge improvement can be
created such that new experiments can be fed back into the original dataset and
modeling/interpretation can be updated, such is the promise of this framework.
Importantly, not only can early process development datasets be used for exploratory data
analysis and model interpretation, but they can also serve as a starting point for soft sensor
development. Here, leveraging the wide variety of data (consequence of exploring the
design space), robust model architectures can be created which are expected to improve in
predictive capability as the transition to manufacturing scale occurs, given that at the
manufacturing phase process conditions are locked into a specific range within the

explored design space. With this in mind, a novel RNN model was constructed that is
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capable of tracking multiple hard-to-detect variables with high linearity (>0.9 coefficient
of determination) and low nRMSE (below unity) across the entire fed-batch process by
relying exclusively on standard online bioreactor signals. Thus, this work provides an
architecture from which ‘smart’ process monitoring is possible for even the most standard
of bioreactors. In summary, this work shows the great value that there is behind adequately
storing and retroactively analysing early process development datasets so as to better
prepare future process improvement projects that rely on both process intensification

and/or process monitoring.
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Supplement Figure 14. Delta pool loadings for PC2.
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Supplement Figure 15. MSX study loadings for PC1.
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Supplement Figure 16. MSX study loadings for PC2.
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Supplement Figure 17. All pools loadings for PC1.
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Supplement Figure 18. All pools loadings for PC2.



Table Supplement 1. Two-tailed T-test of cell passage’s impact at equal seeding densities
on various key outputs for Wuhan pool.

Wuhan pool Low Density High Density
Variable P5vsP8 | P5vsP1l1 | P5vsP8 | P5vsP11
Base Volume 0.99 0.65 0.08 0.78
Endpoint Lactate 0.90 0.43 0.91 0.84
Total Oxygen Sparging 0.06 0.58 0.25 0.19
Endpoint Titer 0.07 0.40 0.07 0.72
Total Glucose Consumption 0.12 0.84 0.35 0.13
Endpoint IVCC 0.34 0.51 0.53 0.76
Max Lactate 0.43 0.55 0.94 0.56
Endpoint Ammonia 0.57 0.59 0.84 0.80

Table Supplement 2. Two-tailed T-test of cell passage’s impact on different key variables

for WuTL and Beta pool.

Values with asterisk * represent conditions in which statistical significance was found (p value <

0.05).

WuTL pool P5 vs P8 P5vs P11
Base Volume 0.19 0.50
Endpoint Lactate 0.07 0.06
Total Oxygen Sparging 0.18 0.51
Endpoint Titer 0.25 0.49
Total Glucose Consumption 0.01* 0.47
Endpoint IVCC 0.13 0.71
Max Lactate 0.07 0.12
Endpoint Ammonia 0.66 0.53

Beta pool P5 vs P8 P5vs P11
Base Volume 0.26 0.42
Endpoint Lactate 0.04* 0.47
Total Oxygen Sparging 0.12 0.06
Endpoint Titer 0.33 0.22
Total Glucose Consumption 0.14 0.18
Endpoint IVCC 0.05 0.02*
Max Lactate 0.10 0.10
Endpoint Ammonia 0.13 0.17
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Table Supplement 3. Two-tailed T-test of MSX impact on different key variables for Delta,
Beta, and WuTL pools.

Values with asterisk * represent conditions in which statistical significance was found (p value <
0.05).

Pool Delta Beta WuTL
Base Volume 0.07 0.89 0.37
Endpoint Lactate 0.15 0.93 0.61
Total Oxygen Sparging 0.69 0.74 0.70
Endpoint Titer 0.91 0.63 0.52
Total Glucose Consumption 0.31 0.27 0.46
Endpoint IVCC 0.88 0.64 0.57
Max Lactate 0.18 0.45 0.50
Endpoint Ammonia 0.47 0.77 0.01*

Table Supplement 4. Two-tailed T-test of MSX impact at different passage numbers on
different key variables for Delta pool.

Values with asterisk * represent conditions in which statistical significance was found (p value <
0.05).

MSX level MSX+ vs MSX++

Delta P5 P8 P11
Base Volume 0.38 0.78 0.04*
Endpoint Lactate 0.95 0.72 0.14
Total Oxygen Sparging 0.96 0.76 0.81
Endpoint Titer 0.56 0.57 0.79
Total Glucose Consumption | 0.76 0.58 0.64
Endpoint IVCC 0.39 0.71 0.83
Max Lactate 0.99 0.66 0.21
Endpoint Ammonia 0.98 0.11 0.36
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Supplement Figure 19. Daily feed profile of F and F+ regimens.

Fixed feed volume percentages (feed volume/Current medium volume) for F+ were
designed to follow the increase and plateau of a cell culture run so as to mimic
dynamic cellular kinetics. Conversely the fixed feed volume percentages (feed
volume/Initial medium volume) for the F regimen were designed to be kept
relatively constant across the production process. Feed additions are divided by the

days between feeding events to gauge a representative feed per day plot.
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Supplement Figure 20. Viability profile of 40% vs 60% DO at air cap of 4.2 L/H. Increased
DO level demonstrates an increase in viability outcomes.
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Supplement Figure 21. Amino acid profiles for regimen A) CV [Bolus] and B) CV [Pump)].
Days 3, 5, 10, and 14 DPI are plotted. Measurement of amino acid concentrations
correspond to sampling before feed additions.
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Supplement Figure 22. Conductivity measurements of bolus and slow pump feed
additions.

Blue line represents pump feed addition while the maroon line represents bolus feed
addition. Maroon measurements taken from control process that was temperature
shifted at O dpi (as evidenced by the decrease in conductivity at this time point).
Blue measurements taken from capacitance fed process that was temperature
shifted at 2 dpi (as evidenced by the decrease in conductivity at this time point). For
the bolus feed addition (red), each feeding event is accompanied by a step wise
increase in conductivity measurements. Conversely, slow bolus additions

demonstrate a constant linear increase in conductivity.
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Supplement Figure 23. Gassing profile of a standard regimen culture fed in a bolus
fashion.

Green represents the DO %. Black represents the air sparging indicative of the Air
Cap. Red represents on demand oxygen sparging once Air Cap has been reached.
Air Cap commonly observed to be saturated by -1 dpi and increased oxygen

requirements observed to happen in the late production phase of the culture (6-12
dpi).
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Supplement Figure 24. Glucose consumed per day profile (GCPD) of feeding strategies
study.

A decrease in volumetric glucose consumption is observed to occur post induction

(0 dpi). Subsequent increase glucose consumption occurs late in the production
phase (6-14 dpi).
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Supplement Figure 25. Titer profile of feeding regimens study.

Rapid increase in protein concentration is observed to happen late in the production
phase (7 - 14 dpi) concomitant with increased oxygen and glucose requirements.

Error bars represents the coefficient of variance associated to each variable.
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Supplement Figure 26. Model results for trained features in the training dataset comprised of 17
cultures (8 Delta pool batches, 5 Beta pool batches, and 4 WuTL pool batches).

Blue continuous lines are every day averaged predictions while the shaded blue
region represents the standard deviation of the training predictions. Red dots show
averaged sampling day data while the red shaded region represents the standard
deviation of the training dataset. (a) product titer, (b) cumulative glucose consumed,
(c) ammonia, (d) lactate, (e) viable cell density (VCD).





