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Abstract

Biological systems are utilized in various industries to produce valuable products,

including biopharmaceuticals. This is done in bioreactors, which are specialized vessels

that are able to precisely control key parameters, including agitation, air flow,

temperature, pH, dissolved oxygen (DO), and nutrient supply. With the high demands

for biopharmaceuticals caused by advancements in medicine, the need for efficient

production and optimization of bioreactors has been evident. This has been especially

seen during the COVID-19 pandemic, and the high costs of some products, which are

inaccessible to many individuals. To optimize production, simulation models have been

developed to predict effective control schemes for high growth and product yield.

However, this is challenging to translate between lab-scale and industrial-scale due to the

formation of gradients in industrial-scale systems, which have poor mixing. Gradients

lower the efficiency of bioreactors as cells must constantly adapt to changing extracellular

conditions, which cause stress and lower yields. Thus, it is necessary to validate

simulation models using the gradients formed in large-scale bioreactors; however, this

data is not readily available, and it is difficult to obtain such gradients in smaller-scale

bioreactors.

In this work, fed-batch experiments are studied to investigate the formation of

gradients in DO, kLa, pH, cell density, glucose, and acetate concentrations. This was

done through the movement of sensors, turning the air on and off, and the usage of

different sampling locations. The objectives of this work were first to characterize the

culture with flask and batch experiments and then to use this information to carry out
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the fed-batch experiments to explore the potential of measuring these gradients.

Dynamic metabolic responses were observed and measured depending on the control of

the glucose feeding, and consistent gradients were observed for the DO, pH, and kLa,

while gradients for cell density, glucose, and acetate were not observed, which may be due

to limitations in sampling times.

Finally, the metabolic responses have been modeled using modified Monod kinetics,

where the modifications include self-growth inhibition, an acetate metabolic switch, and a

cell density-dependent lag function. This work was done using a genetic algorithm on

Python to optimize parameters, and the model was able to adapt to the different

extracellular conditions presented in the fed-batch experiments.
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Chapter 1

Introduction

1.1 Research Motivation

Fermentation processes are used in several industries including bio-pharmaceuticals, food,

cosmetics, and chemicals. They are conducted in special large-scale vessels called

bioreactors, which have the ability to precisely control important parameters for optimal

biological growth and production. Amongst the many biological organisms that are used

in bio-manufacturing, the most characterized ones include Escherichia coli (E. coli), and

Chinese hamster ovary (CHO) cells. Currently, many large-scale production processes are

still designed by rule of thumb or experience through trial and error, which result in

suboptimal conditions for the organisms leading to lower output, more waste, and

increased operating costs.

With the recent rise in demands for vaccines due to the Coronavirus Disease of 2019
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(COVID-19) pandemic, and several medical advances demanding the need for

biopharmaceuticals, the need for cheaper and efficient production of biopharmaceuticals

has become evident. According to Global Market Insights, the biopharmaceutical market

value in 2024 was $422.5 billion, and it is projected to more than double by 2034 to

$921.5 billion, with similar numbers from Grand View Research [1],[2]. Some of the

trends that induce the increasing demand comes from the rising number of diabetes,

obesity, lysosomal storage disorders, and cancer cases, along with infectious diseases

which continue to be relevant targets in the industry. New treatment options involving

the use of biologics for neurological and autoimmune diseases have also been shaping the

market [1]. The World Health Organization shows statistics that 16 billion vaccine doses

worth US$141 billion were supplied in 2021, compared to 5.8 billion doses worth US$38

billion in 2019 [3]. This was mainly attributed to COVID-19 vaccines; however, it showed

how production of biopharmaceuticals need to be efficient to meet sudden rises in

demand to reduce strain on the industry. This also raised the issue of accessibility as

failure to meet demands showed global shortages and higher costs. Excluding COVID-19

vaccines, 70% of all vaccines are produced by ten manufacturers, and “several of the top

twenty most widely used vaccines (such as pneumococcal conjugate vaccine (PCV),

Human Papillomavirus (HPV), measles, and rubella) currently rely mainly on two

suppliers [3].” So, while having more manufacturers would be ideal, increasing and

possibly optimizing the production capability of current manufacturers is crucial.

Consequently, bioreactor operation must be optimized to meet demand and

accessibility needs. It is often very difficult to even scale up from a laboratory to

industrial-scale for new biopharmaceuticals, and it is costly to run experiments to
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optimize currently existing production due to the scale and time necessary. Currently,

simple simulation models based on small scale experiments have been used to avoid

large-scale, costly experiments to reduce costs, improve design, and overall production;

however, optimizing beyond this is very limited. Optimization is difficult because

bioreactors are very complex due to multiphase, multicomponent hydrodynamics,

interphase mass transport, and metabolic reactions from the organism that is being used.

These are affected by the overall design of the vessel, the media used, extracellular

nutrient concentrations, and the controlled parameters in the bioreactor, namely, the pH,

DO, temperature, agitation, gas flow rate, and feed flow rate. These parameters will all

influence the cells’ yield and quality of the product of interest. Another difficulty is that

in smaller scale bioreactors, mixing time is very short in comparison to industrial scale

bioreactors. This causes physical and biological heterogeneities to occur in large scale

production, which is difficult to model using smaller bioreactors.

Therefore, model development which couples fluid flow phenomena, i.e. occurrence of

multiphase regimes, interactions between components in the flow, gradients in substrate

concentration, pH, DO, and other metabolites, with metabolic models for the cell has

been a large area of interest so that simulation models can accurately capture large scale

operation based on smaller scale experiments. However, current simulation models fall

short of being able to depict this complexity very accurately. In a model developed by

Pigou et al. (2014) [4], a compartmental approach to account for hydrodynamics of

large-scale bioreactors and a coupled metabolic model and population balance was used

to simulate an E. coli culture based on data from a 30,000 L bioreactor from Xu et al.

(1999) [5]. It was evident that while simulation models have come a long way, there were
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still many gaps to be addressed. To help address these gaps, more comprehensive data

sets from bioreactor cultures are necessary to create newer and more robust models that

can increase their accuracy to predict which areas in the bioreactor perform poorly due

to gradients. This will allow for low-cost optimization opportunities on currently existing

bioreactors such as retrofitting new sensors and feed ports to accommodate for the

gradients caused by poor mixing to potentially create a more homogeneous cell culture,

which will result in more efficient operation from better process control. Consequently,

biopharmaceutical companies will increase profitability without the need for high capital

expenditure and decrease production cost while increasing production capacity, which

will increase accessibility to the product and improve Canada’s biopharmaceutical

industry and economy by increasing competition through world-class biopharmaceutical

development and manufacturing. While it was always assumed that gradients can only be

observed in bioreactors of large dimensions, we hypothesized in this work that if such

gradients can be also measured in lab scale bioreactors, their effect on bio-process

operations could be further studied.

1.2 Objectives

The overall goal of this work will be to obtain a comprehensive data set showing

heterogeneous conditions in a 20 L pilot scale bioreactor and be able to model the data

using existing simulation models. Specific objectives include the following:

1. Establishing a growth curve and growth rate for the selected E. coli strain at the
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small scale in 50 mL flask experiments.

2. Establishing a growth curve, growth rate, glucose and acetate curves, and

measuring controlled parameters in a batch operated bioreactor fermentation.

3. Modify the experimental system in order to be able to change the height of the DO

sensor and the pH sensor to be able to measure heterogeneities in these parameters.

4. Assess whether the height of the sampling port could be also changed to measure

heterogeneity in cell density and metabolite concentrations.

5. Using the data from the batch operated fermentation, run a fed-batch fermentation

to reach a high cell density where it will be likely to be able to obtain gradients

along the height of the bioreactor by changing the sensor heights. Specifically, the

pH, DO, kLa, and if possible, cell density, glucose, and acetate concentrations once

the culture is well-established.

6. Model the experimental data using established metabolic models and identify

required modifications to improve the fitting to data.

This thesis is organized into five chapters, where Chapter 1 includes the research

motivation and objectives. Chapter 2 covers the background material which covers

E. coli characteristics and usage in biopharmaceuticals, metabolism and growth, batch

and fed-batch operation, bioreactor design, heterogeneities in bioreactors, and modeling

methods. Chapter 3 will discuss the results from the flask experiments, batch operation,

and the two fed-batch operations of the bioreactor. These results will show the
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characterization of the culture, which was used to inform the fed-batch process. Gradients

observed in the fed-batch experiments will be discussed as well. Chapter 4 will discuss

the development of a metabolic model, and the fitting of two fed-batch experiments.

Finally, Chapter 5 will present conclusions and recommendations for future work.
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Chapter 2

Literature Review

2.1 E. coli Characteristics and Significance in

Biopharmaceuticals

E. coli is a common gram-negative bacterium that has been widely studied for over one

hundred years. It is rod-shaped and facultative anaerobic, meaning that it will use

oxygen if available, but otherwise can survive in anaerobic conditions [6, 7]. It is found

commonly in the environment, food, and the lower guts of warm-blooded animals [6]. It

can also live in feces, soil, and water for a long time due to its resilience [8]. The cells are

typically 1-3 µm x 0.4-0.7 µm in size, have a cell wall, and have a peptidoglycan layer

[8, 9]. The various strains are categorized into serotypes based on three antigens: 173

types of somatic or cell wall antigens (O), 103 types of capsular antigens (K), and 75

types of flagellar antigens (H) [10]. Many of these strains are known to be safe and can
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be good probiotics, but pathogenic strains also exist [11]. E. coli is very widely used in

bio-manufacturing today as a host for recombinant deoxyribonucleic acid (DNA) and

protein production [12]. It is typically grown optimally at 37°C and pH of 7.0 under

aerobic conditions and can double in as little as 20 minutes [7, 13]. Some common growth

media include minimal media with glucose as a carbon source, ammonium salts as a

nitrogen source, and trace elements, such as M9 media. Complex media such as Luria

Bertani (LB) media and terrific broth are also used, and growth on solid agar plates is

common in experimental studies [7, 14].

E. coli has several attractive traits which make it an excellent model organism for the

study of genetics, microbiology, and biotechnology, including well-established genetics,

minimal growth requirements, and high adaptability [15]. Additionally, it can serve as

host for bacteriophages to grow, which allows for its use on the study of viruses. Also,

asexual reproduction allows for preserving genetic modifications and repeatability of

experiments [16]. E. coli was first found to be able to produce recombinant proteins in

the 1970s when recombinant DNA technology was first introduced, and its first key usage

was the production of human insulin for the treatment of diabetes [17, 18]. However, due

to a lack of cell machinery, it was initially thought to not be able to produce insulin

because it requires complex protein folding. However, being a heterodimer that needs

oxidative protein folding, insulin was still produced [19]. Afterwards, many recombinant

biopharmaceuticals such as monoclonal antibodies have been produced using a variety of

hosts, including E. coli , yeast, fungi, insect cells, and mammalian cells [20]. Of these,

E. coli remains to be a favorable host due to its well-established genetics, the variety of

cloning techniques, and the variety of expression systems, which allow it to produce a
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multitude of proteins [20].

Figure 2.1: A sample procedure of product development in E. coli by İncir, İ., & Kaplan,
Ö. (2024) [21].

E. coli also serves as a good platform for large-scale production due to its fast growth,

inexpensive nutritional requirements, simplicity of scale-up, capacity of high yield, and its

capability of production of high-quality pharmaceuticals [22]. Common types of

biopharmaceuticals currently produced by E. coli include hormones, enzymes, peptides,

vaccines, fusion proteins, and antibodies. Examples of these include human insulin,

human urate oxidase, nesiritide, hepatitis E vaccine, romiplostim, and Ranibizumab [21].

Currently, about 30% of all therapeutic proteins are made in E. coli , making it very

industrially significant.

As mentioned earlier, there are drawbacks to using E. coli . One such drawback is the

usage of rare codons such as arginine codons AGG and AGA, which occur 0.14% and
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0.21% of the time, respectively, which can cause translational errors [23]. To address this

issue, the usage of plasmids and the replacement of rare codons with more common

codons have been done and have been successful in the production of interferon-α2b

[24, 25]. Another drawback is the formation of inclusion bodies caused by the aggregation

of heterologous insoluble proteins, which negatively affect protein production and

downstream processing [19]. Molecular chaperones have been used to prevent aggregation

during protein folding, promote refolding, and promote solubilization of misfolded

proteins, which reduces the occurrence of inclusion bodies [26]. Lowering the growth

temperature has also been shown to reduce protein aggregation by preventing

hydrophobic interactions, however, this would come at the cost of lower growth rate [27].

Other factors that may affect the formation of inclusion bodies include “medium

composition, choice of expression vectors, choice of promoters, choice of expression hosts,

application of fusion tags, rate of protein synthesis, inducer concentration, and duration

of induction” [19]. Under fully optimized conditions, E. coli was able to produce fully

assembled and functional active Immunoglobulin G (IgG), which shows the potential of

monoclonal antibody production in E. coli [28]. One final drawback is the lack of cellular

machinery for post-translational modifications, such as glycosylation and phosphorylation

[29, 30]. This has made CHO cells more favourable to E. coli as they are mammalian

cells with the required cellular machinery. However, progress has been made to address

this issue in E. coli [31]. N-glycosylation is an important and common type of

glycosylation, and the required machinery was able to be transferred into E. coli using

Campylobacter jejuni, which enabled it to express N-glycosylated proteins [32, 33]. Some

common strains of E. coli that are used include K-12 and BL21 (DE3). K-12 strains have
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been traditionally used due to ease of plasmid propagation and cloning [34], whereas

BL21 (DE3) has been increasingly used as it exhibits less protein degradation [35], faster

growth [36], less acetate accumulation [37], and a T7 expression system containing an

inducible promoter such as lac and ara [38].

2.2 E. coli Metabolism and Growth

E. coli has three native glycolytic pathways, which include the Embden-Meyerhof-Parnas

(EMP) pathway, the Entner-Doudoroff (ED) pathway, and the oxidative pentose

phosphate (OPP) pathway [39]. The dominant pathway is the EMP pathway, and it

yields two pyruvates, two adenosine triphosphate (ATP), and two nicotinamide adenine

dinucleotide (NADH) per glucose molecule [39]. The pyruvate would then enter the citric

acid cycle for further metabolism as shown below in Figure 2.2.

Cell metabolism can be categorized into four groups: anabolism, oxidative catabolism,

mixed-acid fermentation, and overflow metabolism [5]. Anabolism is biomass production

through glucose and energy consumption. Oxidative catabolism is aerobic energy

production through the oxidative pathway, which includes the EMP pathway, the citric

acid cycle, and the electron transport chain [5]. Mixed-acid fermentation is anaerobic

energy production through the fermentative pathway, which produces acetate, formate,

D-lactate, succinate, ethanol, carbon dioxide, and hydrogen [4, 5]. Overflow metabolism

is a production of acetate when there is an excess of glucose available due to saturation of

the oxidative catabolism pathway [4, 5].
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Figure 2.2: An overview of glucose metabolism in E. coli by Wang et al. (2019)
[40]. Used under the Creative Commons Attribution 4.0 International License (http:
//creativecommons.org/licenses/by/4.0/).
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Given these types of metabolism, for a high-density culture, considerations must be

made, such as oxygen/nutrient requirements and acetate inhibition, so that mixed-acid

fermentation and overflow metabolism is avoided [4, 41]. It has been estimated that the

maximum cell density of E. coli is well below 250 g/L because that is the approximate

density of dry cells packed in a centrifuged tube [42]. For the culture to maintain fluidity,

it was found that the density should be below 220 g/L, as fluidity is lost beyond this

point [43]. While the theorized maximum cell density is 200 g/L, the highest cell density

reported is currently 190 g/L [37]. Regarding oxygen needs, oxygen transfer requirements

are thought to not be a limitation when pure oxygen is supplied to media at 25°C.

However, this is usually not practical in regular production settings because of safety

concerns, cost of pure oxygen, and stress responses of E. coli to pure oxygen [37, 44]. For

nutrients, E. coli requires carbon, nitrogen, phosphorus, sulfur, magnesium, potassium,

iron, manganese, zinc, copper, and other growth factors [45]. Typically, the required

nutrients are added to a basal broth such as LB broth or a chemically defined medium.

On the other hand, higher concentrations of the main media components, sulfur,

phosphorus, and trace elements must be added for higher density cultures [44]. It must

be noted that most media components at a high concentration inhibit E. coli growth, so

they must be added as they are consumed. Some reported inhibitory limits include

glucose at 50 g/L, ammonium at 3 g/L, iron at 1.15 g/L, magnesium at 8.7 g/L,

phosphorus at 10 g/L, and zinc at 0.038 g/L [44, 46]. It must also be made sure that

precipitation does not occur due to the interaction between media components as it can

affect nutrient supply, the fermentation process, and downstream processes [44]. This is

one reason why some components must be sterile filtered instead of being heat sterilized,
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as the heat can cause interaction between components to form precipitates. Another

factor is that the osmotic pressure and conductivity of media can affect the cell

membrane potential, which causes lower growth [44]. Finally, as mentioned earlier,

acetate concentrations must be monitored because it inhibits growth and product

formation when reaching a concentration of about 2 g/L [44]. The main cause for acetate

accumulation is an excess of glucose being available, which causes rapid growth and as

mentioned earlier, a saturation of the citric acid cycle and the electron transport chain

[4, 47]. An additional consequence of this is that extra base must be added to the culture

to control the pH as the release of acetate lowers the pH of the media [48]. This results in

the accumulation of salts which creates higher osmotic pressure. To make use of the base

added, ammonium hydroxide is typically used so that it can double as an extra nitrogen

source [37]. The strain and medium used will affect the critical growth rate at which

acetate is produced. For example, in one strain, acetate was produced when the growth

rate exceeded 0.2 h−1 in complex media and 0.35 h−1 in defined media, but another

strain produced when it exceeded 0.14 h−1 in defined media. Methods for reducing

acetate production has been explored, including changing carbon sources, reducing the

growth temperature (which reduces the growth rate), and through metabolic engineering

[37]. This is achieved in bioreactor cultures typically by controlling the amount of

substrate in the media through an efficient feeding strategy.
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2.3 Batch and Fed-Batch Operation

E. coli is grown in bioreactors in different types of operation modes. Batch, fed-batch,

continuous, and perfusion operating modes are used and each has advantages and

disadvantages. Batch operation involves a nutrient broth with fixed initial concentrations

of substrate, and the culture proceeds until substrate limitation as there are no additions

of substrate during the course of the culture. Consequently, there is an accumulation of

byproducts over time, and this method is used for lower cell density cultures. This mode

is typically useful to characterize a culture for feeding strategies. Other advantages of

this mode are that it is very simple to run and has low risk of contamination. The

downsides are that the yields are very low due to the typically shorter duration, low cell

density, and toxic byproduct accumulation [49]. Continuous operation is when additional

substrate solution is fed while cells and culture medium are harvested. This allows for

nutrient replenishment and harvesting of cells while removing byproducts. A steady state

is reached by keeping the volume and growth rate constant by keeping the dilution rate

equal to the growth rate. The advantage of this is that product quality can be increased

through the constant growth environment, and the steady state culture can be

maintained for several months to reduce downtime. The disadvantages are that it is more

challenging to operate, there is a higher risk of contamination due to the continuous

feeding and harvesting for extended periods of time, and there is limited traceability due

to continuous harvesting rather than a batch harvest. Perfusion culture is similar to

continuous culture except that cells are recycled back into the bioreactor while the

culture media is harvested. This allows for byproducts to be removed and nutrients to be
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replenished thus resulting in higher cell densities. Perfusion operation also leads to a

higher volumetric productivity, which allows for a smaller equipment footprint as well.

Similar to continuous operation, this mode is also difficult to operate, but it is slightly

less prone to contamination due to shorter run durations as compared to continuous.

Finally, fed-batch culture is when feed is added to the culture after a period of time in

batch operation to replenish nutrients that have been consumed to increase cell density

throughout the process. The feed is typically concentrated in order to lower the volume

added to the culture. This mode is the most common mode of operation, and unlike

batch operation, higher cell densities can be achieved due to additional substrate, which

leads to longer cell cultures for higher yields. This also means that the initial substrate

concentration can be lowered to improve growth and reduce byproduct formation such as

acetate during the early stages of the culture compared to batch operation where higher

substrate is added to try to extend the culture as long as possible. Disadvantages include

higher risk of contamination due to feeding throughout the culture, and there is a lack of

byproduct removal as harvesting occurs at the end of the process [49].

High cell densities are preferred to increase product generation, so fed-batch and

perfusion cultures would be ideal modes of operation, where fed-batch is currently widely

used due to its simplicity compared to perfusion, and it is well-established in industrial

applications. There are several feeding techniques including constant feeding, increased

feeding, exponential feeding, DO-stat, pH-stat, carbon dioxide evolution rate-based

feeding, cell concentration-based feeding, and substrate concentration-controlled feeding

[37]. Constant feeding is substrate addition at a constant rate, meaning substrate

concentration will decrease as cell density increases due to higher total consumption,
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resulting in reduction in the growth rate. Increased feeding involves increases of substrate

feed at a gradual, linear, or stepwise rate throughout the culture, compensating for

decreases in the specific growth rate [37]. Exponential feeding is similar to increased

feeding, except substrate addition increases exponentially to keep the growth rate

constant; it can be described by Equation 2.1, where Ms(t) is the mass flow rate of the

MS(t) = F (t)S0 =

(
µ

YX/S

+mX

)
X(t0)V (t0) exp[µ(t− t0)] (2.1)

substrate, F (t) is the feed flow rate, S0 is the substrate concentration of the feed solution,

µ is the growth rate, YX/S is the yield factor, mX is the maintenance coefficient, X(t0) is

the initial cell concentration, V (t0) is the initial volume, and t0 is the time when feeding

was initialized [43]. The DO-stat feeding method is when substrate is added when the

DO rises due to substrate depletion. This occurs because aerobic respiration will not

occur when there is no more carbon source available, which would result in an increase in

DO due to lowered oxygen demand [37]. The pH-stat method is based on a similar

principle, but with pH used to trigger feeding instead of oxygen. Feeding occurs when the

pH rises due to depletion of the carbon source. This happens because of a release of

ammonium ions from the cells when the carbon source is depleted. It must be noted that

DO-stat responds more rapidly in a defined medium, whereas in semi-defined or complex

media, pH-stat is more suitable due to the carbon-nitrogen substrates such as yeast

extract and peptone. This is because the DO change is small with complex substrates as

they get consumed after the carbon source is depleted. The carbon dioxide evolution rate

(CER) based feeding is done by measuring this value to control the feeding rate. This
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can be done due to the CER being approximately proportional to the consumption of the

carbon source. The cell concentration can also be used to determine the feeding rate by

determining the specific growth rate. Substrate concentration control-based feeding is

when the substrate concentration is kept constant throughout the culture, which is

similar to exponential feeding, however, a feedback control using an online glucose

analyzer is done in this case. Of these methods, exponential feeding provides a useful and

simple approach to feeding control. On the other hand, more sophisticated methods

based on online measurement tools allow for better control of the specific growth rate due

to better adaptability through feedback loops. Another strategy that may be employed is

using a feeding solution that closely matches the Carbon:Nitrogen:Phosphorus:Sulfur

ratio (C:N:P:S) of the target organism [37].

Out of the feeding control strategies, the DO-stat and pH-stat methods are very

accessible as DO and pH sensors are standard sensors that fermenters are already

equipped with, and they are simple to implement. The effectiveness of these strategies

has been shown by Chen et al. (1997) as the feedback control from these sensors provided

a higher cell density culture and significantly higher plasmid yields compared to a manual

stepwise feeding strategy [50]. This showed that the lower growth rate with this feedback

control strategy can achieve high cell density and product yield without needing pure

oxygen aeration while being reproducible in both 7 L and 80 L scales [50]. Similar results

were shown with DO-stat control with the use of a standard DO sensor where feed rate is

decreased when oxygen transfer limits are reached [51]. This was done because growth

must be slowed down by reducing substrate feed when oxygen demand is unable to be

met to a level that is able to be maintained. This strategy detects acetate accumulation
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and consumption as well because they lead to a lower DO reading, which triggers the feed

rate to be lowered so that growth rate is slowed down to prevent acetate production. The

main purpose of this is to keep the growth rate high to avoid long cultivation time and

low productivity while keeping it low enough to prevent overflow metabolism, oxygen

transfer limitations, and starvation zones [51].

2.4 Bioreactor Design

In addition to good operation and feeding strategy, the design of a bioreactor is crucial for

optimal cell growth and product generation. Bioreactors have many parameters to control

including agitation, air flow rate, pH, DO, nutrient supply, and temperature. There are

many types of bioreactors including (but not limited to) the stirred tank reactor (STR),

modified STR, airlift bioreactor, bubble column bioreactor, wave bioreactor, disposable

bioreactor, membrane bioreactor, solid-state fermentation, and three dimensional (3D)

printed bioreactors [52]. Aerated STRs are the most common type of bioreactor as they

are simple, versatile, scalable, easy to control, and have a low risk of contamination [53].

The agitation system of STRs is very important because it is responsible for keeping the

nutrients well-mixed, for providing good distribution of oxygen, and for maintaining ideal

conditions throughout the entire reactor. Common impellers for agitation are the

Rushton turbine and the pitched blade impellers. Rushton turbines are used for bacteria

or yeast cultures as they are able to withstand the high shear mixing from them, whereas

pitched blade impellers are used for shear sensitive cells, such as mammalian and insect

cells [53]. For mammalian cells that are more shear sensitive, modified STRs are used.
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Modifications include a height to diameter ratio that is less than two, usage of

perforated-type sprinklers for aeration, and marine-type impellers [54]. Airlift bioreactors

have an aerated cylinder where gas flows in from the bottom and comes out the top with

a descending tube surrounding it [55]. Bubble column bioreactors are similar, but the

aeration system is at the bottom of the reactor and does not have riser and downcomer

sections to create a cyclic flow [55]. These types of bioreactors have high mass transfer of

oxygen, good mixing with low shear stress, low energy consumption, simple aseptic

operation, and simple design, but they are difficult to scale up for industrial applications

[53, 55]. Wave bioreactors are used for cultures that are sensitive to shear and require low

oxygen demand. They consist of a sterile plastic bag that is permeable to allow for gas

exchange, and a rocking table for imparting oscillatory motion and temperature control

capability. These reactors are also difficult to scale up as they are limited to a 500 L scale

[56]. Disposable bioreactors are made of plastic, are pre-sterilized, and can come in sizes

up to 2,000 L [57]. They have gained popularity in industrial applications due to their

efficiency and ability to be designed based on the application, thus allowing for flexibility

for various geometries [58, 59]. They are convenient to use because they do not need to

be cleaned or sterilized, and they can be recycled, which reduces waste. Membrane

bioreactors have semi-permeable membranes which keep cells in the bioreactor while

allowing substances of a specific size to pass through. They are an excellent choice for

efficient separation, possible continuous operation, contamination control, and reduction

in space usage [60]. The three main caveats are that they are expensive, complex to

maintain, and have flow limitations [60]. Solid-state fermentation typically involves trays,

fixed beds, or stirred drums. It is usually used for fungal growth, and the challenges

20



associated with this include: the hyphae of the fungi are very delicate, sterilization is

difficult, and the solid medium can agglomerate, which can cause uneven growth,

aeration, and temperature control [61]. With the development of printing technology,

customized printed bioreactors have been gaining traction as well for both micro and

macro-scale bioreactors due to their customizability [62]. The key parameters to look at

when choosing between these bioreactors for particular applications include mass

transfer, heat transfer, shear stress, medium homogeneity, scalability, and oxygen transfer

[52]. Artificial intelligence and machine learning have been successfully used to improve

the efficiency of bioreactors by adjusting parameters in real time [63].

When considering the overall design of bioreactors, they require aseptic operation,

agitation, aeration, efficient energy consumption, temperature control, pH control,

sampling ports, low evaporation loss, minimal labor requirements, smooth interior

surfaces, seals for containment, and aseptic protection [64]. The vessels of bioreactors are

typically made of glass in the smaller lab scale due to its non-toxicity, corrosion

resistance, and transparency. Stainless steel is common in large scale operations due to

its longevity, corrosion resistance, and pressure resistance. Heat is removed by using

cooling jackets, silicone shirts, or internal coils when necessary. Heat is supplied through

thermostatic baths or internal coils. Usually, internal coils will be necessary in the large

scale due to reduced heat transfer area per reactor volume. Sealing assemblies for the

agitator are made of gland packing, mechanical seals, or magnetic actuators which use

magnets to rotate the shaft. Baffles made of stainless-steel metal strips are installed

radially on the vessel walls to prevent swirling, to increase mixing and mass transfer, and

to improve aeration. The impellers are made of paddles attached to the agitator shaft
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and are used for keeping the bioreactor well-mixed as mentioned before. They also reduce

the air bubble size to improve mass transfer, and the number, size, and shape of the

impellers vary based on the application. Disc turbines and variable pitch open turbines

are commonly used depending on the sensitivity to shear of the culture. The sparger

delivers sterile air with bubble size in the range of 5-10 mm. Three common types of

atomizers are used, including porous bubblers, nozzle sprayers, or combined

bubbler-agitators. Feeding ports are necessary to be able to supply sterile nutrients,

control pH through acid or base addition, and control foaming through antifoam

addition. Foaming control is important to keep levels down for better process

performance and is done using foam or level sensors, which control the addition rate of

antifoam, foam traps, or foam skimmers. Valves are another important component and

are essential for controlling flow rate, direction, and pressure management of fluids in the

bioreactor. Some common valves include ball valves, butterfly valves, diaphragm valves,

and safety valves. Finally, the usage and placement of online sensors are critical in order

to control the bioreactor environment effectively during a fermentation process. The

usual sensors on a bioreactor are temperature, DO, pH, and level sensors, however,

carbon dioxide, cell density, and nutrient concentration sensors are other sensors that can

greatly improve process performance [64]. The placement of these sensors are an

important consideration as readings may be different throughout other regions of the

bioreactor, especially in large-scale vessels due to gradient formation.
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2.5 Heterogeneities in Bioreactors

Gradient formation in bioreactors generally depends on the mass transfer and

consumption time. If the characteristic time for mass transfer is longer than the

characteristic time for reaction, gradients will occur, whereas they are likely to not occur

if the time for consumption is longer [65]. Substrate and oxygen gradients in bioreactors

are the most widely examined due to their importance in aerobic fermentations [66, 67].

The characteristic time for substrate consumption, τc can be given by the expression

shown in Equation 2.2 below, where S is the substrate concentration, qS is the specific

substrate consumption rate, and X is the cell density.

τc =
S

(qSX)
(2.2)

It is evident that when the cell concentration is high, the characteristic consumption

time will be low, which means that gradients will likely occur [68]. Correspondingly, the

characteristic consumption time for oxygen will be low because the solubility of oxygen is

low in fermentation media, approximately in the order of about 8 mg/L at 1 atmosphere

of pressure [69]. The relation between oxygen transfer rate and mixing time is very

important because of the low characteristic consumption time of oxygen. For example,

large bioreactors in the range of 100 m3 will realistically have an oxygen transfer rate of

2-5 kg/m3h, which result in characteristic mass transfer times of about 10-20 seconds,

and mixing times in the range of 10-1000 seconds [65, 68, 70] thus resulting in significant

oxygen gradients. The mixing time will also depend on the feeding port location, the
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sensor location, and the sampling location [71, 72]. This is because the mixing time

measurement will vary based on the location in which the sample or reading is collected

due to the complex hydrodynamics and the location of the feeding port. For example, if

the feeding port and the sensor or sample are both at the top, the mixing time may

appear to be short, but if the sensor or sample was at the bottom of the bioreactor, the

mixing time will appear to be much longer. The length scale of substrate transport is in

the order of 10-100 metres because it is typically fed at a single point. The length scale of

oxygen transport has a smaller length scale in the order of 0.01-0.1 metres because the

oxygen transfer is dispersed in small bubbles throughout the bioreactor [68]. Other

considerations of substrate and oxygen gradients will be that cells will likely not be

exposed to high enough levels of oxygen to cause physiological problems, making oxygen

transfer to be a major consideration, whereas for substrate, high levels will lead to

overflow metabolism, so the concentration of substrate must be ideally kept under a

critical value [68, 73].

The main factors that influence the occurrence of gradients include aeration rate,

agitation speed, feeding rate, headspace pressure, impeller type and number, reactor

design, reactor type, and the physical properties of the medium [68]. An increase in

aeration rate will lead to a higher gas holdup, higher oxygen transfer rate, and shorter

mixing times, but this has the downside of increased energy demand, increased likelihood

of foaming, and possible impeller flooding [74, 75, 76, 77]. The agitation speed will affect

the flow pattern and intensity in the bioreactor. An increase in the speed will shorten the

mixing time, decrease the air bubble size (which improves oxygen transfer), and increase

volumetric power output (which increases kLa for oxygen transfer). However, this
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increases the power demand and shear stress thus requiring more energy and increasing

damage of shear sensitive cells [71, 75, 77, 78]. The substrate concentration in the feed,

the feeding rate, and the feed port location will affect the substrate distribution in the

bioreactor. These parameters must be managed to prevent starvation and overfeeding,

which would lead to substrate limitation and overflow metabolism, respectively

[67, 79, 80]. For example, a highly concentrated feed at the top of the reactor may cause

overfeeding at the top while starving cells at the bottom. An increase in headspace

pressure will decrease the bubble size and increase the oxygen saturation concentration.

This increases the driving force for oxygen transfer; however, it requires more energy to

compress the air, and the vessel will be more expensive due to the requirement of thicker

walls to be able to handle the higher pressures [69]. The impeller size and number affect

the mixing time and air bubble size, but increasing the number of impellers increases

power requirements [81, 82, 83]. The design of all internal components in the bioreactor

including the location and size of the impeller, sparger, baffles, and coils will affect the

mixing time, oxygen transfer rate, and substrate distribution. On the other hand, having

many internal components complicates cleaning post-operation [69, 71, 79, 84]. The

reactor type affects the flow pattern, mixing time, and the gas holdup, which affects the

kLa and oxygen transfer rate [69, 71, 85, 86]. The physical properties of the medium,

such as the viscosity, can negatively affect the oxygen transfer rate and mixing time

[87, 88, 89]. In this case, a high viscosity will impact the agitation by making it more

difficult to break up air bubbles and slow down mixing. All these factors must be

managed to lower the occurrence of gradients and fluctuations in the bioreactor

environment.
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In a large bioreactor where it is difficult to completely eliminate gradient formation,

biological responses from cells have been seen due to the fluctuations in the bioreactor

environment [68]. Changes in the metabolome have been observed at a time scale of

seconds, where insufficient oxygen will result in fermentative metabolism, which generates

by-products such as ethanol or acetate [90]. Another case would be excess substrate,

which causes overflow metabolism, generating acetate. This lowers the cell growth rate,

cell yield, and product yield, which overall will reduce the economics of the process

[37, 91]. Exposure to gradients can also result in changes in the transcriptome, where

stress genes have been shown to be expressed in E. coli within seconds of the fluctuations.

This led to reduced product formation and increased energy demand for cell maintenance

by 40-50% [92, 93, 94]. These kind of changes in the transcriptome also led to changes in

the proteome, which has been shown to lead to a “tenfold increase in the incorporation of

non-canonical amino acids in recombinant proinsulin produced using E. coli along with

an 18% decrease in product yield” [68, 95]. In longer time scales, there have been

increased mutation rates, which have caused heterogeneities in cell populations. Cell

populations that can best handle the fluctuations from gradients are favoured to grow

[96, 97, 98]. While heterogeneities have shown to produce many negative effects, some

positive effects have been also observed, such as higher cell viability, improved product

quality, and reduced media viscosity. The negative effects observed were lower biomass

yield and morphological changes in cell size [99, 100, 101, 102, 103].

Heterogeneities are however often difficult to investigate as there is a lack of

experimental data in industrial scale bioreactors. A reason for this is that they would be

very expensive to run as it would require a large volume of media and a lot of time and
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resources which would also contribute to down time for a company. Another reason is

that publication of such industrial data would be subject to confidentiality. Scale down

reactors are often used to replace large-scale experiments, but they require multiple

replicate parameters, or they do not truly reflect what may happen in an actual industrial

large-scale bioreactor [68], especially in terms of the formation of gradients. There are

several published results for large scale bioreactor experiments for various cell lines where

heterogeneities have been investigated, but it would be beneficial to have more studies to

be comprehensive. In a 3-5 m3 CHO culture, it was found that hypoxia was detected

compared to no oxygen limitation in a 20 L culture [104]. For an 8-9 m3 E. coli culture,

the biomass yield was shown to be 20% lower, acetate accumulation occurred, and the

product formation rate was unaffected [105]. In two other E. coli cultures in 22 m3

bioreactors, formate accumulation was observed, which confirmed oxygen depleted zones

[5, 66]. The biomass was also reduced due to acetate production and re-assimilation from

overflow metabolism and mixed acid fermentation. The biomass was reduced by 12%,

acetate accumulated up to 300 mg/L, and formate accumulated up to 50 mg/L. Four

stress induced genes were detected and the lowest concentration was furthest away from

the feeding port, showing that overfeeding caused stress on the cells. The cell membrane

potential and integrity were reduced as well [5, 66]. In a 54 m3 Penicillium chrysogenum

culture, 57% of cells were starved and 7% was overfed, where the feeding was done at the

top of the reactor [106, 107]. As expected, the cells in the neighborhood of the feeding

port were overfed. In a 19.8 - 22.1 m3 Saccharomyces cerevisiae culture, glucose

concentration peaks ranged between 40 - 80 mg/L, and this fluctuation depended on the

turbulence at the feed port location. This was scaled up to a 215 m3 culture and higher
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concentrations were found close to the feed port [67, 101]. pH gradients were investigated

in a 0.7 m3 Streptococcus thermophilus culture, but there were no significant gradients

found [108, 109]. There was also no significant DO gradients found in a 20 m3

Trichoderma reesei culture [110]. Based on the experiments in literature so far, gradient

formation will vary by application due to the differing cell lines and reactor type and size.

As mentioned earlier, scale down experiments are another option to analyze

heterogeneities, and they are still an attractive alternative because of the lack of

industrial scale experimental data. They have the advantage of being able to control

fluctuations that would occur in large scale bioreactors with precision while also being

easy to sample and analyze [68]. There are typically two types of scale down reactors.

Pulse feeding reactors are when a variable of choice (such as carbon source, pH, or DO) is

pulsed into the reactor at defined intervals [40, 111]. Multicompartment simulators are

when two or more reactors are connected. Common configurations are a plug flow reactor

(PFR) and a stirred tank reactor connection (PFR-STR) and two STRs in connection

(STR-STR); each reactor attempts to mimic a different region in a large-scale bioreactor

[100, 112, 113, 114]. Usually, one reactor attempts to simulate a feeding area with higher

concentration of the controlled variable while the other attempts to simulate a well-mixed

region. The downsides of scale down reactors include the inability to sample at

sub-second time scales, inability to replicate flow phenomena and oxygen transfer rates

occurring at the larger scale, direct scale down is often designed based on educated

guesses which may not be a true reflection of real large-scale reactors, and the number

and size of compartments in a large-scale bioreactor can vary, which is difficult to

replicate [68, 115, 116]. Scale down cultures of E. coli have shown 15% increases in cell
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maintenance, 11% decreased growth, 23% increase in acetate, and lower biomass yields in

comparison to homogeneous bioreactors [114, 117, 118]. The accumulation of acetate and

decrease in growth and biomass match with the large-scale experiments, which show that

scale down experiments can still show the effects of heterogeneities in industrial scales.

The motivation for many of these experiments, either in large-scale or scale down

experiments, is to be able to validate models. The interaction between cells and their

environment must be modeled accurately to account for gradients in bioreactors [68].

2.6 Metabolic and Hydrodynamic Modeling of

Bioreactors

Computational fluid dynamics (CFD) and compartmental model (CM) approaches have

been used to model and study gradients [68]. They are usually coupled with a metabolic

model to account for both the fluid phenomena and the metabolism of the cells in a

bioreactor. A simple metabolic model typically involves Monod kinetics within mass

balances on the bioreactor, typically operated in batch or fed-batch modes. Modifications

on Monod kinetics are usually necessary to account for differences that may occur in the

bioreactor. Some modifications can include self-growth inhibition, metabolic switching in

diauxic growth, and an addition of a lag function for delays in growth or metabolism of

acetate [119, 120, 121, 122, 123]. Self-growth inhibition is added to account for slower

growth rates at higher cell densities while substrate concentrations are still substantial

[123]. According to Monod kinetics, a substantial substrate concentration would normally
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keep the growth rate high. In diauxic growth, a cell will undergo a lag phase as it

switches from a primary carbon source to a secondary carbon source after the primary

source is depleted, such as the switching from glucose to acetate [120, 121] consumption

when glucose is depleted. In this case, a metabolic switch is added to the model to

account for the lag as the cell switches carbon sources. Lag functions are added to model

sigmoidal lag patterns in parameters such as growth rate, as it can gradually increase to

adapt to the environment [122, 123]. The types of sigmoidal lag functions include the

logistic, Gompertz, Richards, Stannard, and Schnute functions, and the Gompertz

function tends to be the most frequently used due to good fit for a variety of experiments

[122, 123]. In Monod kinetics, the growth rate would start at a high value and decrease

as the substrate concentration goes down, so it would not account for an initial increase

in the growth rate. These lag functions also predict the minimum cell density required to

switch to acetate metabolism and the effect of high glucose levels that can delay acetate

metabolism [120, 122, 123].

CFD involves numerical methods to evaluate the Navier-Stokes equations to

determine the hydrodynamics in a system [68]. CFD provides high levels of detail and

accuracy about flows in the system to predict local values of parameters throughout a

bioreactor volume. The most common numerical method is the finite volume method,

where the reactor geometry and time are discretized to obtain a solution. Higher levels of

discretization create smaller cells in the mesh and smaller time steps, which increase the

computational demand, which is not favorable; however, a certain level of discretization is

required to prevent numerical errors. Moreover, small time steps of 5-10 milliseconds are

also required for accuracy due to the simulation of the fast-moving rotation of impellers.
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The gas-liquid system in bioreactors is modeled with the Euler-Euler or the

Euler-Lagrange approach. The Euler-Euler method treats the phases “as interpenetrating

continua, with each phase having a volume fraction” [68]. The Euler-Lagrange method

calculates the displacement of particles by integrating the particle momentum equation.

This method is useful for tracking cells moving throughout the bioreactor, which can be

used to account for the time and history of the cells [79, 85, 124]. However

Euler-Lagrange methods are significantly more computationally expensive as compared

to Euler-Euler methods since they require tracking a large population of individual cells

exposed to different environmental conditions.

Several CFD studies of bioreactors have shown that gradients exist, however, they

have not shown gradients in pH and DO [80, 108, 109, 110]. Those that have reported

gradients showed that biomass yield decreased, transcription changed, and the loss in

yield was a function of the feeding port location [79, 107, 125, 126]. CFD models,

however, are not a very favorable method of modeling hydrodynamics as they are very

computationally intensive by themselves and have long calculation times due to high

mesh densities [80].

To reduce computational demand and calculation times, compartmental models

(CMs) have been developed. CMs involve a network of homogeneous zones that exchange

flows to represent the overall hydrodynamics of the reactor [127]. CMs do not have to

simulate complex fluid phenomena since the zones are all homogeneous, so they only need

to solve mass balances of the fluid flows between compartments in the network. This

allows for computation times in the scale of a few seconds without needing sophisticated

computing hardware [108]. The challenge with CMs is identifying compartment volumes
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and flow between the compartments as there is no standard approach due to the variety

of applications and the need for accuracy [128]. CMs were originally built empirically

using knowledge of global flow patterns in a reactor [129]. These global flow patterns

include circulation flow, exchange flow, and induced flow. Circulation flow is caused by

the impeller, creating a loop above and below the impeller planes. Exchange flow is

caused by the intensity of the liquid flow between neighbouring compartments axially.

Induced flow is a result of density differences during aeration [129]. More recently, CFD

simulations have enabled the automation of developing compartments based on

homogeneity tolerance levels [80]. A CM is now initiated by selecting a group of target

variables, and then CFD zones are created and compartmentalized. These zones are then

connected to exchange flows if they share an interface [80]. Compartmentalization was

found to be 4500 times faster than regular CFD simulations while still showing high

levels of accuracy [80]. CMs can also be combined with population balance models, where

cells are differentially treated based on their growth rate. A time delay is introduced to

the response of the cells to a fluctuating environment, which decouples the actual growth

rate from location concentrations. This improved the accuracy of modeling acetate

production and biological behavior, but fitting to the data was not very accurate [4]. It

was shown in the same study that the growth rate distribution widened when cells were

constantly exposed to changing substrate concentrations, which meant that fluctuations

caused heterogeneous cell populations in terms of growth rate [4]. Flux balance analysis

metabolic models were also used to further increase the accuracy of biological kinetics,

where a metabolic flux is balanced around each metabolite in a network of enzyme

catalyzed reactions and transport processes. However, it does not account for reaction
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kinetics and regulation, which limits insight into dynamic responses [130, 131]. When

these metabolic flux models were coupled with a compartmental hydrodynamic model,

good fitting to experimental data from a 30 m3 bioreactor culture of E. coli was

obtained. This fitting was realized for 40 hours of simulated operation, and it was

evaluated in a few minutes using a binary search tree method by Promma et al. (2024)

[132]. This model was able to correctly predict glucose gradients, acetate peaks in oxygen

deficient zones, and biomass concentrations observed in experiments [132].
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Chapter 3

Flask and Bioreactor Experiments

3.1 Overview

The goal of this work is to run a bioreactor culture in a 19.5 L vessel (New Brunswick

Scientific 19.5 L BioFlo 415 SIP Fermentation System) and determine whether

heterogeneities will form, and if they do, to measure them. To begin, a characterization

of the E. coli strain through 50 mL flask cultures was performed. The growth rate was

measured, and this was also treated as initial practice to learning how to grow and

sample small scale cultures. As a next step, the bioreactor was run in a 7.5 L batch

operation to further characterize the culture growth rate and substrate consumption rate

in a larger scale. This allows for a good approximation of the feeding rate required in

fed-batch operation. The goal of operating in fed-batch mode is to grow the culture to a

sufficiently high density to potentially create gradients along the height of the bioreactor.
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The gradients of interest are the pH, DO, cell density, glucose and acetate concentrations,

and differences in kLa at three different heights (top, middle, and bottom). The sensor

and sampling ports were modified to allow for measurement at these three heights. Using

the information from the batch operation, an appropriate feeding rate was estimated and

used in a 13.5 L fed-batch operated bioreactor. pH, DO, and kLa gradients were

confirmed and measured. This was performed once more in a 14 L fed-batch operated

bioreactor, where the cell density, glucose, and acetate concentrations at the top and

bottom of the reactor were measured as well. To summarize, the objectives that will be

achieved in this chapter are the first five objectives that were mentioned in Chapter 1.

3.2 Methodology

3.2.1 Media Preparation for Flask Cultures

M9 media was prepared in a 400 mL batch using deionized water, 4.512 g of 5X M9

powder (Sigma-Aldrich), 1.6 g of glucose (Sigma-Aldrich), 0.4 mL of stock solution A

(SSA), and 0.8 mL of stock solution B (SSB). This was then sterile filtered using a

vacuum filter unit (Thermo Fisher) and stored in an autoclaved 500 mL media bottle. 50

mL of SSA was prepared by dissolving 0.15 g calcium chloride (Sigma-Aldrich), 0.025 g

iron (II) sulfate heptahydrate (Sigma-Aldrich), and 0.025 g thiamine (Sigma-Aldrich) in

deionized water. 100 mL of SSB was prepared by dissolving 24.65 g magnesium sulfate

heptahydrate (Sigma-Aldrich) in deionized water. Both SSA and SSB were sterile filtered

(Fisher Scientific) by syringe. 1 mL vials of kanamycin monosulfate (Wisent Bioproducts)
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were prepared by dissolving 0.5 g into 10 mL of deionized water (50 mg/mL kanamycin

monosulfate (KM50)). This was sterile filtered (Fisher Scientific) by syringe and pipetted

into 1.5 mL storage vials. The final concentrations of each ingredient in the media are as

follows:

• 6.78 g/L Na2HPO4

• 3 g/L KH2PO4

• 1 g/L NH4Cl

• 0.5 g/L NaCl

• 4 g/L glucose

• 0.493 g/L (2 M) MgSO4 · 7H2O

• 3 mg/L CaCl2

• 0.5 mg/L FeSO4 · 7H2O

• 0.5 mg/L thiamine-HCl

• 50 µg/mL kanamycin monosulfate

3.2.2 Flask Cultures

50 mL flask cultures were prepared in 250 mL Erlenmeyer flasks. 50 mL of the media

prepared for flask cultures was put in the flask under aseptic conditions. 50 µL of KM50
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was mixed into the media, and it was inoculated with 1 mL of frozen E. coli BL21 (DE3)

PET-VP1 stock. An initial 1 mL sample of inoculated media and 1 mL of the regular

media (as a control) were put in cuvettes to measure the initial optical density at 600

nanometres (OD600) with a spectrophotometer (Beckman Coulter DU530 Life Science

UV/Vis Spectrophotometer). The flask was placed in a shaker incubator at 250

revolutions per minute (rpm) and 37°C. 1 mL samples were taken approximately once

every hour until stationary phase. Samples were diluted by 10x once the OD600 was

expected to be greater than 0.6 as the accuracy beyond this point fails to capture the

true cell density of the culture. A growth curve was established to obtain the growth rate

of the bacterial strain in the small scale. This was done for two flask cultures.

3.2.3 Media Preparation for Bioreactor Batch Culture

8 L of M9 media were prepared for batch operation. A 20 L carboy was filled in 1 L

increments to prepare the media. To account for water loss in sterilization in the

bioreactor, the media was diluted based on the recommendation by the manufacturer

(Eppendorf). 11.28 g of 5X M9 powder (Sigma-Aldrich) and 4 g of glucose

(Sigma-Aldrich) was used per each 1 L increment up to 7 L, then diluted by 1 L of

deionized water (as the manual indicated to expect up to 1 L of media loss during

sterilization). The 8 L was pumped into the bioreactor with a peristaltic pump, and then

the sterilization in place (SIP) procedure was begun on the bioreactor. This consisted of

a cooling jacket draining phase for 2 minutes, then two heating phases which bring the

temperature up to 121.5°C (sterilization temperature), and finally a sterilization phase
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for 45 minutes. Once this is complete, two cooling phases bring the temperature down to

37°C (growth temperature) using cooling water. 7.5 mL and 15 mL of sterile filtered SSA

and SSB, respectively, were added aseptically after the SIP procedure, using a propane

torch to keep the environment sterile. 7.5 mL of a prepared KM50 solution was added

aseptically as well. The bioreactor had a final volume of approximately 7.5 L as only 500

mL of fluid was lost during sterilization.

3.2.4 Bioreactor Batch Operation

To prepare inoculum for the batch operation, three 50 mL flask cultures were grown

overnight and concentrated into one 50 mL falcon tube to obtain a density that would be

suitable for inoculating into 7.5 L of media. This was done by centrifuging the three flask

cultures in three 50 mL falcon tubes, then decanting the supernatant, and finally,

resuspending the cell pellets in 50 mL of fresh media. Once one cell pellet was

resuspended using a vortexer, the culture was transferred to the next falcon tube to

resuspend the second cell pellet. The same was done for the third cell pellet. This

resulted in a cell density of approximately OD600 = 7. Sterile antifoam 204

(Sigma-Aldrich) and 29% w/w ammonium hydroxide (Sigma-Aldrich) was connected to

the peristaltic pumps and feeding port of the bioreactor with sterile tubing and addition

bottles. Approximately 0.075 mL of the antifoam was pumped into the bioreactor. The

initial setpoints of the bioreactor were set to 37°C, 250 rpm, pH of 7.0, DO of 30%, and

an air flow rate of 0 standard litres per minute (SLPM). The DO was controlled by a

cascaded control system which changes the agitation and air flow rate between 250-350
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rpm and 0-15 SLPM respectively based on the output of the controller. The bioreactor

was then inoculated using a sterile syringe. An initial sample was taken and measured

against a control to obtain the starting OD600 of the culture. The first sample was taken

after 2.3 hours, and the following samples were taken in approximately 1-hour

increments. Samples were diluted by 10x once the OD600 was about to surpass 0.6. The

samples were collected in 50 mL falcon tubes and put in an ice box to stop any further

growth. Approximately 40 mL of sample was taken each sampling period, with 5 mL

being drained initially to replace the fluid that was stagnant inside the sampling tube.

The OD600 was measured after each sample was collected using a spectrophotometer

(Beckman Coulter DU530 Life Science UV/Vis Spectrophotometer). The bioreactor was

terminated and cleaned after the culture reached stationary phase. The agitation,

temperature, air flow, DO, pH, and base pump profiles were extracted from the

bioreactor as well. The samples were centrifuged for 30 minutes at 3500 rpm and sterile

filtered to obtain the supernatant. These samples were then analyzed with an high

performance liquid chromatography (HPLC) (HPLC (Agilent 1260 Infinity II with

Aminex HPX-87H Column, 300 x 7.8 mm) to obtain the glucose and acetate

concentration profile during the run.

3.2.5 Media Preparation for Bioreactor Fed-Batch Culture 1

14.5 L of M9 media were prepared for fed-batch operation. A 20 L carboy was filled in 1

L increments to prepare the media. To account for water loss in sterilization in the

bioreactor, the media was diluted based on the recommendation by the manufacturer
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(Eppendorf). 11.28 g of 5X M9 powder (Sigma-Aldrich) was used per each 1 L increment

up to 13.9 L (last volume was 900 mL but still using the same amount of M9 powder),

then diluted by 500 mL of deionized water as the previous sterilization showed a 500 mL

loss of media. The 14.4 L was pumped into the bioreactor with a peristaltic pump, and

then the SIP procedure was begun. A separate 100 mL containing 14 mL SSA, 28 mL

SSB, and 56 g of glucose (Sigma-Aldrich) was prepared and sterile filtered using vacuum

filter units (Fisher Scientific). This was then similarly added as before aseptically to the

bioreactor post-sterilization. The final volume was 13.5 L as 1 L of media was lost due to

sterilization as it had to be run twice (first sterilization failed to reach 121.5°C). 13.5 mL

of a prepared KM50 solution was added aseptically as well. 500 mL of feed solution was

prepared; the feed solution includes deionized water, 250 g of glucose (Sigma-Aldrich),

4.512 g 5X M9 powder (Sigma-Aldrich), 0.2465 g magnesium sulfate heptahydrate

(Sigma-Aldrich), and 0.5 mL of KM50. The concentrations of the feeding solution

components were as follows:

• 500 g/L glucose

• Regular M9 media component concentrations (first four bullet point listed

ingredients in 3.2.1)

• 0.493 g/L (2 M) MgSO4 · 7H2O

• 50 µg/mL kanamycin monosulfate
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3.2.6 Bioreactor Fed-Batch Operation 1

To prepare inoculum for the batch operation, six 50 mL flask cultures were grown

overnight and concentrated into one 50 mL falcon tube to obtain a density that would be

suitable for inoculating into 13.5 L of media. Sterile antifoam 204 (Sigma-Aldrich), 29%

ammonium hydroxide (Sigma-Aldrich), and the 500 mL of feed was connected to the

peristaltic pumps and feeding ports of the bioreactor with sterile tubing and addition

bottles. Approximately 0.135 mL of the antifoam was pumped into the bioreactor. The

initial setpoints of the bioreactor were set to 37°C, 200 rpm, pH of 7.0, DO of 30%, and

an air flow rate of 5 SLPM. The DO was controlled by a cascaded control system with an

agitation range of 200-500 rpm, and an air flow rate range of 5-20 SLPM. The bioreactor

was then inoculated using a sterile syringe. An initial sample was taken and measured

against a control to obtain the starting OD600 of the culture. The first sample was taken

after 1.35 hours, and the following samples were taken in approximately 1-hour

increments. Samples were diluted by 10x or 20x as needed by the criteria given in

Section 3.2.2. The sampling was performed in the same way as in the batch operation.

The feed rate was established based on the consumption of glucose in the batch

operation, where feeding starts at a cell density between 0.15 – 0.25 g/L. The feed rate

was a stepwise function, where the rate was set to:

• 0.036 L/h between 4.72 h – 7.68 h

• 0.072 L/h until 8.72 h

• 0.108 L/h until 9.63 h
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• 0.144 L/h until approximately 11.2 h (where the feed was exhausted)

This feeding profile was estimated to attempt maintaining a glucose profile that would

be approximately constant. Approximately 9 hours into the fermentation, it was assumed

that the cell density may be sufficiently high to produce gradients along the height of the

reactor, so modifications were made to the heights of the DO and pH sensors. The DO%

and pH measurements were noted at heights of 0.14 m, 0.305 m, and 0.47 m (heights of

the bottom, middle, and top of the reactor). The kLa was also measured at these heights

by shutting off the air supply, then resupplying it again once the DO% was sufficiently

low (<10%). This was measured by calculating the uptake rate when the air was shut off,

then finding the kLa by having the change in oxygen over time equal to 0 when the

reading settles back to 30%. These were also done at approximately 11 hours into the

fermentation as well. The bioreactor run was terminated and cleaned once the culture

reached stationary phase, and the samples were processed and analyzed as before in the

batch operation. The samples from this were also used to create a calibration curve

between the OD600 and the cell concentration in g/L. This was done by noting the total

sample volume, then freeze drying the cell pellet to obtain the dry cell weight.

3.2.7 Media Preparation for Bioreactor Fed-Batch Culture 2

The methodology was the same as in the first fed-batch culture, however, the intended

volume of 14 L was achieved as sterilization was successful in one attempt. 14 mL of a

prepared KM50 solution was added aseptically. The feeding solution was also kept the

same.

42



3.2.8 Bioreactor Fed-Batch Operation 2

The culture was initialized in the same manner as the first fed-batch experiment. After

the first samples were taken post-inoculation, the next sample was taken after 2 hours of

growth. Subsequent samples were taken in 1-hour increments and diluted as necessary.

The feed rate was established based on the modeling of consumption of glucose in the

first fed-batch operation, where feeding started at a cell density between 0.35-0.55 g/L.

The feed rate was a stepwise function, where the rate was to be set to 0.0216 L/h

between 5.7 h – 9 h, 0.036 L/h until 14.5 h, then 0.0504 L/h until 19 h. This feeding

schedule attempts to maintain the glucose profile to be constant. However, due to some

issues with the feeding tube being occluded, the feeding was not performed on time.

Thus, the rates were increased sooner than intended. Glucose test strips were also used

to monitor the concentration; however, they showed concentrations of 0, so the feeding

was further accelerated, and the feeding profile became as follows (where the first 5 flows

may not have been on for 100% of the time due to tube occlusion):

• 0.0216 L/h between 5.7 h – 8.5 h

• 0.036 L/h until 10.25 h

• 0.0504 L/h until 11.9 h

• 0.072 L/h until 12.27 h

• 0.108 L/h until 13.35 h

• 0.144 L/h until 16 h

43



At 16 h, the solution was exhausted. Approximately 12 hours into the fermentation, it

was assumed that the cell density may be sufficiently high to produce gradients along the

height of the reactor, so modifications were made to the heights of the DO and pH

sensors. In this experiment, sampling was done at the top and bottom of the reactor as

well, starting at this point in time. The DO% and pH measurements were noted at

heights of 0.14 m, 0.305 m, and 0.47 m (heights of the bottom, middle, and top of the

reactor), and the kLa was also measured as in the first experiment. These measurements

were conducted several times before the termination of the culture, until 19.3 h. The

bioreactor run was terminated and cleaned once the culture reached stationary phase,

and the samples were processed and analyzed as before.

3.3 Results and Discussion

3.3.1 Characterizing the E. coli Culture Through Flask

Culture and Bioreactor Batch Operation

Two 50 mL flask cultures were performed in 250 mL Erlenmeyer flasks at 250 rpm and

37°C in a shaker incubator for a basic initial study in the small scale and to practice

working with cell culture. A growth curve was constructed using the OD600 of the

samples taken from the flask cultures. The initial OD600 was 0.046 for both flasks, and

the final density was 2.17 and 2.09. Using the calibration curve shown in Figure 3.1

(where X is the dry weight cell density), the equivalent cell density was 0.023 g/L, 1.08

g/L, and 1.04 g/L, respectively.
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Figure 3.1: Calibration curve between optical cell density and dry cell weight density.
Freeze dried cell pellet samples from the first fed-batch experiment were used to construct
this plot.

The specific growth rate during exponential phase was 0.498 h−1 and 0.489 h−1. The

plots shown in Figure 3.2 and Figure 3.3 show the growth curve and fitting of the growth

rate during exponential phase of the first flask culture. The curves for the second flask

culture may be found in Appendix A.1. It is evident in these figures that exponential

phase started almost immediately after inoculation.

The apparent biomass yield on glucose was estimated to be 0.264 and 0.254 g cell/g

glucose based on a 4 g/L glucose concentration becoming depleted at the end, and the

peak cell densities. The yield is lower than what is reported for wild type strains that

report a yield of 0.5 g cell/g glucose, and the growth rate lies in a typical range for

various E. coli strains [37]. With this as a base for understanding the growth kinetics of

the culture, a batch operation of the culture was prepared.
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Figure 3.2: Growth curve of E. coli BL21 (DE3) PET-VP1 flask culture 1 at 250 rpm and
37°C.

Figure 3.3: Exponential phase of the growth curve to calculate the growth rate of the first
flask culture.

A 7 L batch operation was intended; however, the final volume was approximately 7.5

L as there was less water loss than expected during sterilization. Due to this reason, the

final concentration of glucose and other nutrients were about 7% less of what they
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normally should be. The glucose, in this case, was also heat-sterilized as it was assumed

to not affect the culture significantly. The inoculation and final cell densities were 0.022

g/L and 0.852 g/L, respectively. Figure 3.4 shows the plotted growth curve of the

bioreactor and the flask cultures, and it is seen that the initial growth rate at the first

two hours shows more lag compared to the growth in the flasks. It is also evident that

the flask cultures grew faster and to a higher cell density, however, this result may be

attributed to the lower nutrient concentration due to the excess water. The specific

growth rate was measured to be 0.3768 h−1 as shown in Figure 3.5. The apparent

biomass yield on glucose was estimated as 0.232 g cell/g glucose, which is slightly lower

than the yield coefficients from the flasks.

Figure 3.4: Growth curve comparison between flask culture 1 and the 7.5 L batch operation
at 37°C.

There is likely some error in this measurement as there were some issues with the

glucose measurement on the HPLC. The reported concentrations were much lower than
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Figure 3.5: Exponential phase of the growth curve to estimate the growth rate of the 7.5
L batch culture.

they were expected to be, so they were multiplied by a constant factor of 2.48 for the

entire profile, with the assumption that the initial glucose concentration was 3.7 g/L.

Figure 3.6 shows the biomass, glucose, and acetate concentration profiles throughout the

fermentation. As expected, acetate is produced as the glucose is consumed in the early to

late stages of the culture; however, once the glucose is nearly depleted, there is a

metabolic switch to the consumption of acetate at about 10.35 h. The acetate production

also shows that this growth rate is higher than the critical growth rate, where acetate

starts to be produced [37]. The glucose was also not fully consumed (as was assumed in

the flask culture) and was left at 0.138 g/L. The peak acetate concentration was 0.546

g/L before it was consumed until a final concentration of 0.272 g/L.

The glucose consumption rate was then calculated based on the change in glucose

concentration over time and the optical cell density (as the calibration between optical

48



Figure 3.6: Biomass and metabolite concentrations over time for the 7.5 L batch culture.
The glucose is labeled as corrected because the measurement from the HPLC needed a
correction factor of 2.48, and it was corrected based on an assumed initial glucose concen-
tration of 3.7 g/L.

density and dry cell weight density has not been made at this time yet). An appropriate

feeding rate was calculated for by using Equation 2.1, where the glucose feed

concentration was set to 500 g/L, the yield coefficient was assumed to be constant at

0.232 g cell/g glucose as calculated earlier, the cell maintenance coefficient was assumed

to be negligible, the initial cell density was set to the same density as in the batch culture

(0.022 g/L), the initial volume was set to 14 L, and the growth rate was chosen to be 0.4

h−1. This was chosen arbitrarily based on the growth rates calculated from the flask

cultures and the batch culture, where a growth rate closer to the batch culture was

chosen. This was because it was assumed that the growth rate would normally be higher
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if the batch culture had the correct initial glucose concentration of 4 g/L rather than 3.7

g/L. The feed flow rates that were calculated were then converted to pump flow setpoints

that would approximately match the necessary flow that was required to keep the glucose

concentration constant throughout the culture.

Plots of the agitation, temperature, air flow rate, dissolved oxygen, pH, and the base

addition pump were also extracted from the bioreactor, which can be found in

Appendix A.2. As this was the first attempt to operate the bioreactor, the agitation and

air flow rate had many fluctuations due to the cascaded control of the DO being managed

under very small controller output responses. This was an attempt to learn how to

control the cascaded control which changes the agitation rate and air flow rate to control

the DO to a specific setpoint of 30%. Another observation was that the agitation and air

flow rate decreased near the end of the culture, which signified a lesser demand for

oxygen, which was expected of a culture reaching stationary phase. The pH had a

downward trend during growth as the culture produced acetate over time; however, it

started to rise as the culture reached stationary phase, and ammonium is released from

the cells when carbon source is depleted [37]. The pH was also initially at a value of 8,

rather than 7, which would have been ideal. A combination of the suboptimal agitation,

air flow control, and a higher initial pH may have also caused a longer lag time in the

bioreactor in comparison to the flask culture growth. Another small issue that occurred

was that the base feed tubing was occluded for almost one hour, so the pH had dropped

to about 6.58 before base was added to bring it back to a pH of 7. This happened due to

the tubing being squeezed with no motion under the peristaltic pump on the bioreactor.

The control of temperature was nearly perfect, with a 0.1°C deviation from 37°C in either
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direction. Temperature control on the bioreactor is done automatically through a heater

and a cooling water jacket.

This successfully completed the objective of characterizing the E. coli strain growth

characteristics to perform a fed-batch culture. This experiment also served as a learning

experience for how to operate and control a bioreactor, especially one of a larger scale

compared to bench scale bioreactors typically found in labs.

3.3.2 Bioreactor Fed-batch Operation for Potential

Heterogeneity Measurement

With the feeding strategy from the batch experiment, a fed-batch experiment was

performed in attempt to obtain a culture of higher cell density to potentially measure

gradients along the height of the bioreactor. The initial cell density was approximately

0.037 g/L, and it had a maximum cell density of 3.80 g/L. As shown in Figure 3.7, the

culture lasted for 10 hours longer than the batch operation, and a diauxic growth is

observed. A slight increase in the growth rate is also observed in the first few hours, and

due to the diauxic growth, the growth rate was approximated in two separate intervals of

time as shown in Figure 3.8. The first average growth rate was 0.4464 h−1, and the second

average growth rate was 0.07 h−1, which is significantly lower than the first rate. The

initial growth rate is also higher than the rate from the batch operation as expected due

to having the appropriate initial nutrient concentrations similar to the flask experiments.

The apparent yield coefficient was approximated at 0.168 g cell/g glucose, which was

38% lower than the yield from the batch operation. The metabolite concentration profiles
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Figure 3.7: Growth curve comparison between the 7.5 L batch operation and the 13.5L
fed-batch operation at 37°C.

are shown in Figure 3.9, and it is clear that the feeding strategy developed was too high.

The peak glucose concentration was 15.07 g/L, which is much higher than the target of 4

g/L as originally intended. It was noticed afterwards that the feeding calculation was

approximately one hour ahead of schedule, which caused the large discrepancy over time.

This may also be an explanation as to why the growth rate was very low in the second

half of the culture as there is constant adaptation with the large changes in glucose levels

over time. The excess glucose causes overflow metabolism, producing acetate, which is

known to decrease the growth rate and cell yield [37, 91]. There is about 1.17 g/L of

acetate when the growth rate decreases at 11.65 h, and it peaks at 5.84 g/L at the end of

the culture, which is a significant amount of acetate accumulation compared to the batch

experiment. The acetate accumulation is also where a lot of carbon flux went to instead
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Figure 3.8: Approximate growth rates during each growth phase as observed in the diauxic
growth trend for the 13.5 L fed-batch culture.

of biomass, which reduced the overall yield as well. An ammonia assay was done as well

to be certain that there is no nitrogen limitation causing the decrease in growth. The

concentration profile showed no limitation as shown in Appendix B.1.

Plots of the agitation, temperature, air flow, DO%, pH, feed pump, and base pump

were extracted from the bioreactor and may be found in Appendix B.1. The agitation

and air flow trends are more of a gradual trend upwards in comparison to the fluctuations

in the batch culture as control of the DO% has been more refined. Similar to the batch

culture, the agitation and air flow requirement drops significantly at the end of the culture
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Figure 3.9: Biomass and metabolite concentrations over time for the 13.5 L fed-batch
culture.

as oxygen demand is reduced considerably at stationary phase. The two drops and peaks

in the air flow and DO% graphs are when the kLa was attempted to be measured; this

will be explained further later. The temperature control was nearly perfect as it was in

the batch culture. The pH showed a large increase at the start of the culture, which was

due to addition of ammonium hydroxide. This was an error caused while priming the

base addition tubing, which can be seen in the base pump trend. The tubing was

occluded at approximately 8.1 h when the pH started to dip below 7, so it had dropped

to 6.71 before this issue was resolved. The fluctuations between 9 h and 12 h were from
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sensor movement experiments which will be explained later. The cause for the increase in

pH starting from 14.4 h is not clear, however, known reasons for this could include

metabolism of nitrogenous compounds such as ammonium, which releases ammonia, or a

sudden increase in acetate metabolism, which would both increase the pH of the culture

medium. However, the acetate trend and the ammonia trend do not provide any

significant evidence for this sudden pH increase. Finally, the decrease in pH at 19.1 h was

caused by the need to replenish the addition bottle with ammonium hydroxide solution.

The supplement feed pump profile shows the feeding schedule, and the increase in glucose

concentration during the addition times, which occurred as the culture grew denser.

Sensor height changes were performed on the DO and pH sensor to measure gradients

in the DO, pH, and the kLa. The sensor heights are categorized as bottom, middle, and

top, at heights of 0.14 m, 0.305 m, and 0.47 m. The impeller heights of the reactor are at

0.09 m, 0.29 m, and 0.51 m. A rough schematic of the reactor is shown in Figure 3.10.

The first changes made for the DO sensor height were bottom, middle, top, middle, and

back to the bottom between 8.98 h and 9.05 h. The DO% differences were quite

noticeable, where the general trend was that the bottom had the lowest DO%, and the

top had the highest DO%. The average difference between the bottom and middle was

about 16%, and it was about 14% between the middle and the top. The second change

that was made was from middle, top, then bottom between 11.07 h and 11.12 h. The

same trend was observed, but with greater differences. The difference between the bottom

and the middle was about 17%, and it was about 21% between the middle and the top.

The conditions of the agitation, cell density, pH, and air flow rate were approximately

equal for each DO sensor height change. The conditions in which the sensor change
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Figure 3.10: Approximate schematic of the bioreactor including the impellers, sensor and
sampling locations, reactor diameter, and approximate liquid height for the fed-batch cul-
ture.
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readings were performed can be found in Table B.1 in Appendix B.1. Figure 3.11 shows

the DO% readings at each height and sensor change. As the cell density conditions were

not known for these specific times, a rough curve fit was performed to estimate the cell

density at the exact time points. The DO% may be higher at the top of the reactor as the

air bubbles go through two impellers, reducing the bubble size, and the third impeller is

just above the sensor location. There is also headspace pressure for more oxygen transfer

from the top. At the bottom of the reactor, the air bubbles may be larger as they only

pass through one impeller. The extra pressure from the medium is likely negligible to

affect the solubility of oxygen compared to the other heights. In the middle section, the

bubbles pass through two impellers, which is likely the reason for the higher DO%

compared to the bottom, but less than the top as it is not exposed to the headspace.

Figure 3.11: DO% sensor height changes for the 13.5 L fed-batch culture at 8.98 h – 9.05
h (change 1), and 11.07 h - 11.12 h (change 2).

The pH changes along the height were less prominent than the DO%, however they
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were still noticeable with consistent trends. The height changes were performed four

times at the time intervals of:

• 9.37 h – 9.46 h (bottom, middle, top, middle)

• 11.12 h – 11.16 h (bottom, middle, top)

• 11.26 h – 11.31 h (top, middle, bottom, middle)

• 11.53 h – 11.58 h (bottom, middle, top, middle, bottom)

The changes are shown in Figure 3.12 below. Each change displays an increase in pH

as the sensor is moved up higher, which can be explained by the base feeding being done

at the top. The base is gradually mixed from the top to the bottom to increase the pH at

the bottom as it is evident that the mixing time was significant enough to see the pH

differences. A table of the conditions is shown in Table B.2 in Appendix B.1, similar to

the conditions for the DO sensor changes earlier. On average, the pH difference between

the bottom and middle and the middle and top were 0.34% and 0.43%, respectively.

These changing conditions along the height of the bioreactor are very promising results as

many CFD models have not shown gradients in DO or pH during fermentation

simulations [80, 108, 109, 110].

The kLa was estimated with the limitation that the bioreactor records data every 15

seconds at each height as well, since there should be a difference as there was a difference

in the DO% reading. The measured kLa values did not show a consistent trend to make

concrete conclusions; however, the two changes did seem to reveal that the kLa was lower

58



Figure 3.12: pH sensor height changes for the 13.5 L fed-batch culture at 9.37 h – 9.46 h
(change 1), 11.12 h – 11.16 h (change 2), 11.26 h – 11.31 h (change 3), and 11.53 h – 11.58
h (change 4).

in general at the bottom of the bioreactor, which is consistent with the lower DO% at the

bottom compared to the top of the bioreactor. Figure 3.13 below shows the measured

kLa values at each height. A sample of the air flow rate and DO% profile is shown in

Figure B.9 in Appendix B.1, where the air shut off and on is displayed to obtain the

oxygen uptake rate and transfer rate as DO% reaches steady state afterwards. The

conditions in which these measurements were taken are also shown in Table B.3 in

Appendix B.1. Additional sensor changes and kLa measurements could have been

performed to obtain more data, however, slow down in growth, the sudden increase in pH
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(at 15 h), and pause in agitation and air flow increases (at 15 h) led to the belief that the

culture was nearing stationary phase, so further measurements were not taken in case

that the culture no longer shows any growth while the measurements were being taken.

With the knowledge that the culture will likely last over 20 hours, additional

measurements were planned in the next fed-batch experiment to obtain concrete data.

Figure 3.13: kLa measurements at different DO% sensor heights for the 13.5 L fed-batch
culture at 9.09 h – 9.32 h (change 1), and 10.81 h – 11.03 h (change 2).
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3.3.3 Bioreactor Fed-batch Operation to Verify Heterogeneities

To verify the findings in the first fed-batch experiment, a second fed-batch experiment

was performed with more sensor changes, sampling at different heights, and a better

feeding control was attempted. Sampling was done at the top starting at 12 h into the

culture. The initial cell density was about 0.061 g/L, and it had a maximum cell density

of 6.759 g/L at the bottom and 6.931 g/L at the top of the bioreactor. Figure 3.14 shows

that the culture was 1.7 h shorter than the first fed-batch culture, however, there was a

78% increase in cell density.

Figure 3.14: Growth curve comparison between the two fed-batch operations at 37°C.

There were three different average growth rates observed in Figure 3.15: 0.3569 h−1,

0.2228 h−1, and 0.0521 h−1. This culture had an initial cell density that was 65% higher

and a larger growth rate on average for a long period of time, so there was a larger

increase in cell density over time. However, the third growth rate showed a similar slow
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Figure 3.15: Approximate growth rates during each growth phase as observed in the 14 L
fed-batch culture.

down as the first fed-batch culture. The initial growth rate was about 25% lower than the

initial growth rate in the first fed-batch culture. The main differences in the initial

conditions were a higher cell density, higher pH, higher DO%, and higher glucose

concentration. The higher pH and DO% (as shown in Appendix B.1) potentially could

have caused a lower growth rate as the starting pH of 7 is ideal, and a 90% starting DO%

may be too high causing stress to the cells, however, there is little evidence to make these

conclusions. The apparent yield coefficient was approximated at 0.273 g cell/g glucose,

which is the highest yield out of all the experiments. This shows that a better control of

glucose feeding leads to a higher yield, as opposed to overfeeding, which would cause

overflow metabolism, thus reducing the yield [37, 91]. Figure 3.16 shows the metabolite

concentration profiles and the feeding profile. While they were not ideal due to the

mishap, there was improvement in terms of less overfeeding overall. There is a region of
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glucose depletion from 9 h – 13 h, which may have caused the second, slightly lower

growth rate, as acetate was also being consumed as a secondary carbon source at this

time. Once the glucose concentration significantly increased due to overfeeding, acetate

accumulation started to occur once again, and the growth rate started to decrease at 13

h. The peak glucose concentration was 6.96 g/L, and the peak acetate accumulation was

1.33 g/L, which were much lower than the 15.07 g/L overfeeding and 5.84 g/L from the

first fed-batch experiment, respectively. Minimizing the glucose overflow and the acetate

accumulation showed clearly that carbon flux is directed to biomass more favourably.

Figure 3.16: Biomass and metabolite concentrations over time for the 14 L fed-batch
culture.

Plots of the agitation, temperature, air flow, DO%, pH, feed pump, and base pump
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were extracted from the bioreactor and may be found in Appendix B.1. As previously,

the agitation and air flow rate demands increased as the culture grew denser and

decreased sharply once the culture reached stationary phase where oxygen demand is

decreased. Several fluctuations occurred in the DO% compared to the previous fed-batch

experiment prior to 12 h, so the P value of the DO% controller was increased for a more

aggressive response from the agitation and air flow rate, which decreased the fluctuations

slightly. The several low points are from the kLa measurements. The pH was very steady

for the entire culture and rose at stationary phase as primary carbon source is depleted.

The feeding pump profile shows a steady increase in feeding, however, as mentioned

previously in the methodology, there was a mishap with the tubing becoming occluded.

As a result, the feeding was not performed continuously throughout the feeding period as

shown in the plot, except for 13.35 h and onwards. This was also the cause of glucose

depletion between 9 h – 13 h. The deviation from the original feeding schedule resulted in

overfeeding as well.

Samples were taken from the top of the bioreactor from 12 h until the end of the

culture. This allowed for the measurement of cell density, glucose, and acetate

concentrations at the top to investigate potential formation of gradients in biomass and

metabolites. A limitation of this was that sampling could not be done instantaneously,

and there were gaps of approximately 3 minutes between the bottom and top sampling as

only one sampling needle was available at a time. Given this limitation, these

measurements may not truly show the presence or absence of gradients. The bottom and

top measurements for cell density are shown in Figure 3.17, and it is consistently higher

at the top compared to the bottom. This may potentially be due to higher levels of
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oxygen and glucose at the top compared to the bottom. It was shown that DO% is

higher at the top in prior DO% sensor changes, and since the glucose is fed from the top,

the top of the bioreactor will be met with glucose first, which may cause the cells to

migrate there. It is also possible that the mixing in the bioreactor counters cell settling to

the extent that cells are more suspended near the top. Another potential reason is that

the cells may have been physically different, which could contribute to differences in the

optical density measurement.

Figure 3.17: Bottom and top measurements of cell density to investigate gradient forma-
tion.

Figure 3.18 shows the bottom and top measurements of the glucose and acetate

concentrations. They do not show any consistent pattern, and it is likely that mixing

between the sampling times may have caused the fluctuating responses or there are no
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gradients to be seen, and the differences are a result of sample variance.

Figure 3.18: Bottom and top measurements of metabolite concentrations to investigate
gradient formation.

Sensor height changes were performed similarly to the first fed-batch experiment.

There were 11 height changes on the DO sensor at intervals between 11.517 h – 19.45 h.

Details on the conditions at which they were measured are listed in Table B.4 in

Appendix B.1. The average difference from all 11 changes between the bottom and

middle was about 12%, and it was about 15% between the middle and the top. While the

average differences were slightly different compared to the first fed-batch culture, the

trend is the same, where the DO% at the top is the highest, and it is lowest at the

bottom. Figure 3.19 shows the DO% readings for each height change with a mean trend

and a 95% confidence interval. This confirms that gradients in DO% do occur in
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pilot-scale bioreactors for E. coli , where DO increases along the height of the reactor.

Figure 3.19: DO% sensor height changes for the 14 L fed-batch culture at various times
between 11.5 h – 19.5 h. A mean trend and 95% confidence interval are shown.

The pH differences once again were not very prominent compared to the DO%;

however, they maintained the same trend shown previously in the first fed-batch

experiment. The height changes were performed eight times between 11.33 h – 19.52 h.

The changes are shown in Figure 3.20 below. On average, between the 8 changes, the

difference between the bottom and middle was 0.47%, and it was 0.35% between the

middle and top. This shows that there are small pH gradients that form due to the

location of the feeding port of the base (or acid depending on culture medium). However,

this may also strongly depend on the concentration of the acid or base being added, as
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higher concentrations will likely induce larger gradients as the pH fluctuation would be

greater with each addition. The conditions in which these measurements are taken can be

found in Table B.5 in Appendix B.2. These results confirm that pH gradients can be

measured along the height of pilot-scale bioreactors for E. coli , where pH increases along

the height of the reactor.

Figure 3.20: pH sensor height changes for the 14 L fed-batch culture between 11.33 h –
19.52 h. A mean trend and 95% confidence interval are shown.

The kLa measurements were attempted once more with 5 different height changes.

This time, there was a clear trend, with the exception of an outlier where the middle kLa

was much larger than every other measured kLa. The kLa showed increases as the height

increased, which is once again consistent with the increasing DO% as the height
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increases. Figure 3.21 below shows the measured kLa values at each height with a mean

trend and 95% confidence intervals. The conditions in which these measurements are

taken can be found in Table B.6 in Appendix B.2.

Figure 3.21: kLa measurements at different DO% sensor heights for the 14 L fed-batch
culture between 11.62 h – 19.36 h. A mean trend and 95% confidence interval are shown.

Overall, the results from each experiment showed the dynamic responses that can

occur depending on the control of the concentration of the carbon source, and that

gradients are measurable in a 20 L pilot-scale bioreactor. Overflow metabolism

significantly reduces the biomass yield through acetate accumulation, and good substrate

control prevents acetate from accumulating too much. Gradients in DO, pH, and kLa are

very clear in the measurements; however, it is recommended that a second sampling

needle be used along with a second hand to assist in order to sample two heights
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simultaneously to investigate the presence of cell density and metabolite concentration

gradients. It would also be recommended to measure a more realistic kLa by obtaining

smaller time steps for the DO readings given by the bioreactor for oxygen uptake rate

measurements as this was limited to 15-second intervals.
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Chapter 4

Modeling of the Fed-Batch

Experiments

4.1 Overview

A model of the two fed-batch bioreactor cultures was developed for the following goals: i-

to quantify the variability among experiments, ii- to identify the relative contributions of

glucose and acetate to growth including the occurrence of diauxic switch, and iii- to

elucidate the implications of a lumped model assumption vis-à-vis the observed

experimental gradients. As it was shown that gradients can form in smaller scale

bioreactor cultures of E. coli , it would be beneficial to model key parameters to be able

to understand the limitations of a model that ignores these gradients. Initially, the time

evolutions of biomass, glucose, and acetate were modeled based on simple Monod kinetic
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rates with mass balances on the fed-batch bioreactor. A simple oxygen balance was then

performed to model the oxygen and kLa. As there were clear limitations with the simple

model, modifications were made to the metabolic model, specifically, self-growth

inhibition, metabolic switching for diauxic growth, and a lag function based on the cell

density for growth and metabolism of acetate. This chapter will discuss the results

related to the final objective stated in Chapter 1.

4.2 Model Development for Fed-Batch Cultures

Initially, a simple system of ordinary differential equations (ODEs) was coded in Python

including mass balances for biomass, glucose, and acetate for a fed-batch operated

bioreactor using Monod kinetics. The cell growth is represented by the following:

dX

dt
= µX − X

V
· dV
dt

(4.1)

µ = µglucose + µacetate (4.2)

µglucose =
µmglucose

S

KS + S
· Ka

Ka + A
(4.3)

µacetate =
µmacetateA

Ka2 + A
· Kg

Kg + S
(4.4)
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Where X is the cell density, S is the extracellular glucose concentration and A is the

acetate concentration. µ is the overall growth rate, whereas the subscript m denotes the

maximum growth rate for µm,glucose and µm,acetate. The various K constants (Ka, Ka2, KG,

KS) are affinity or inhibition coefficients defined in the Monod model, where the growth

rate for glucose is assumed to be inhibited by acetate and the growth rate for acetate is

assumed to be inhibited by glucose [4]. The changing volume in the culture was defined

as:

dV

dt
= F1 + F2 − F3 (4.5)

Where F1 is the feeding schedule, F2 is the base addition, and F3 is the volume taken

out from sampling. The glucose and acetate balance were given by the following:

dS

dt
= −µglucoseX

YX/S

−mXX +
F1

V
S0 −

S

V
· dV
dt

(4.6)

dA

dt
= qAµglucoseX − A

V
· dV
dt

(4.7)

Where YX/S is the yield coefficient on glucose, mX is the cell maintenance coefficient,

S0 is the glucose concentration in the feed, and qA is the growth-associated acetate yield.

This system was solved using the built-in initial value problem solver in Python

(ivpsolve). However, this simple model clearly lacked the ability to match the

experimental data, so modifications were required to the equations above.

The first set of modifications was made to Equations 4.3 and 4.7, where a substrate
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inhibition constant (KI) was added to the growth on glucose, and the growth rate and

biomass yield on acetate was added to the acetate mass balance as follows:

µglucose =
µmS

KS + S + S2

KI

· Ka

Ka + A
(4.8)

dA

dt
= qAµglucoseX − µacetateX

YX/A

− A

V
· dV
dt

(4.9)

These modifications showed significant improvements in the fitting of the model, but

it was still not sufficient to obtain a good fit. To further improve the fit, Equation 4.8

was reverted back to Equation 4.3, and instead Equation 4.4 was modified to include the

inhibition term as follows:

µacetate =
µmacetateA

Ka2 + A+ A2

KI

· Kg

Kg + S
(4.10)

This latter change was based on the hypothesis that higher acetate concentrations

would have a larger inhibitory effect on the growth rate compared to higher glucose

levels. To better fit the time changes in volume observed in the experiments, an

approximate curve was fit in Excel by a function of V with respect to time, and then the

derivative of this function was calculated to obtain the dV
dt

term. This resulted in a close

fit for the glucose concentration and biomass over time, but the time profiles for the

biomass and acetate could still not fit the experiments well. The model fitting procedure

was also attempted in the Excel environment using the built-in solver as it allowed faster

and easier experimentation with the parameters. This showed more favorable results on
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the biomass, but the acetate profile did not fit the data. The model parameters obtained

from the Excel solver were then used in the Python solver, and the oxygen balance and

kLa were added to the model. These were represented by the following equations:

dCO2

dt
= kLa(C

sat
O2

− CO2)− qO2X − CO2

V
· dV
dt

(4.11)

dkLa

dt
=

qO2X +
CO2

V
· dV

dt

Csat
O2

− CO2

(4.12)

Where C is the concentration, O2 and sat denote oxygen and saturation respectively,

kLa is the liquid mass transfer coefficient, and qO2 is the specfic oxygen uptake rate.

Since the DO set-point was set to 30%, the model was set so that dkLa is 0 and kLa is

equal to a set initial value while the oxygen is consumed until 30%, and then once it

reaches 30%, dCO2 is set to 0, while Equation 4.12 gets activated. This models a constant

kLa until the controller increases the agitation and air flow rate to keep the DO constant

at 30% thus increasing kLa.

The model was then further developed with the modifications mentioned in the

Overview, and the parameters were further optimized using a genetic algorithm in

Python. Since the fitting of dissolved oxygen to the data was not good, the oxygen

balance and kLa equations were also changed to depend on the modeled growth rate

rather than a separate oxygen uptake coefficient to link the growth to the oxygen

balance. This oxygen balance has the assumption that oxygen consumption is purely

growth-related for simplification, and this is not necessarily true, as oxygen consumption
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could also be related to cell maintenance. Equations 4.11 and 4.12 were modified as

follows:

dCO2

dt
= kLa(C

sat
O2

− CO2)− YO2/XµX − CO2

V
· dV
dt

(4.13)

dkLa

dt
=

YO2/XµX +
CO2

V
· dV

dt

Csat
O2

− CO2

(4.14)

The first modification made to the Monod kinetics is the addition of a growth

inhibition term, where slower growth is observed at higher cell densities. The latter may

be caused by a variety of reasons, which may include competition for limited nutrients

and oxygen, the accumulation of toxic by-products, reduced mixing, or specific internal

systems that suppress growth [119]. This decrease in growth was represented by a

Hill-type self-growth inhibition term, as shown below:

Self Growth Inhibition =
1

1 +
(

X
KX

)nX
(4.15)

Where KX is the cell density at which inhibition becomes significant, and nX controls

the strength of the inhibition.

The next modification that was considered was a metabolic switch function, where a

Hill-type repression function is used to control the growth rate on acetate based on the

glucose concentration. This expression provides a sharper inhibition than the original

more gradual substrate inhibition term in Equation 4.10. The term is similar to the one
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given by Equation 4.15, as shown below:

Acetate Switch =
1

1 +
(

S
KG

)nG
(4.16)

Where KG is the substrate concentration at which growth on acetate is inhibited. In

contrast, when substrate concentrations are below KG, the growth on acetate becomes

activated. The nG term controls the strength of the switch. This switch is commonly

considered to describe diauxic growth, where growth can occur on a secondary carbon

source once the primary source is depleted [120, 121].

The final modification that is considered is an addition of a state-dependent lag

function to the growth rate to capture the occurrence of a lag-phase before exxponential

growth starts. Out of the four sigmoidal lag functions (Logistic, Richards, Stannard, and

Gompertz), the Gompertz model was selected as it seemed to fit best with the

experimental data. The base form of the Gompertz model W (t) shown in Equation 4.17

is as follows [123]:

W (t) = A1 · exp (− exp [−kG · (t− Ti)]) (4.17)

Where A1 represents the scale of the upper asymptote, exp is the exponential function

with base e, kG is the growth rate coefficient, t is time, and Ti is the inflection point.

However, this was modified to shift the lower asymptote of the curve with the addition of

A1, as the initial growth rate is nonzero, and the lag function should depend on the state

variables rather than time, since a predictive model should be determined by the states
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and not be governed by time. A compression factor of (1−A1) was also added to

maintain the original scale of the upper asymptote. The following equation is the result

of these modifications:

lag = A1 + (1− A1) · exp (− exp [−λlag · (w · g(X,S,A,CO2)− β)]) (4.18)

Where A1 shifts the lower asymptote and maintains the scale of the upper asymptote,

λlag controls the steepness of the curve, w is a scaling factor, β is the inflection point, and

g(X,S,A,CO2) is a state dependent function that replaces the time dependency. This

function was found through a search algorithm which generated and found an optimal

form among all possible combinations of expressions from the Monod, Hill, and inhibition

functions based on the state variables of cell density, glucose, acetate, and oxygen

concentrations. The best fit was obtained with a function that depended on just the cell

density as follows:

g(X) =
1

1 + (
KX2

X
)nX2

(4.19)

Where g(X) represents a biomass-dependent activation of the lag function. This is a

Hill-type activation function that reflects the requirement of a minimum cell density to

start growing efficiently. To further simplify the lag function, λlag was also removed from

the lag function since its effect was small, resulting in the following expression:

lag = A1 + (1− A1) · exp (− exp [−(w · 1

1 + (
KX2

X
)nX2

− β)]) (4.20)

78



In summary, the resulting final system of ODEs is listed below:

dX

dt
= µX − X

V
· dV
dt

(4.21)

dS

dt
= −µglucoseX

YX/S

−mXX +
F1

V
S0 −

S

V
· dV
dt

(4.22)

dA

dt
= qAµglucoseX − µacetateX

YX/A

− A

V
· dV
dt

(4.23)

dCO2

dt
= kLa(C

sat
O2

− CO2)− YO2/XµX − CO2

V
· dV
dt

(4.24)

dkLa

dt
=

YO2/XµX +
CO2

V
· dV

dt

Csat
O2

− CO2

(4.25)

dV

dt
= F1 + F2 − F3 (4.26)

µ = (µglucose + µacetate) · (A1 + (1− A1) · exp (− exp [−(w · 1

1 + (
KX2

X
)nX2

− β)])) (4.27)

µglucose =
µmS

KS + S
· Ka

Ka + A
· ( 1

1 +
(

X
KX

)nX
) (4.28)
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µacetate =
µmacetateA

Ka2 + A
· ( 1

1 + S
KG

nG
) · ( 1

1 +
(

X
KX

)nX
) (4.29)

g(X) =
1

1 + (
KX2

X
)nX2

(4.30)

This model was applied for both fed-batch experiments. The following genetic

algorithm parameters were used in the first fed-batch experiment: population size of 200,

100 generations, 200 offspring, tournament-style selection, crossover and mutation

probabilities of 0.8 and 0.2 respectively, and a fitness function using the sum of squared

errors of X, S, A, µ, and CO2 . The algorithm was implemented using the Distributed

Evolutionary Algorithms Python (DEAP) library. The parameters were bound on the

basis of what may be possible biologically. Once the parameters were optimized, the

system was then solved using those parameters with the built-in initial value problem

solver in Python.

It should be noticed that, to reduce the possibility of overfitting noisy data, it is

desirable to reduce the number of parameters. Toward that end, a parametric sensitivity

analysis was performed to identify redundant parameters that can be eliminated without

a major impact on the model. In this analysis, no parameters were found to be

redundant.
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4.3 Results and Discussion

4.3.1 Modeling the First Fed-Batch Experiment

The resulting parameters of the modeling for the experiments are shown in Table 4.1

below.

Table 4.1: Best fit model parameters and descriptions for the first and second fed-batch
experiment.

Parameter Value Description

µm,glucose 0.680 Max growth rate on glucose (h−1)
µm,acetate 0.600 Max growth rate on acetate (h−1)

KS 0.00100 Monod constant on glucose (g/L)
Ka 0.700 Acetate inhibition constant on glucose growth (g/L)
Ka2 0.0400 Monod constant on acetate (g/L)
YX/S 0.500 Yield coefficient on glucose (g cell/g glucose)
YX/A 0.400 Yield coefficient on acetate (g cell/g acetate)
YO2/X 0.180 Yield coefficient of oxygen on biomass (g oxygen/g cell)
qA 0.500 Growth associated acetate yield (g acetate/g cell)
mX 0.180 Cell maintenance coefficient (h−1)
KX 3.400 Self-growth inhibition constant (g/L)
nX 3.800 Hill coefficient for self-growth inhibition
KX2 0.300 Biomass constant for lag function (g/L)
nX2 2.400 Hill coefficient for biomass in lag function
KG 0.200 Glucose constant for acetate switch (g/L)
nG 2.950 Hill coefficient for acetate switch
A1 0.550 Lower asymptote in lag function
w 7.900 Scaling factor in lag function
β 2.800 Inflection point in lag function

The key results to note are the comparison between the experiment and the fit of the

model for cell density, glucose and acetate concentrations, growth rate, DO, and kLa.
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Figure 4.1 shows the model fit for the cell density. It was able to show the initial faster

growth rate, then a transition to a slower growth in the latter half of the culture, which is

consistent with the self-growth inhibition term. However, the model shows an

over-prediction in the final cell density.

Figure 4.1: Experimental and simulated cell density for first fed-batch culture.

Figure 4.2 shows the growth rate over time and clearly shows the effectiveness of the

lag function in the early stages of the culture, where growth is not yet at its maximum as

the culture adapts to its new environment. The growth rate reaches its maximum once

the cell density reaches a minimum, after which the growth rate is observed to show a

decline as it normally would in Monod kinetics.

Figure 4.3 shows the fit for the glucose concentration, where the feeding and

consumption trends were accurately captured, but there were noticeable over-predictions

during the feeding and latter consumption portions of the profile. This may be due to the

difficulty in balancing the acetate production and cell growth during the feeding and the
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Figure 4.2: Experimental and simulated growth rate for first fed-batch culture.

Figure 4.3: Experimental and simulated glucose concentration for first fed-batch culture.

consumption as these may vary due to overflow metabolism and adaptation of the cells.

This applies for the cell maintenance coefficient as well, and may also be the reason for

the over-prediction of the biomass earlier in Figure 4.1. Figure 4.4 shows the acetate

profile was not able to be fit as well as the others, as it could not accurately capture the
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Figure 4.4: Experimental and simulated acetate concentration in first fed-batch culture.

gradual exponential accumulation throughout the entire time profile, and the final peak

concentration observed in the experiment. A reason for this could be that a constant

growth-associated yield of acetate is used, whereas the actual production rate of acetate

may depend on other factors, such as overflow metabolism (high glucose levels) and stress

factors which would lower biomass yield, redirecting glucose to acetate production.

However, this may result in tradeoffs with the fit to the biomass profile. This is also

evident when the model shows extra glucose that could be consumed to produce acetate,

and the over-prediction in biomass could have gone towards acetate accumulation instead

of the extra biomass. Figure 4.5 and Figure 4.6 show the DO profile, and the predicted

kLa profile associated with the DO requirements. The DO was modeled using the

strategy of switching from a constant kLa for the initial drop to a 30% DO, then moving

to a constant DO and changing kLa over time to account for the DO control that occurs

in the bioreactor. The consumption of oxygen until the plateau is under-estimated by the
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Figure 4.5: Experimental and simulated DO profile in the first fed-batch culture.

Figure 4.6: Simulated kLa for the first fed-batch culture.

model, as it is not reached until later, and this would be attributed to the inability of the

model to show a gradual increase in the growth rate at the start, which directly affects

the slower oxygen consumption predicted by the model. The prediction of the kLa

depends on the initial value prediction, model growth rate, and yield on oxygen, as an
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experimental value is not available due to sampling rates that are not sufficiently small to

provide an accurate value. However, the overall trend seems to be reasonable as oxygen

requirements increase over time in proportion to the biomass. The range of kLa values

are also reasonable for a bioreactor of this size, where a kLa of up to 360 h−1 is reported

for bioreactors between 1 – 30 L in volume [38].

4.3.2 Modeling the Second Fed-Batch Experiment

The best-fit model parameters for the second fed-batch experiment are shown in

Table 4.1 in Section 4.3.1.

Evidently for this experiment, the model fitting has some trade-offs in order to fit

with the first experiment as well. Figure 4.7 and Figure 4.8 show the cell density and

growth rate fits, and an under-prediction of the biomass is observed. This starts to occur

as the model starts to switch to acetate as a secondary carbon source, which is shown by

the plateau during the time when glucose is almost fully consumed.

The growth rate was over-predicted in the middle of the culture, where a spike is

shown, while a relatively good fit was obtained only near the end of the culture. It is

likely that the model has difficulty in accurately capturing the more complex dynamics of

this experiment, where there is a very evident switch between carbon sources during

growth, as shown in Figure 4.9 and Figure 4.10, where glucose and acetate concentration

profiles are displayed.

Plateaus in cell density were observed during acetate consumption along with sharp

increases between plateaus where glucose is being fed into the bioreactor. The glucose
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Figure 4.7: Experimental and simulated cell density for second fed-batch culture.

Figure 4.8: Experimental and simulated growth rate for second fed-batch culture.

feeding is also evident in the growth rate profile in Figure 4.8 as a large spike is observed

during the same time frame. It is also likely that the lag function is not as well defined in

this experiment as the sharp increase in growth at 7 h may be an outlier since the rest of

the data shows a gradual downward trend. The glucose profile in Figure 4.9 fitted
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Figure 4.9: Experimental and simulated glucose concentration in second fed-batch culture.

Figure 4.10: Experimental and simulated acetate concentration in second fed-batch culture.

relatively accurately by correctly capturing the initial depletion, then accumulation

during a high feeding rate followed by consumption towards the end of the culture.

Similar limitations of the model was observed for the first fed-batch experiment related to

over-predictions in the end of the profile. However, it is especially evident that for this
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experiment, the acetate switch is clearly occurring as observed in the acetate profile in

Figure 4.10. This shows an initial accumulation, then consumption during the absence of

glucose, followed by a new accumulation once glucose is present, all while the cell density

is increasing. Despite this, the observed acetate accumulation towards the end of the

culture was very abrupt. This is likely once again because of a constant qA, and this

model also has the possibility of showing a sudden over-consumption if the glucose levels

fall too low, which would trigger the consumption of acetate due to the acetate switch.

The latter would be difficult to model with the current setup, as the model would have to

describe different consumption rates between the exponential and stationary phase of the

culture, e.g. it will be required to turn off the acetate consumption when stationary

phase is reached. Overall, the sudden feeding of glucose challenges this model as Monod

kinetics generally refer to balanced growth, whereas the sudden over-feeding of glucose

generates unbalanced growth.

Figure 4.11 and Figure 4.12 show the DO and the predicted kLa profile associated

with the DO requirements for the second fed-batch culture. The DO was modeled with

an over-prediction in the consumption this time, and the kLa showed a similar trend

within reasonable ranges. The differences in growth rate and higher initial cell density in

this experiment made it difficult to accurately capture the oxygen consumption dynamics

at the start of both experiments. On the other hand, the range of values are very similar

between the two experiments despite the much higher cell density in this experiment

compared to the first fed-batch experiment due to the closed-loop control actions that

maintain the oxygen close to a prescribed set-point. This is also evident in the agitation

and air flow rates shown in Appendix B, where they are higher in the second fed-batch
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Figure 4.11: Experimental and simulated DO profile in the second fed-batch culture.

Figure 4.12: Simulated kLa for the second fed-batch culture.

experiment compared to the first fed-batch experiment, which correlates to a higher kLa.

This shows how the simulated kLa is heavily dependent on the parameters used for the

oxygen balance and the initial guesses, as there were no concrete kLa measurements other

than the estimated trend of kLa along the height of the reactor.
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In summary, the model was able to fit the experimental data well despite the

difference in complex dynamics in the two experiments with the help of the modifications

to the Monod kinetic model. Although there were still some significant inaccuracies and

room for improvement, this model shows promise in being able to reflect the complex

metabolic patterns that occur in E. coli when faced with changing extracellular

conditions such as glucose overfeeding and depletion. Coupling this metabolic model with

hydrodynamic models may serve to predict heterogeneities in large-scale bioreactors

[132].
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Chapter 5

Conclusions and Recommendations

5.1 Conclusions

In this work, an E. coli culture was characterized and grown in a 20 L pilot-scale

bioreactor in order to investigate the possibility of gradient formation as seen in

industrial bioreactors. The reaction kinetics of the culture were identified experimentally

from batch experiments, which allowed for a calculation of a feeding rate for a fed-batch

experiment. The fed-batch experiment allowed for higher cell density cultures in

comparison to the batch culture, which gave an opportunity to investigate gradient

formation in DO, kLa, pH, cell density, glucose, and acetate. These measurements are

typically not performed in lab-scale studies because it is generally expected that

gradients do not form in smaller-scale bioreactors such as the one used in this work. On

the other hand, from measurements of DO and pH at different heights, this work clearly
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shows that gradients can form in a 20 L bioreactor. The observed metabolism was then

modeled and fitted to data from two fed-batch bioreactor fermentations. This work has

resulted in the following conclusions:

• The growth rate and yield are shown to significantly depend on the extracellular

environment in terms of cell and metabolite concentrations. The first fed-batch

experiment showed that the high level of glucose overfeeding significantly reduces

yield as a result of acetate accumulation from overflow metabolism, while the

second fed-batch experiment showed that better glucose feeding allowed for

reassimilation of acetate and a significantly higher cell density.

• Gradients in DO and pH can be measured in 13.5 – 14 L bioreactor cultures, and

an approximate kLa trend was identified based on the assumed oxygen balance.

This was achieved by positioning the probe at different heights and by shutting off

the air intake for a short period of time and turning it back on. These

measurements have shown that the DO, pH, and kLa are lowest at the bottom of

the bioreactor and highest at the top of the bioreactor. It was inferred that the DO

and kLa were highest at the top due to the head-space and the number of impellers

the air bubbles pass through, allowing for a higher rate of mass transfer. The

observed pH measurements were shown to correlate with the proximity to the

location where acid or base is fed for pH control.

• Although we attempted to measure gradients in cell density and metabolites at

different heights, gradients were not observed. There was a consistent trend where

cell density was higher at the top compared to the bottom of the bioreactor, but
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there was no consistent trend with the glucose and acetate measurements. This was

likely due to the time needed to sample the top and bottom of the bioreactor

(sampling at both heights was not simultaneous). However, the observed differences

in concentrations between top and bottom motivate further investigation by

additional experiments.

• Simple models based on Monod kinetics were not able to accurately describe the

data, but certain additional modifications of the model were shown to improve the

fit. Specifically, the addition of self-growth inhibition, an acetate metabolic switch,

and a cell density-dependent lag function allowed the effects of overflow metabolism

to be modeled, where there is a large accumulation of acetate. In addition, better

glucose control in experiments may promote balanced growth, which can be more

easily described by traditional substrate-biomass models.

These results show that fed-batch experiments can be performed at this scale to

measure gradients, which can be used to fit metabolic models. The measurement of the

gradients and the metabolic models can then be used to potentially assist in validating

coupled hydrodynamic models to predict the gradients, which normally are not studied in

bioreactors of this scale.

5.2 Recommendations

While the experiments and modeling have shown good results, the experimental

conditions could have been controlled more effectively to obtain a more consistent glucose
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profile. For example, it would be of interest to obtain metabolic data where glucose is

kept consistently close to the original 4 g/L. It would also be of interest to find the

critical growth rate at which acetate production is prevented, and feed glucose with

respect to that growth rate. Another factor would be that instantaneous sampling for the

cell density and metabolite measurements would allow for a more accurate data set. The

kLa measurements can potentially be measured accurately as well with a smaller data

sampling interval, as the bioreactor software has a limitation of recording data points

every 15 seconds, which is longer than what it actually took to consume the oxygen

between the data points. For example, the real time to consume oxygen during no

aeration may have been approximately 3 seconds rather than 30 seconds, which would

mean the measured kLa was ten times greater. With the knowledge that oxygen and kLa

gradients occur, an experiment in which the DO probe is kept at the top of the reactor

would provide insight into the importance of sensor location in the presence of gradients

in terms of metabolic responses, as this will force different conditions throughout the

bioreactor. For example, having a set point of 15% DO may create oxygen-depleted zones

at the bottom of the bioreactor, causing changes in metabolic responses. The inclusion of

product generation into the metabolic dynamics would be another area of interest as this

is a key area of interest in industry. Furthermore, replications of these experiments would

allow for better validation of these results.

The accurate measurement of kLa would also allow for better modeling so that it can

be based on an experimentally measured oxygen uptake rate of the culture, which can be

used to develop a correlation between kLa, the agitation, and the air flow rate of the

bioreactor. The consideration of cell maintenance in the oxygen balance may further
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improve the fitting of the DO and kLa prediction. The model could also be coupled with a

hydrodynamic model to test the validity of it for predicting gradients which would occur

in industrial bioreactors, such as the model presented by Promma et al. (2024) [132].

Finally, studies with a retrofitted bioreactor which include sensors and feeding ports

at different heights of the bioreactor could be done in order to compare results with a

traditional bioreactor such as the one used in this work. The idea would be to attempt to

maintain homogeneity by having more controlled zones along the height of the bioreactor

to investigate the effectiveness of the retrofitting.
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Appendix A

Supplementary Plots for Flask

Culture 2 and Bioreactor Batch

Operation

A.1 Flask Culture 2
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Figure A.1: Growth curve of E. coli BL21 (DE3) PET-VP1 flask culture 2 at 250 rpm
and 37°C.

Figure A.2: Exponential phase of the growth curve to calculate the growth rate of the
second flask culture.
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A.2 Bioreactor Batch Operation

Figure A.3: Agitation rate in comparison to the cell density over time for the batch culture.
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Figure A.4: Air flow rate in comparison to the cell density over time for the batch culture.

Figure A.5: DO% in comparison to the cell density over time for the batch culture.
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Figure A.6: Temperature of the batch culture over time.

Figure A.7: pH in comparison to the cell density over time for the batch culture.
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Figure A.8: pH in comparison to the base pump output over time for the batch culture.
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Appendix B

Supplementary Plots and Tables for

Bioreactor Fed-Batch Operation

B.1 Fed-Batch Experiment 1

117



Figure B.1: Ammonia concentration profile for the 13.5 L fed-batch culture.

Figure B.2: Agitation rate in comparison to the cell density over time for the 13.5 L fed-
batch culture.
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Figure B.3: Air flow rate in comparison to cell density over time for the 13.5 L fed-batch
culture.

Figure B.4: DO% in comparison to cell density over time for the 13.5 L fed-batch culture.
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Figure B.5: Temperature of the 13.5 L fed-batch culture over time.

Figure B.6: pH in comparison to cell density over time for the 13.5 L fed-batch culture.
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Figure B.7: pH in comparison to the base pump output over time for the 13.5 L fed-batch
culture.

Figure B.8: Supplement feed pump output in comparison to the glucose concentration and
cell density over time for the 13.5 L fed-batch culture.
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Table B.1: Conditions at which the DO% sensor height changes were made and measured
in the 13.5 L fed-batch culture.

DO Sensor Height Changes for 13.5 L Fed-Batch Culture

Change
Number

Time (h) Height (m) DO%
Agitation
(rpm)

Cell Density
(g/L)

pH
Air Flow

Rate (SLPM)

1 8.980 0.140 29.3 353 1.258 7.00 8.9
1 9.010 0.305 34.6 352 1.268 7.00 8.8
1 9.030 0.470 39.5 348 1.275 6.99 8.6
1 9.040 0.305 34.7 347 1.279 7.00 8.5
1 9.050 0.140 30.5 346 1.282 7.00 8.5

2 11.070 0.305 30.9 371 1.953 7.00 9.8
2 11.100 0.470 37.3 371 1.961 7.01 9.8
2 11.120 0.140 26.5 372 1.967 7.00 9.9
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Table B.2: Conditions at which the pH sensor height changes were made and measured in
the 13.5 L fed-batch culture.

pH Sensor Height Changes for 13.5 L Fed-Batch Culture

Change
Number

Time (h) Height (m) pH
Agitation
(rpm)

Cell Density
(g/L)

DO%
Air Flow

Rate (SLPM)

1 9.370 0.140 7.01 362 1.394 32.4 9.2
1 9.420 0.305 7.03 361 1.412 29.4 9.1
1 9.440 0.470 7.06 361 1.419 29.8 9.1
1 9.460 0.305 7.04 361 1.426 29.7 9.1

2 11.120 0.140 7.00 374 1.967 26.8 10.0
2 11.140 0.305 7.02 376 1.972 28.9 10.1
2 11.160 0.470 7.04 376 1.978 29.5 10.1

3 11.260 0.470 6.99 374 2.004 31.7 10.0
3 11.280 0.305 6.94 373 2.009 31.7 10.0
3 11.300 0.140 6.91 373 2.014 30.9 9.9
3 11.310 0.305 6.93 373 2.017 30.6 9.9

4 11.530 0.140 7.07 377 2.070 29.2 10.2
4 11.540 0.305 7.09 378 2.072 29.1 10.2
4 11.560 0.470 7.11 378 2.076 29.3 10.2
4 11.570 0.305 7.09 378 2.078 30.1 10.2
4 11.580 0.140 7.06 378 2.081 30.9 10.2

123



Figure B.9: Sample of air flow rate and DO% profile to show the air shut off and on to
measure the kLa.

Figure B.10: Sample of oxygen uptake rate measurement taken from a nearly linear segment
of the DO% profile when the air supply is shut off.
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Table B.3: Conditions at which the kLa was measured for different DO% sensor heights
for the 13.5 L fed-batch culture.

kLa Measurements at Different Heights for 13.5 L Fed-Batch Culture

Change
Number

Time
(h)

Height
(m)

Oxygen
Uptake

Rate (h−1)

kLa
(h−1)

Agitation
(rpm)

Cell
Density
(g/L)

pH
Air Flow
Rate

(SLPM)

1 9.090 0.140 21.48 33.0 349 1.296 6.98 8.6
1 9.230 0.305 32.95 48.0 351 1.345 6.98 8.7
1 9.320 0.470 24.48 39.8 360 1.377 6.99 9.3

2 10.810 0.140 25.80 41.0 371 1.877 7.00 9.8
2 10.950 0.470 37.92 56.5 372 1.919 6.97 9.9
2 11.030 0.305 27.84 40.1 371 1.942 6.99 9.8
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B.2 Fed-Batch Experiment 2

Figure B.11: Agitation rate in comparison to the bottom cell density over time for the 14
L fed-batch culture.
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Figure B.12: Air flow rate in comparison to bottom cell density over time for the 14 L
fed-batch culture.

Figure B.13: DO% in comparison to bottom cell density over time for the 14 L fed-batch
culture.
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Figure B.14: Temperature of the 14 L fed-batch culture over time.

Figure B.15: pH in comparison to bottom cell density over time for the 14 L fed-batch
culture.
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Figure B.16: pH in comparison to the base pump output over time for the 14 L fed-batch
culture.

Figure B.17: Supplement feed pump output in comparison to the glucose concentration
and bottom cell density over time for the 14 L fed-batch culture.
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Table B.4: Conditions at which the DO% sensor height changes were made and measured
in the 14 L fed-batch culture.

DO% Sensor Height Changes for 14 L Fed-Batch Culture

Change
Number

Time (h) Height (m) DO%
Agitation
(rpm)

Cell Density
(g/L)

pH
Air Flow

Rate (SLPM)

1 11.517 0.140 29.7 459 4.036 7.02 12.0
1 11.538 0.305 32.1 459 4.049 7.04 11.9
1 11.554 0.470 34.5 458 4.058 7.04 11.9

2 11.575 0.305 35.1 456 4.071 7.05 11.8
2 11.596 0.140 27.0 456 4.083 7.03 11.8

3 11.833 0.470 37.7 463 4.222 6.98 12.2
3 11.846 0.305 28.6 463 4.229 6.98 12.1
3 11.863 0.140 24.3 463 4.238 6.99 12.2

4 14.304 0.140 29.6 482 5.176 6.94 13.3
4 14.317 0.305 31.4 483 5.306 6.95 13.2
4 14.321 0.470 38.7 482 5.433 6.97 13.2

5 14.333 0.305 32.0 482 5.312 6.98 13.2
5 14.354 0.140 28.7 482 5.194 7.00 13.2

6 14.583 0.470 33.3 482 5.535 7.01 13.2
6 14.604 0.305 29.5 482 5.412 7.03 13.2
6 14.621 0.140 27.1 482 5.286 7.03 13.2

7 16.221 0.140 31.3 486 5.798 6.95 13.5
7 16.229 0.305 32.9 485 5.943 6.96 13.4
7 16.238 0.470 39.6 482 6.087 6.96 13.2

8 16.246 0.305 32.1 484 5.948 6.98 13.4
8 16.271 0.140 26.4 486 5.814 6.99 13.5

9 16.708 0.470 37.2 489 6.220 7.00 13.7
9 16.721 0.305 32.0 489 6.088 6.99 13.7
9 16.742 0.140 28.5 489 5.958 6.99 13.7

10 17.567 0.470 37.6 489 6.439 7.00 13.6

Continued on next page
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Table B.4 (continued)

DO% Sensor Height Changes for 14 L Fed-Batch Culture

Change
Number

Time (h) Height (m) DO%
Agitation
(rpm)

Cell Density
(g/L)

pH
Air Flow

Rate (SLPM)

10 17.579 0.305 33.6 489 6.328 6.99 13.6
10 17.621 0.140 29.9 489 6.226 6.98 13.7

11 19.408 0.470 34.6 482 6.791 7.01 13.2
11 19.425 0.305 30.9 482 6.746 7.01 13.2
11 19.450 0.140 28.9 482 6.703 7.00 13.2
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Table B.5: Conditions at which the pH sensor height changes were made and measured in
the 14 L fed-batch culture.

pH Sensor Height Changes for 14 L Fed-Batch Culture

Change
Number

Time (h) Height (m) pH
Agitation
(rpm)

Cell Density
(g/L)

DO%
Air Flow

Rate (SLPM)

1 11.333 0.140 6.98 455 3.859 25.8 11.7
1 11.350 0.305 7.00 456 3.902 27.9 11.8
1 11.367 0.470 7.02 456 3.946 28.6 11.8

2 11.379 0.305 6.99 456 3.919 27.2 11.8
2 11.392 0.140 6.96 456 3.891 30.6 11.8

3 14.242 0.470 7.01 483 5.401 30.1 13.3
3 14.267 0.305 6.98 481 5.287 29.3 13.1
3 14.296 0.140 6.92 483 5.173 29.3 13.3

4 16.167 0.470 7.00 488 6.066 29.9 13.6
4 16.196 0.305 6.98 487 5.933 30.5 13.5
4 16.221 0.140 6.95 486 5.798 31.3 13.5

5 17.633 0.140 6.99 489 6.230 30.2 13.7
5 17.642 0.305 7.02 489 6.345 29.6 13.7
5 17.654 0.470 7.04 489 6.460 33.2 13.7

6 17.679 0.305 7.00 489 6.355 29.3 13.7
6 17.700 0.140 6.94 489 6.250 29.4 13.7

7 19.454 0.140 6.99 482 6.704 29.0 13.3
7 19.463 0.305 7.00 482 6.752 29.9 13.2
7 19.471 0.470 7.02 482 6.799 29.2 13.2

8 19.500 0.305 6.98 495 6.757 35.2 14.0
8 19.517 0.140 6.96 493 6.715 34.9 13.9
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Table B.6: Conditions at which the kLa was measured for different DO% sensor heights
for the 14 L fed-batch culture.

kLa Measurements at Different Heights for 14 L Fed-Batch Culture

Change
Number

Time
(h)

Height
(m)

Oxygen
Uptake

Rate (h−1)

kLa
(h−1)

Agitation
(rpm)

Cell
Density
(g/L)

pH
Air Flow
Rate

(SLPM)

1 11.621 0.140 17.52 26.0 459 4.014 7.01 12.0
1 11.713 0.305 59.52 90.2 466 4.107 6.97 12.3
1 11.801 0.470 42.96 68.5 463 4.203 6.98 12.1

2 14.375 0.140 25.80 36.5 483 5.201 7.03 13.2
2 14.463 0.305 29.64 42.3 482 5.360 7.00 13.2
2 14.538 0.470 29.90 44.8 482 5.518 6.96 13.2

3 16.446 0.140 22.75 33.3 489 5.868 6.98 13.7
3 16.538 0.305 30.12 44.4 489 6.034 7.00 13.7
3 16.638 0.470 31.56 52.9 490 6.201 6.98 13.7

4 17.317 0.140 22.06 32.2 489 6.134 7.00 13.7
4 17.413 0.305 30.60 45.3 489 6.283 6.98 13.7
4 17.526 0.470 34.51 58.0 489 6.429 6.99 13.7

5 19.129 0.140 27.12 39.0 483 6.638 6.99 13.2
5 19.234 0.305 26.14 38.9 483 6.714 7.00 13.2
5 19.355 0.470 38.76 55.6 482 6.784 6.99 13.3
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Figure B.18: Estimated glucose feeding rate for the 14 L fed-batch culture as there were
uncertainties due to tubing occlusions.
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