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Abstract
Today, new developments in the field of biocatalysis enable the replacement of a wide range of
chemical synthesis processes with biotransformations. The biocatalysts used in these processes
are non-toxic and have a low environmental impact. To fully exploit the biocatalytic potential
already in the early stages of process development, knowledge-based optimization of reaction
conditions is crucial, but time-consuming. Design of Experiments, process modeling and
regression analysis are effective tools for systematically planning experiments, describing
parameter interactions, and determining appropriate process conditions. In the model-assisted
Design of Experiments approach, these tools are combined. Initially, a process model is set
up, model parameters are estimated and suggested experimental combinations are simulated.
After evaluation of the predicted responses only a reduced number of factor combinations
consistent with a pre-defined optimization objective are performed experimentally.
In this work, the model-assisted Design of Experiments methodology is discussed for the
design and optimization of a continuously operated cytidine-5'-triphosphate regeneration
reaction by polyphosphate kinase under high hydrostatic pressure. The process development
was particularly complex since the packed-bed bioreactor system used and the enzymatic
reaction were only partially described in the literature. An adequate process model was
formulated to describe the time- and location-dependent changes of substrates and product
as well as the influence of process conditions on the enzyme kinetics. The formulation of
the process model proved to be extensive due to the use of immobilized enzyme and the
consideration of a disperse flow within the reactor. In addition, a suitable modeling approach
was elaborated to describe the influence of the process parameter pressure on the enzymatic
reaction. To reduce the number of time-consuming individual optimization studies, the process
parameters and their interactions were to be optimized and described simultaneously using
the model-assisted Design of Experiments methodology.
The proposed methodology, integrated into a user-friendly iterative workflow, accompanied the
interdisciplinary development process throughout and the process understanding of the reaction
system was enhanced. Furthermore, the experimental effort was significantly reduced and
process conditions were optimized in terms of maximal cytidine-5'-triphosphate concentration
after three iteration rounds. Overall, the applicability of the knowledge-based model-assisted
Design of Experiments methodology was shown and proven for a complex biocatalytic reaction
system with a limited amount of prior knowledge. The transferability to other reaction systems
and a further application of the methodology are discussed at the end of the work.



Kurzfassung
Neue Entwicklungen auf dem Gebiet der Biokatalyse ermöglichen es, eine Vielzahl chemischer
Syntheseverfahren durch Biotransformationen zu ersetzen. Die eingesetzten Biokatalysatoren
sind ungiftig und umweltverträglich. Um das volle biokatalytische Potenzial schon zu Beginn
der Prozessentwicklung auszuschöpfen, ist eine wissensbasierte Optimierung der Reaktions-
bedingungen entscheidend, aber zeitintensiv. Versuchsplanung, Prozessmodellierung und
Regressionsanalyse sind effiziente Werkzeuge zur systematischen Planung und Durchführung
von Experimenten, zur Beschreibung von Parameterinteraktionen und zur Bestimmung geeig-
neter Prozessbedingungen. In der modellgestützten Versuchsplanung werden diese Methoden
kombiniert. Zunächst wird ein Prozessmodell erstellt, die Modellparameter werden bestimmt
und der vorgeschlagene Versuchsplan wird simuliert. Nach der Auswertung der vorhergesagten
Antworten wird nur eine reduzierte Anzahl von Faktorkombinationen, übereinstimmend mit
einem vordefinierten Ziel, experimentell durchgeführt.
In dieser Arbeit wird die modellgestützte Versuchsplanung für die Auslegung und Optimierung
einer kontinuierlichen Cytidin-5'-Triphosphat-Regenerationsreaktion durch Polyphosphatkina-
se unter hohem hydrostatischem Druck diskutiert. Die Prozessentwicklung war besonders
komplex, da der verwendete Festbettbioreaktor und die enzymatische Reaktion nur teilweise
in der Literatur beschrieben waren. Ein Prozessmodell wurde formuliert, um die zeit- und
ortsabhängigen Änderungen von Substraten und Produkt sowie den Einfluss der Prozessbedin-
gungen auf die Enzymkinetik zu beschreiben. Die Formulierung des Prozessmodells erwies
sich aufgrund der Verwendung von Enzymimmobilisat und der Berücksichtigung disperser
Strömung im Reaktor als umfangreich. Außerdem wurde ein geeigneter Modellierungsansatz
formuliert, um den Druckeinfluss auf die enzymatische Reaktion zu berücksichtigen. Zur Re-
duzierung der Anzahl zeitintensiver Einzeloptimierungsstudien, sollten die Prozessparameter
und ihre Wechselwirkungen mit Hilfe der modellgestützten Versuchsplanung optimiert und
beschrieben werden.
Durch die Integration der vorgeschlagenen Methodik in einen benutzerfreundlichen iterati-
ven Workflow wurde der Entwicklungsprozess durchgängig begleitet und das Prozessver-
ständnis erhöht. Darüber hinaus konnte der experimentelle Aufwand reduziert werden und
die Prozessbedingungen wurden nach drei Iterationsrunden im Hinblick auf die maximale
Cytidin-5'-Triphosphat-Konzentration optimiert. Insgesamt wurde die Anwendbarkeit des
wissensbasierten mDoE für ein komplexes biokatalytisches Reaktionssystem mit wenig Vor-
wissen gezeigt und nachgewiesen. Die Übertragbarkeit und weitere Verwendung der Methodik
werden am Ende der Arbeit diskutiert.
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𝐾sl Slope of double sigmoidal function [-]
𝐿 Reactor length [dm]
𝐿i Lower acceptable response [mmol L−1]
𝐿step Step length MOL [dm]
𝑛 Number of grid nodes and factors [-]
𝑝 Significance factor [-]
𝑄2 Goodness of prediction [-]
𝑅2 Coefficient of determination [-]
𝑅2

𝑎𝑑𝑗 Adjusted coefficient of determination [-]
𝑡 Workflow test round, observation [-]
𝑡 Mean residence time [min]
𝑢 Flow velocity [dm min−1]
𝑈i Upper acceptable response [mmol L−1]
𝑢𝑥𝑥 Partial differential equation [-]
𝑣 Reaction rate [min−1]
𝑣i,d Expected process variability [-]
𝑉 Reactor volume [dm3]
𝑉̇ Flow rate [dm3 min−1]
𝑣i Process variability [mmol L−1]
𝑣max Maximum reaction rate [min−1]]
𝑣p,Dsig Normalized reaction rate depending on hydr. pressure [-]
𝑣red Normalized reduction of reaction rate [-]
𝑤 Weighting constant [-]
𝑥 Location index [dm]
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𝑥′ Standardized value [-]
𝑥centered Centered model parameter value [-]
𝑥Dsig Normalized parameter double sigmoidal function [-]
𝑥i Factor level factor one [mmol L−1]

𝑥i,sample Model parameter sample value [-]
𝑦i,t Independent variable value [-]
𝑥j Factor level factor two [mmol L−1]
𝑥i Factor level mean value [mmol L−1]
𝑋50,l Location parameter double sigmoidal function (low side) [-]
𝑋50,h Location parameter double sigmoidal function (high side) [-]
𝑥sample Mean model parameter sample value [-]
𝑦′ Standardized value [-]
𝑦i Response [mmol L−1]
𝑦i,m Experimental response value [mmol L−1]
𝑦̂i Estimated response [mmol L−1]
𝑦i Expected, mean response [mmol L−1]
𝑌h Function value at high 𝑥Dsig [-]
𝑌l Function value at low 𝑥Dsig [-]
𝑌mid Mid value 𝑋50,l and 𝑋50,h [-]
𝑦s,m Simulated response value [mmol L−1]
𝑦t Dependent variable value [-]
𝑌x,t Standard regression model [-]



1 Introduction and motivation

Efforts have been made in the fine chemical industry to integrate [1] or replace chemical
synthesis by biotransformations using enzymes as biocatalysts [2–4]. The use of biocatalysts
has increased continuously since the 1960's, and in 2017, the global market for industrial
enzymes was valued at $7 billion dollars and expected to rise to $10.5 billion dollars by
2024 [5]. Beside the low environmental impact [6], biocatalysts offer high specific activity,
including substrate-, stereo-, regio- and chemoselectivity [7–13]. However, compared to
chemical catalysts, biocatalysts in their native state possess relatively low stability and activity
under harsh process conditions [6, 8, 14, 15]. In particular, a better understanding of enzyme
stability is crucial for the design of competitive biotechnological processes [16, 17], but the
selection of ideal reaction conditions is challenging due to a variety of influencing factors
[18]. The scope of the process development is further increased if the enzymatic activity is
not only dependent on pH [5, 16], temperature [5, 16, 19] or reaction medium [16] but also on
the presence of cofactors [20]. Cofactors, often small organic molecules, metal ions and metal
organic complexes, are needed to accomplish enzymatic activity and new cofactor-dependent
reactions are still continuously discovered [20]. Among others, nicotinamide cofactors and
nucleoside triphosphates, essential in biological systems, are used in a vast number of en-
zymatic reactions [20, 21]. As these cofactors can provide functional groups transferred to
the substrate, stoichiometric amounts are required during catalysis [21]. Therefore, due to
the costs and in the interest of an economical process, in situ regeneration of cofactors is
proposed [21]. Together with the practical challenges associated with the use of enzymes, such
as recovery or reusability [22], and cofactor-dependency, there is a need to develop reliable
cofactor regeneration systems [21].
New developments in biocatalysis include enzyme design and protein engineering to tailor
enzymes to specific process requirements and to improve their properties, e.g., through directed
evolution [23–26], and multi-step catalysis to decrease the number of isolation steps and
improve the process sustainability [25, 26]. Furthermore, flow biocatalysis is increasingly used
to reduce the reactor footprint and achieve a better reactor control [26]. In flow biocatalysis,
enzymes are usually entrapped via immobilization in or on a support material and the flow is
adjusted to achieve a defined residence time [26]. The need for enzyme immobilization has
also led to new developments in immobilizate materials, paving the way for enhanced enzyme
and process performance as well as reduced process costs [27, 28].
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2 Introduction and motivation

However, these methods are only used to improve or modify the enzyme function before the
enzyme is applied in a reaction and cannot be adapted during the actual reaction process. In
contrast, the application of high hydrostatic pressure to enzymatic reactions represents a more
process-related improvement method, derived from applications in the food industry, that has
gained increasing attention in recent years [29]. On the one hand, high hydrostatic pressure
can be used to stabilize enzymes against heat-induced structural changes. On the other hand,
the thermodynamic equilibrium of the reaction, internal interactions or the reaction kinetics
are affected. [29, 30] However, a comprehensive description of the influence of high pressures
and the use of high pressure as a possible complementary process parameter has been sparsely
reported in the literature. Additional methods are needed to capture the resulting process
dynamics and make sound decisions in process design and optimization.
Today, mathematical process models are widely used to develop, optimize and validate
bioprocesses in the fields of fermentation [31–33] and cell culture [34–36], but only to a limited
extent for biocatalytic processes [1, 37]. They include state-of-the-art process knowledge [31,
38] and provide insight into the most relevant variables and process parameters as well as their
impact on model outputs, also called responses [31, 39, 40]. In addition, analogies are used in
modeling to understand complex systems and support decision-making [41]. Therefore, with
respect to process design, process models can be seen as “an initial starting point to obtain a
deeper process understanding during the bioprocess life cycle” [42]. In process development,
mathematical models can also be used to predict various process scenarios [43] and suggest
non-intuitive operating conditions [44], which may be potentially hidden by the complexity
of the system and address the empirical and challenging procedure of traditional process
development and optimization approaches [44]. Nevertheless, the use of process models is
still heavily dependent on the quality and reliability of collected process data and predictions
[40, 45].
Design of Experiments (DoE) is a suitable tool for systematically collecting experimental
data and assessing the interaction of process variables and responses [38, 45–48]. Particularly
if prior knowledge about the investigated system is not available, DoE methods are useful
to explore the defined design space [44]. Unlike one-factor-at-a-time (OFAT) approaches,
multiple variables, also called factors, can be examined simultaneously, and process knowledge
is maximized with a minimum use of resources [45, 49–51]. Therefore, interactions between
input factors and output responses are revealed [52]. The number of factors and factor
boundary conditions must be defined beforehand and carefully selected [42, 53]. In addition,
DoE methods also enable efficient planning, exploration and delimitation of the design space
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[42, 48–50, 54]. The gained experimental results can be then used to define an optimal
experimental set-point based on the previously defined factors. Despite the applicability
of high-throughput technologies, the main disadvantage of common DoE methods, which
are often used in data-driven optimization approaches [41, 55, 56], is the high workload
particularly in the early stages of process development due to the complexity and sensitivity
of factors [33, 45, 49, 57]. Furthermore, the user-defined boundary conditions might lead to
heuristic restrictions and reduced gain in process knowledge [42, 45, 57].
Innovative model-based approaches such as the model-assisted DoE (mDoE) methodology,
which combines traditional DoE methods with mathematical process models, can be used to
overcome the specific drawbacks of data quality dependency and high workload of purely
experimental DoEs. In addition to process modeling and DoE, the mDoE methodology in-
cludes the consideration of input uncertainties, e.g., experimental variations. Uncertainty
propagation and additional process knowledge is quantified and gained. [35] As a result,
the mDoE methodology meets the demand for more model-based tools to reduce the experi-
mental effort and improve the process understanding as stated in literature [35, 44, 45, 58,
59]. In contrast to 𝑎 𝑝𝑟𝑖𝑜𝑟𝑖 modeling, non-linear model predictive controller and the sole
application of response surface methodology used for process design and optimization, the
mDoE methodology is based and relies on the systematic and efficient nature of DoE methods
[35]. Today, the application of the mDoE methodology is mainly limited to the cultivation of
mammalian cells, such as Chinese hamster ovary [45] and human mesenchymal stem cells
[60], and microbial fermentation, e.g., with Saccharomyces cerevisiae [57]. Since biocatalytic
processes are also highly complex and model-based or model-assisted tools are rarely used,
the mDoE methodology could be the starting point for further process improvement and
understanding alongside traditional optimization methods.





2 Aim of the thesis

To establish sustainable and efficient biocatalytic processes that can compete with chemical
synthesis processes, more systematic and comprehensive design and optimization approaches
need to be developed. These approaches should ensure transferability to other biotechnological
processes to avoid case-by-case decisions and to promote their development from early stage to
the final process. [40] Traditional DoE methods used in early stage process development still
rely on planning and executing a large number of experiments to explore a predefined design
space [44]. Additional development tools such as response surface methodology (RSM) [44],
process and kinetic modeling as well as sensitivity and uncertainty analysis are available, but
not used in combination [40]. Also, the parallel implementation of design and optimization
methods is not state of the art in biotechnology.
Recently, several authors suggested the use of the mDoE methodology, which combines
different development tools with varying degrees of complexity [45, 57, 60]. The methodology
was mostly related to cell culture [45, 60] and fermentation processes [57], but the application
to biocatalytic processes, which differ from cell culture or fermentation in the description of
their kinetics, is still open. Furthermore, the use of this methodology right at the start of the
development process and integrated into an iterative and uncertainty-based workflow has not
yet been proven. Therefore, this work focuses on the evaluation of the mDoE methodology
as a comprehensive process design and optimization tool for the biocatalytic regeneration of
cytidine-5'-triphosphate (CTP) using polyphosphate kinase and polyphosphate as phosphate
donor. In addition, it should be assessed whether an accelerated and reduced design and
optimization process can be achieved.
The regeneration reaction is particularly important because the CTP is consumed in a multi-
enzyme cascade for the production of 3'-sialyllactose including three main reactions and
four different enzymes [61]. By regenerating CTP with a polyphosphate kinase, the costly
supply of reasonable starting concentrations or continuous addition of CTP is replaced by the
addition of comparatively inexpensive polyphosphate salts and cytidine-5'-diphosphate (CDP).
The design, implementation and optimization of the individual parts of the multi-enzyme
cascade and the 3'-sialyllactose production process were part of an industrial cooperation with
GALAB Laboratories GmbH (Hamburg, Germany) and the Institute of Technical Biocatalysis
(Hamburg University of Technology).
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6 Aim of the thesis

The starting point of this work is to define the framework of an iterative workflow based
on the requirements of the biocatalytic process. The iterative workflow and its individual
modules should allow a model-based description of process variables and their interactions,
experimental design and evaluation of the results using various statistical tools, and subsequent
optimization with respect to a predefined objective. The iterative structure of the workflow
should also allow the incorporation of gained experimental data and process understanding
into the database and process model. All modules of the workflow will be evaluated and
critically reviewed.
A fundamental part of the workflow is the formulation of an appropriate process model to
describe the time- and location-dependent changes in substrate and product concentrations
in a packed-bed reactor, as well as the influence of the process conditions on the enzyme
kinetics. Initially, this process model should be able to reflect the process dynamics observed
in preliminary experiments. The formulation of the process model is complicated by the
novelty of the reactor design and the continuous reactor operation. In addition, the use of
immobilized enzyme retained in the reactor and the need to account for possible disperse
flow within the reactor packed-bed increases the level of model complexity. Furthermore,
only limited information on the enzymatic reaction is available in the literature, and an
adequate modeling approach is needed to describe the nonlinear influence of the hydrostatic
pressure on the enzymatic reaction at the process level. The integration of this approach
into the process model should enable the assessment of its suitability as an unconventional
but complementary process parameter. However, a trade-off between the process model
complexity and preservation of the computational performance has to be found as the process
model parameters are repeatedly adapted to consider experimental uncertainty.
After formulation of the process model, the process parameters and their interactions are to be
described and optimized simultaneously using the actual mDoE methodology. Process model-
ing, DoE, RSM and statistical tools are combined to reduce the number of time-consuming
individual reactor characterization and optimization studies, and accelerate the development
process. The final evaluation of the mDoE methodology is defined as the maximization of
the final CTP concentration reached at the end of the reactor bed. Nevertheless, the mDoE
methodology should also allow the utilization of different optimization objectives such as the
space-time yield (STY).

In the following paragraphs, current challenges in the development of biocatalytic processes
and the fundamentals of biocatalytic reaction systems as well as process control strategies
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will be discussed, representing the basis for the process model formulation. Furthermore, the
essential parts of the mDoE methodology such as DoE and response surface methodology
will be addressed to complete the iterative and uncertainty-based workflow for process design
and optimization. Subsequently, the procedure, advantages and challenges of the workflow
used for biocatalytic reaction systems will be elaborated in detail. Overall, the establishment
of the mDoE methodology as a fundamental design and optimization tool alongside other
optimization methods should enable the development of a variety of promising biocatalytic
reactions that have not yet been fully developed or are still under investigation [40]. As a
result, more economically competitive processes with an improved process understanding can
be realized.





3 State of the art

In the following, the current challenges in the development of biocatalytical processes are
elaborated and the basic understanding of the influence of various process conditions on the
activity and stability of enzymes is summarized. Furthermore, the principles of different
operation modes and the use of enzymes in continuous operated reactors are discussed. In
addition, the fundamentals of process modeling and experimental design, as well as their
combined application in the model-assisted DoE methodology, which is essential for process
optimization and understanding, are described.

3.1 Current challenges in the development of biocatalytical processes

Industrial biotechnology is regarded as an alternative and sustainable approach that offers
the possibility of replacing petroleum-based materials with renewable raw materials in the
manufacture of chemicals [62]. Despite the increasing interest and practical relevance, the
development of industrial bioprocesses faces a variety of challenges, e.g., high development
costs and times [58], comparably sensitive processes in terms of acceptable reaction conditions
and product concentrations [63] and the lack of systematic process design approaches[40],
which leads to slower development as expected [63–66]. In addition, due to the complexity
and variability inherent in bioprocesses the digitalization and automatization process is more
complicated than in conventional manufacturing processes [67].
Biocatalysts used in biotechnological processes offer advantageous features including high
substrate selectivity, chemoselectivity and the ability to carry out reactions at ambient pressure
and temperature with a wide range of substrates [8, 12, 65, 66, 68–71]. The biocatalyst itself
can be produced from biodegradable or renewable resources and is considered non-toxic
[70]. However, many biocatalysts are comparatively weak and not fully functional or stable
under harsh process conditions that can be encountered when they are used as replacement
for conventional catalysts in chemical reactions. Consequently, the biotechnological products
produced are less competitive than those from chemical processing, which makes them more
difficult to market. [63, 72–74] This fact is further reinforced by low oil prices and expanding
shale gas capacities, which stimulated new investments in chemical industry [62]. As a result,
only low volume and high price products, such as chiral monomers, drugs and other products
for biomedical and pharmaceutical applications, are generally more competitive because the
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high prices compensate for low efficiency and production costs [63, 66, 75].
To overcome the current challenges, among others, genetic [76–78] and protein engineering
[79], application of new reactor concepts [62, 80], enzyme immobilization [73] as well as
statistical and process modeling [81, 82] have been implemented in the last years to create
more efficient and sustainable systems [63]. In addition, high-throughput technologies [83–
85] and Digital Twins (DT) are used in enzyme screening as well as process design and
optimization [86]. Using high-throughput devices combined with sample handling stations,
high load of experimental data can be produced with reduced material and personnel costs [84].
DTs in particular represent in silico alternatives to purely experimental-driven approaches
by using mathematical process models [42]. It is to be expected that DTs will be become a
more important and valuable optimization method in many areas of application [86], but the
widespread use of DTs in biocatalysis is still to come today.
The judicious selection of available methods could facilitate efficient design and optimization,
gain process knowledge and understanding throughout the process, and improve the process
performance of existing or new processes [62, 73]. As a result, refined and efficient enzymatic
processes will be more widely applied in industry, reducing the gap between biocatalysts and
chemical catalysts [75].
One enzyme class for which improving process performance and efficiency is particularly
important in large-scale industrial applications are transferases (enzyme class two) [87], in-
cluding, among others, phosphorylases, transaminases and kinases [88]. Especially kinases,
have been subject of various optimization studies [89–92] and are of interest for many biotrans-
formations, e.g., for the production of amino acids [93], terpenoids [94] and 5'-nucleotides [95,
96] in food, flavor and pharmaceutical industry [93, 96]. However, the yield of transferases
can be moderate, e.g., in the production of optically pure stereoisomers [93]. Furthermore,
kinases, that can use inexpensive substrates as phosphate donors in 5'-nucleotide regenerations,
potentially face substrate inhibition by polyphosphates and are often dependent on the presence
of certain magnesia ion concentrations [96, 97]. Therefore, despite the promising applicabil-
ity of these biocatalysts in industry, the detailed influence of the process conditions on the
biocatalyst has to be investigated in more detail and summarized in a design and optimization
framework.
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3.2 Influence of reaction and process conditions on enzymes

To enable the use of enzymes in industrial scale, their catalytic properties have to be reviewed
and improved [15]. A variety of different improvement methods are available today to modify
and improve enzymes and process conditions.

3.2.1 Activation and stabilization of enzymes

In biocatalytic processes, high enzymatic activity, stability and stereoselectivity are sought
[98, 99]. However, enzyme activation and deactivation as well as the enzyme stability are
strongly influenced by the applied reaction conditions and physical environment [14, 99]. The
influence of pH, temperature, salts and reaction medium has been comprehensively discussed
in the literature [16, 100, 101]. In the last decade, the effect of hydrostatic pressure on proteins
in microbial, biochemical and biotechnological processes [102, 103] and in particular on
enzyme stability and activity has been discovered and investigated [8]. On the one hand,
hydrostatic pressure showed a proven impact on enzyme activity due to changes in, i.e., the
enzyme conformation, solvation, chemical equilibrium, and on the immobilization support
and immobilization bonding [8]. On the other hand, it is presumed that the pressure-induced
stabilization effect appears due to, i.e., intramolecular interactions, hydration of charged
groups and stabilization of hydrogen bonds [8]. At relatively low hydrostatic pressures of
up to 2000 bar and at room temperature, hydrostatic pressure only impacts relatively weak
chemical bonds, i.e., hydrogen, hydrophobic and ionic bonds [103]. The enzyme stability,
activity and structure itself, the physical solvent properties (e.g., pH, density, viscosity) that
impacts the enzyme or the rate-limiting step are influenced by hydrostatic pressure [3, 8].
Based on the LeChatelier's principle, enzymatic reactions with a change in the reaction volume
are affected. More specifically, the enzymatic reaction shows a dependence on the magnitude
and sign of the change in reaction volume. [8, 18, 103–107]. Hydrostatic pressure have been
also used in biocatalysis to alter the reaction conditions. As shown by Bolivar et al. (2019),
gas-liquid transfer limitation were overcome by applying hydrostatic pressures of up to 34 bar
to increase the solubility of oxygen in the reaction medium. [108] Due to the decreasing
price of high hydrostatic pressure processing and the beneficial influence on biocatalysts [8],
it is to be expected that the application of high hydrostatic pressure will find its way into
many areas of biocatalysis as an independent or complementary process parameter. However,
enzyme-specific hydrostatic pressure-dependencies and interactions with other influencing
process conditions have to be investigated.
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3.2.2 Effect of hydrostatic pressure on transferases

In the past years, transferases (enzyme class 2) have been used for the generation of different
drug candidates and metabolites. They are capable of transferring a variety of functional
groups such as formyl or phosphate groups in the case of polyphosphate kinases (PPKs)
[109–112]. The transfer of phosphate groups is of particular interest as different nucleoside
triphosphates (NTPs), e.g., adensoine-5'-triphosphate (ATP) and guanosine-5'-triphosphate
(GTP), can be regenerated, which are essential for almost all biosynthetic activities of cellular
life and common enzyme cofactors [96, 111, 113]. PPKs are able to use inexpensive and
stable polyphosphate salts as the phosphate donors and are therefore considered promising
candidates to meet the demand for industrial enzyme cofactor regeneration [96]. As described
by Tavanti et al. (2021), established NTP regeneration systems based on other kinases are
hampered by cost, availability of the phosphate donor and the need for enzyme cascades
to regenerate NTPs from nucleoside monophosphates (NMPs) [96]. The regeneration of
additional NTPs such as CTP is also possible due to the broad substrate specificity of PPKs
[114]. Compared to hydrolases (enzyme class 3) [73, 104, 115, 116], for which the influence
of hydrostatic pressure has already been studied, the investigation to describe the influence on
transferases, in particular on PPKs, has not yet been described in the literature.
Recently, Schmalle and Arndt et al. (2024) published first findings on the influence of hydro-
static pressure on the stability and activity of a PPK from 𝑅𝑢𝑒𝑔𝑒𝑟𝑖𝑎 𝑝𝑜𝑚𝑒𝑟𝑜𝑦𝑖 (RpPPK2-3).
In a hydrostatic pressure range of 0 to 800 bar, the specific activity initially increased with
increasing pressure and then decreased at 800 bar. The results and knowledge gained were
then used to increase the final product concentration in a cofactor regeneration process. [117]
This study demonstrated that a systematic and efficient process development is useful when
investigating novel enzyme activity and stability improvement techniques.

3.3 Bioreactor operation modes

The choice of reaction system and mode of operation is crucial in the design and optimization an
effective and economical bioprocess. Based on the selection, considerably different biological
performance, control effort and costs can be expected. [118, 119] Generally, process strategies
in the field of biotechnology can be distinguished into discontinuous, i.e., batch and fed-batch,
and continuous operation mode [80, 120, 121].
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3.3.1 Batch operation mode

In batch operation mode, the substrate concentration decreases over time and the product is
recovered after the reaction is complete. Generally, the composition and conversion of the
reactor content is defined as a function of time and full conversion is often achieved after
sufficient time if a favorable equilibrium exists. [40, 74, 122] Despite the ease of operation
and robustness, disadvantages of batch operation are the low volumetric productivities and
labor intensity [123]. Today, a variety of enzymatic reactions are still performed in batch
operation mode [124–126].
Stirred tank reactors (STR) are often operated in batch operation mode. Ideal hydrodynamics
in terms of mixing with uniform temperature and composition profiles are generally assumed.
[40, 74, 118] STRs in batch mode are mainly used for liquid phase reactions and regarded as
simple, reliable and flexible. They are extensively used in biotechnological and pharmaceutical
industry at a small scale for the production of several products with the same reactor equipment
[118]. In addition, batch operation in STRs is favored to avoid contamination and fouling
due to simple cleaning and sanitation procedures. Furthermore, the capital investment for
construction, control and instrumentation is relatively low compared to reactors operated in
continuous operation mode. However, batch operation in STRs can be associated with high
material handling costs and should not be used if the reaction is strongly inhibited by the initial
substrate concentration or if rather unstable products are formed. In these cases, fed-batch
(semi-batch) operation in which additional reactants are gradually added to the batch operated
reactor over time, or continuous operation can be considered, respectively. [40, 80, 118, 120,
122, 127].

3.3.2 Continuous operation mode

Continuously operated reactors are considered to be “more efficient and sustainable” com-
pared to reactors operated in batch mode [80]. In the continuous operation, the reactor is
continuously supplied with material, e.g., substrates. At the same time, to maintain a constant
volume level and working volume, an equal quantity of reactor content is discarded [118, 122,
128]. In contrast to the batch operation mode, the costs per product unit are lower and the
reaction conditions can be better controlled, resulting in high process stability, but a thorough
understanding of chemical and engineering aspects is crucial, particularly when transferring a
process from batch to continuous operation mode [128]. With regard to the reaction performed,
continuous operation is favored if the reaction is inhibited by the substrate or if large production
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capacities are involved [40, 118]. Therefore, also rather unstable products can be produced
due to their low residence time and low accumulation of toxic or inhibitory byproducts in the
reactor [119].
The continuously stirred tank reactor (CSTR) is a common type of continuously operated
reactor. Similar to the STR, ideal mixing and homogeneous distribution of the reactor contents
can be assumed. Since effluent is continuously discharged at the reactor outlet, the operating
conditions must be well controlled to minimize substrate loss due to incomplete reaction, and
(bio-)catalysts must be retained within the reactor. [122] In addition to the CSTR, tubular
plug flow reactors can be used in continuous operation [129]. Under ideal and steady-state
conditions, a flat velocity profile with no axial diffusion or back-mixing is assumed [74, 118,
128]. Therefore, the concentration profile over the length of the reactor is the same as for a
batch operation over time [122]. In biocatalysis, this reactor type can be used as an alternative
to a CSTR, especially to determine specific characteristics and parameters such as diffusion
limitation, turnover number, retention time, leaching and enzyme deactivation [40, 74].

3.4 Continuously operated packed-bed reactor

The packed-bed reactor is a common type of continuously operated reactor, often used with
heterogeneous catalysts in chemical transformations and biotechnology, paving the way for
process intensification [74, 128, 130, 131]. The catalyst material, among others glass, polymers
or stainless steel in the form of columns or cartridges, is embedded and retained within the
reactor [72, 128, 132]. As a result, subsequent separation steps can be omitted and maintenance
is reduced leading to lower overall production costs [128, 130]. Biocatalysis carried out in
continuous packed-bed reactors can be more productive and sustainable compared to batch
processes [133]. Furthermore, enzymes can be reused if they are used in immobilized form [80,
134]. Among others, this was shown for immobilized lipase by Chen et al. (2011) [135] and
for invertase by Albertini et al. (2012) [136]. However, leaching of the biocatalyst can occur
and the conversion strongly depends on the catalyst particle size. Larger particles possess a
relatively low volume-to-surface ratio which leads to reduced reaction rates at the catalyst
surface. Small particles potentially lead to high back pressures and clogging of the filter units
at the end of the reactor column. [128] The usage of porous particles can compensate for the
smaller volume-to-surface ratio of larger particles [137].
An advantage over STRs is the reduction of shear forces in packed-bed reactors and the
higher loading of biocatalysts, i.e., biocatalyst surface area per unit of reaction volume [72],
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resulting in an increased productivity [122, 130, 131]. Furthermore, it has been shown that
hydrodynamic limitations due to high viscosity can be reduced and comparably high substrate
conversion rates as well as operational stability are achieved [72]. However, packed-bed
compaction and flow channelling potentially limiting the mass and heat transfer are the major
disadvantages of packed-bed reactors [72]. To compare the conversion of the catalyzed
reaction in continuous and batch reactors, it is useful to express the conversion in terms of
productivity or space-time yield, as the conversion is determined either under stable process
conditions at the steady state or for the entire process time including the start-up phase [128].
When working with a packed-bed reactor, a number of operational variables are of interest,
including residence time, flow behavior and diameter-to-height ratio [80]. The time between
start and termination of a continuous process and the position where constant substrate or
product concentrations are reached can be defined as the residence time [128]. By manipulating
the residence time, the conversion is increased, generally at the cost of lower productivity
[80]. In addition to the residence time, the residence time distribution is considered to be
important especially if the reaction volume is smaller than the actual reactor volume. It is
defined as “the probability distribution of time that solid or fluid materials stay inside one
or more unit operations in a continuous flow” [138]. In packed-bed reactors, a laminar or
parabolic flow profile rather than an ideal plug flow can be observed, which results from
axial convection and radial diffusion as a consequence of the use of mechanical pumps and a
strong pressure drop along the column wall. [128, 139] This velocity profile leads to sample
dispersion along the path of the fluid, i.e., not all fluid elements entering the reactor leave the
reactor outlet at the same time, and to the formation of a residence time distribution [128].
Furthermore, the diameter-to-height ratio can affect the overall conversion and productivity as
smaller reactor diameter increases the mass and heat transfer. In order to compensate for the
small diameter and to be able to use larger quantities of biocatalysts as required in industrial
applications, long reactor columns are desirable. [80] Finally, due to the use of different
biocatalysts, immobilizates, reaction media and flow conditions, compromises must be made
on a case-by-case basis.

3.5 Process modeling

Mathematical process modeling is an essential building block to overcome current challenges
in biotechnology and to enable knowledge-based process design and optimization. Today,
new modeling concepts can be used to simulate and predict process dynamics in different
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bioreactor configurations and modes of operation and are considered key to the digitalization
of biotechnology. [40, 44, 67, 140]

3.5.1 Fundamentals of process modeling

Mathematical process models, including kinetic models, are increasingly used to efficiently
predict a bioprocess under different reaction conditions and to evaluate the process operability,
limitations and robustness [32, 39, 40, 58, 65, 141, 142]. The increased interest in process
models and simulation also originates from growing manufacturing costs, shorter development
times required and the need to eliminate process inefficiencies [58]. They can not only be
seen as a quantitative description of natural phenomena [143] using analogies [41], but also
as tool for decision-making[58] and reaction engineering [82]. Generally, process models are
considered as “an initial starting point to obtain a deeper process understanding during the
bioprocess life cycle” [42]. In biotechnology, process modeling has been used to describe the
dynamics of cell culture [35, 144–146], microalgae [142, 147, 148], fermentation [32, 57]
and biocatalytic reaction processes [149, 150].
A process model should not only describe different types of bioprocesses, but ideally also be
applicable to different bioreactor configurations and scales [42]. Furthermore, appropriate
mathematical bioprocess models not only form the basis for the description and efficiency
of bioprocesses, but also enable the application of model-based control strategies and the
improvement of process knowledge [38, 58, 147, 151–153]. Among others, the characteristics
of complex interactions occurring in bioprocesses can be studied and biological information
can be stored as equations [34]. Despite the wide range of applications, mathematical process
models fundamentally require high quality information and knowledge about the input, output
and their relationships as well as internal variables of the bioprocess [39, 58, 65, 154]. Fur-
thermore, the dynamics, the high complexity resulting from the non-linear biological behavior,
bioprocess variability and limited amount of high-quality data, can complicate the modeling
process and the application of model-based methods [147, 148, 152, 153, 155, 156]. As a
result, an adequate compromise must be found between the complexity of the process model,
the adaptability, predictive capability and the experimental effort, e.g., for estimating the
model parameters, particularly in the beginning of model and process development [42].
A special application of mathematical process models is their use in DTs. DTs are considered
a promising in silico alternative to purely experimental-driven approaches. [42] According to
Barricelli et al. (2019), a DT is defined as a virtual machine “simulating, emulating, mirroring,
or “twinning” the life of a physical entity, which may be an object, a process, a human, or a
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human-related feature” [157]. In other words, DTs are virtual copies of processes and their
inherent mathematical process models can vary in their requirements for expert knowledge,
computational needs and applicability [67]. Today, DT-based concepts are already used
in the manufacturing of biopharmaceuticals and other biotechnological fields [42, 157] to
describe the mechanical, physical and (bio-)chemical structures of a bioprocess [42]. The
predictions made with process modeling and knowledge-based methods which are part of DT
also aimed at reducing resources in terms of experimental effort [67, 158]. Fundamental to the
successful use and implementation of a DT is the clear definition of the objective to overcome
the challenges of biotransformation development, data collection and processing [67].

3.5.2 Classification of mathematical process models

Before creating a process model, a number of aspects must be considered, including the
biophysical and biochemical mechanisms, the components involved and their interactions,
the mode of operation, the reactor design and the action of process control, but also the
fundamental problem the model intends to address [34, 50, 65]. On the one hand, a process
model can be classified as deterministic or stochastic. Compared to deterministic models
which are based on experimental observations, knowledge about the structure of the reaction
network and predict a single outcome for a given state, stochastic models take uncertainty and
fluctuations inherent in the investigated systems into account and predict a range of possible
outcomes. [34, 143, 159] This is done by implementation of probabilistic based variation
of input variables. An advantage of determinsitic process models is their capability to be
calibrated to a specific data set by adjusting biological and physical process parameters [160].
Disadvantages are the complex structure and high number of kinetic parameters and their
interactions [161].
On the other hand, further classification can be made for mechanistic, based on deterministic
principles, and empirical process models [31]. Mechanistic models rely on physical and
chemical laws, considerable understanding of the modeled system and knowledge as well as
relations are summarized in material and energy balances. Only relatively low amount of data
are needed, but the set of equations can be complex. They are used to identify critical process
variables and to plan experiments in microbial fermentation, biocatalysis and mammalian cell
culture. [41, 42, 162, 163] Empirical models are derived from the analysis of data with less
system knowledge and non-mechanistic parametric equations [36, 41]. They are also named
black-box model [164]. The fundamental classification of black-, gray- and white-box models
is comprehensively described in literature [34, 36, 165]. Using empirical models, input-output
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relationships can be characterized even in complex systems, but many experimental data may
be required to investigate relationships between model inputs and outputs. Today, empirical
models are predominantly applied in the field of manufacturing and artificial neural networks
and machine learning. [41, 50] Advantages and disadvantages of mechanistic and empirical
process models are further discussed and summarized in literature [36, 42, 50].
The formulation of the existing equations as dynamic differential equations or time-independent
static equations is decisive for the subsequent usability of the process model. Dynamic process
models determine the progression of the represented process over a predetermined time horizon
and not only for a certain time point, e.g, steady-state. Disadvantages of dynamic models are
the higher complexity, i.e., high nonlinear terms and large number of model parameters, and
the resulting computational demand. [34, 166] Nevertheless, their are widely used in many
areas of application today.
Recently, new process modeling concepts have been proposed. In the hybrid modeling
approach, the advantages of different process model classes, e.g., mechanistic and empirical
models, are combined. The basis of the hybrid model is often a mechanistic model describing
the phenomena observed in the bioprocess. The proportion that cannot be expressed by the
mechanistic model using known kinetic equations or balance equation, is then described by
the hybrid model counterpart, e.g., data-driven machine learning or artificial neural networks.
These hybrid models can be used for accurate online monitoring, bioprocess prediction
and optimization. [36, 41, 42, 148, 167] Despite the variety of process models that are
available today, the selection of an appropriate process model can be difficult. In addition,
the combination of different modeling techniques and corresponding evaluation methods in a
systematic framework do not exist.

3.5.3 Kinetic models

Sin et al. (2009) proposed the distinction of models used in the field of biocatalysis into four
levels depending on their scope and purpose. In the first level, catalytic models are used to
describe the catalysis at the molecular level and to predict reaction selectivity. The second level
is covered by reaction models that incorporate kinetic models to describe mechanisms and
intrinsic rates as a function of concentration, pH and temperature. The third level is represented
by reactor models, which use of the reaction models and account for mass balances as well as
hydrodynamic conditions. Process models are the top level and incorporate all other levels.
They are frequently used as a complement to experimental studies and as an in silico tool
to evaluate the overall process behavior and process performance. Due to this structure, the
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complexity of the final process model increases with increasing detail of the individual levels.
[37] As a consequence, simplified kinetic models, e.g., the Michaelis-Menten type kinetic
reaction model, are widely used in the second level. [37, 168] These kinetic models can
be often expressed by single rate equations and include a kinetic dependence from pH and
temperature as well as substrate or product inhibition. [37]
Reaction and kinetic models are still predominantly used in biocatalysis, among others, to find
optimal operation points and increase the process understanding [82]. Jurado et al. (2004)
used different kinetic models to describe the enzymatic activity in dependence on pH and tem-
perature as well as the resulting deactivation [16]. Vasic-Racki et al. (2003) comprehensively
showed the benefits of kinetic models in process modeling for several enzymatic reactions
performed in batch and continuously operated reactors also considering different types of
inhibition, e.g., for the continuous (R)-mandelic acid production. [82] Reaction condition
optimization was presented by Zhong et al. (2017) for the synthesis of cellobiose from sucrose
using three thermophilic enzymes and a Michaelis-Menten-based kinetic model [169]. In
addition, a xylan and cellulose hydrolysis process was modeled using a combined transport
and kinetic model with further validation in biorefinery experiments by Prunescu and Sin
(2013) [170]. Since the kinetic models are to be used not only for kinetic investigations, but
also in combination with reactor models for process design and optimization, the resulting
process variables and cause-effect relationships that can be observed outside the enzyme's
microenvironment must be investigated.

3.6 Design of Experiments

In bioprocess development the performance of the process can be affected by numerous
process variables and raw material properties [49]. As a result, these processes require
effective statistical methods to generate and collect large amounts of information-rich data
to draw sound conclusions in research. One solution is the use of statistically designed
experiments. [50]

3.6.1 Design of Experiments: Fundamentals

The basics of statistical design of experiments have been known since the 1900s [52] and used
in engineering, agriculture, medical and logical science [50, 51, 171]. In the past, however,
Design of Experiments (DoE) has not been widely used in biological research and bioprocess
engineering [50]. Due to the increasing complexity of processes and process variables [42], the
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availability of mathematical process models, the emergence of process analytical technology
(PAT) and process intensification as well as the need to improve the bioprocess efficiency,
DoE methods are now being increasingly utilized in biotechnology applications [42, 50,
52]. Among others, DoE has been used for biotechnological unit operations[38, 49], media
formulation [46, 52, 172], cell culture processes[45, 50], microbial fermentation [33, 173]
and microalgae processes [47]. In biocatalysis, DoE has only been used to a comparatively
small extent, for example, in the optimization of biocatalytic biodiesel production [174].
In general, DoE methods are based on sound and logical statistical principals [175] and
represent systematic tools in bioprocess development to assess the interdependence of multiple
process variables on outcomes, also called responses and factors, which may be critical quality
attributes (CQA) of a process, e.g., the final product quality. In addition to conventional
bioprocess design, DoE can be used in process validation with an optimized number of
experiments [38, 42, 45–48, 53]. Unlike OFAT approaches, which only change one variable
at a time, multiple factors are examined simultaneously by DoE [45, 46, 49] by a small set
of carefully planned experiments [50]. As a result, the process knowledge and information
are increased and maximized with a minimum use of resources, i.e., time, costs and material
[50, 51, 175]. DoE methods also allow for an efficient planning, exploration and narrowing of
the design space which is defined by the selected minimum and maximum factor values [42,
48–50, 54]. The design space is mainly based on extensive expert knowledge and findings
from preliminary experiments and is referred to as the area in which product quality can be
assured [42, 53, 176]. The number of factors and factor minimum and maximum values as
well as the design plan and objective of the DoE itself are critical and have to be selected
carefully beforehand [42, 53]. An inappropriate choice of the factor limits, leading to a design
space that is too narrow or too wide, could reduce the usefulness of the DoE outcome [52]. In
addition, in reality, DoE methods can lead to a huge process development effort with multiple
rounds of time-consuming experimentation [42].
After exploring the design space and identification of the interdependence of factors and
responses, the outcome of the experimental design can be used to create an empirical model.
The empirical model correlates the responses to the systematically varied critical factors [33,
49–53]. Considering the challenges emerging using DoE methods, systematic approaches
for the evaluation and selection of an optimal DoE design and the understanding how factors
affect responses and process dynamics are essential today [33, 49].
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3.6.2 Common DoE approaches

To overcome the limitations of OFAT approaches, the DoE method is used as an efficient
tool for the evaluation of experiments and main effects on process outcomes [45, 49, 50, 177,
178]. To use DoE in process development or optimization, range-finding studies and process
characterization have to be conducted first [38]. The factors to be investigated are often
selected based on the experience of the researcher [175]. After the factors are defined, process
relevant factors can be identified using a full factorial or fractional factorial design, and the
experimental space is evaluated, also called initial screening [52]. More precisely, the impact
of factors on responses is determined, [38, 45, 52, 179] which precedes the optimization of
the bioprocess [180]. As described in literature, the Plackett-Burman (PB) design can be also
used to screen and efficiently estimate linear effects between factors and the approximation of
the local response surface generated by the resulting responses [179–181]. However, these
experimental designs are not used for the subsequent optimization of bioprocesses [182].
For the full factorial design, 2n trials are needed for n factors representing a complete design.
The incomplete fractional factorial (2n−k, reduced by k steps) and PB design require fewer
trials. [52, 180, 181] It is assumed that main effects and interactions of one or more factors
on the predefined response can be evaluated using the full factorial design [181]. For the
PB design, it can be assumed that main effects are dominant and interaction effects (higher
order effects) are neglectable [172]. Kalil et al. (2000) propose the use of the PB design for
the identification of relevant factors in the beginning of optimization with subsequent use of
factorial design and surface response analysis [180]. The special feature of the PB design
is that the number of trials is a multiple of 4 and not a power of 2, as for fractional factorial
design, to obtain an orthogonal main effect plan. In the PB design for n factors and two
levels, the levels are either -1 or 1 (low and high factor value). [172, 175, 179]. However,
the reduction of factor experiments in the fractional factorial and PB design can reduce the
statistical quality. Once the factor combinations have been determined, it is suggested that the
entire test series be carried out randomly. [52] To avoid areas of free design space and avoid
bias, so called space-filling designs as Latin hypercube sampling design (LHSD) can be used.
Compared to other DoE methods, the LHSD results in an evenly filled room with an even but
random distribution of factor combinations[181], which, however, leads to a high number of
trials.
As the bioprocess optimization process progresses, the maximization of the predefined response
via an appropriate experimental design and RSM is suggested [48, 49, 179]. Compared to
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screening approaches, more complex designs are often used in RSM to mathematically describe
the influence of factors on responses. Various combinations of screening and optimization
designs used in bioprocess optimization are summarized in the work of Kasemiire et al. (2021).
[182] On the one hand, the selection of the optimization design depends on the nature of
the study, i.e., optimization or robustness study, and the number of factors to be investigated
and the interactions itself, e.g., linear interactions [48, 182]. On the other hand, the selection
depends on available resources, i.e., cost, materials and time [48]. For first-order designs
applied in RSM, e.g., a full factorial design, the first-order regression models represent a plane.
These designs can only be used until the true local response surface exhibit greater curvature
closer to the area of the peak. The curvature can only be represented by second- and higher-
order designs and models. [179] Commonly used second-order designs for optimization are
the I-optimal, D-optimal, Box-Behnken (BBD), Central-Composite (CCD) and space filling
designs [49, 179]. The D-Optimal, BBD and CCD are widely used for RSM [49, 183]. The
BBD, CCD and D-optimal designs for 3 factors and 3 levels are depicted in Figure 3.1 [149,
179, 184]:

Figure 3.1: Left: Box-Behnken-Design. Mid: Central-Composite-Design with trial points outside the
experimental space. Right: D-optimal design. Black points represent the experimental trial points and
the red point represents the central point. Modified from Davim (2016) [185].

Mid-points of edges in the experimental space are considered in the BBD, whereas corner
points and out-of-boundary points are omitted. This allows experimentation around extreme
factor combinations. Compared to the CCD, fewer factor combinations (trial points) are
received [42, 185, 186]. According to Annadurai et al. (1998), the BBD is preferable because
a relatively low number of experimental combinations are needed to sufficiently estimate
complex response functions and second-order response models [177, 187]. However, the BBD
should be only used if the experimental boundaries are known [185]. CCD has already been
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used in the investigation of biocatalytic reactions together with RSM [178, 188]. Depending
on the purpose, the CCD can be favorable since the design covers a larger volume with five
factor levels (built from 2n design, center points with corner and star points) and can better
capture strong curvature and cubic responses [52, 176]. Furthermore, compared to the BBD,
the accuracy of the estimates over the design space is higher for CCD due to the location of
the experimental factors. In addition, extreme regions at the corners are poorly estimated for
the BBD [186]. Compared to the BBD and CCD, quantitative and qualitative factors can be
included into the D-optimal design, and variance of the regression coefficients is minimized
[183]. Using the D-optimal design, the D-criterion is used which is further described in
literature [189, 190].
The experimental results obtained can then be used to predict the parameters of an empirical
RSM, to describe the factor interactions on the responses and to define an optimal experimental
factor combination. The main disadvantages of common DoE methods are still the high number
of time-consuming experiments and the high costs, particularly in the early stages of process
design due to the high complexity and sensitivity of factors, even when using high-throughput
technologies. [33, 45, 49, 57] In addition, user or expert knowledge is critical and a prerequisite
for determining an appropriate design space which can lead to multiple rounds of iteration
and wrongly chosen limits in the design and optimization of a bioprocess, which results in a
reduced increase in process knowledge [42, 45, 57].

3.6.3 DoE modeling

The data obtained from the DoE can be further analyzed by regression analysis and is rep-
resented by a linear or multiple-linear regression model for two or more independent and
quantitative factors. Using the regression analysis, the relationship between independent
factors and responses is described and illustrated as response surface [48, 49, 179].
Standard first-order designs for first-order regression models are the 2n factorial experiment and
the 2n−k fractional factorial design [176, 179]. The standard first-order polynomial regression
model for one factor and experimental combination, also called treatment combination x, can
be formulated as a linear function [179]:

𝑌𝑥,𝑡 = 𝛽0 + 𝛽1𝑥1 + 𝜖 (3.1)
with Yx,t as the 𝑡-th observation of treatment combination x1,...,n, 𝛽0 as the intercept, 𝛽1 as the
regression coefficients describing the linear effect of x1 . The 𝜖 represents all minor sources
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of variation (random-error variable with 𝜖 ∼ 𝑁
(

0, 𝜎2
)). For more factors n and treatment

combinations x1,...,n, the regression model can be written in a more general form:

𝑌𝑥,𝑡 = 𝛽0 + 𝛽1𝑥1 + ... + 𝛽𝑛𝑥𝑛 + 𝜖 (3.2)
The linear effects 𝛽0 and 𝛽1 are estimated using least square estimates to fit the first-order
model to collected data at different treatment combinations x1,...,n. By this, the estimated mean
response 𝑦̂ can be formulated as a function of 𝑥1 [179]:

𝑦̂ = 𝛽0 + 𝛽1𝑥1 (3.3)
𝑦̂, also called fitted model, enables the prediction of new response values for any treatment
combination [179]. Similar to Equation (3.1), 𝑦̂ for n factors can be formulated as:

𝑦̂ = 𝛽0 + 𝛽1𝑥1 + ... + 𝛽𝑛𝑥𝑛 (3.4)
First-order polynomial regression models can be further extended to higher-order models
with two or more quantitative factors. This can be necessary in the case of a lack of fit of
the first-order model and an inadequately approximated local response surface. Additional
factor combinations should be collected. The lack of fit can be attributed to, e.g., two-factor
interactions or quadratic effects which can be described by 𝑝-th-degree polynomial regression
models. [176, 179] As a result, the resulting mean response is a function of additional variables
and defines a response surface instead of a regression line in three dimensions [179].

3.7 Response surface methodology

The RSM is considered an extension of the standard regression analysis and effective tool
commonly used in conjuncton with DoE to reduce the experimental effort and time in opti-
mization approaches [149, 176, 178]. This methodology relies on the generated regression
models and provides improved process understanding and information about the relationships
between user-defined experimental factors and observed responses y𝑖 in the experimental
space [45, 60, 176, 185, 187]. The responses are affected by different levels of the defined
factors, and an optimum factor combinations can be located using statistical tools [176, 178,
185]. A recognizable drawback of RSM is the “only one point in time” consideration in the
development of the regression model. In most cases, the endpoints, also called endpoint
description, are used as responses and the course of the process with possible deviations over
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time is not assessed [167]. Therefore, the careful selection of sampling points or process
termination is of great importance in RSM.

Regression models for RSM
To generate the response surface, the order of the regression is defined and the coefficients of
an empirical response surface model, which describes the response surface in 1+p dimensions,
are predicted first using the least-square method [179, 187]. The least-square method is
comprehensively explained in Dean et al. (2017) [179]. Then, the mean responses 𝑌x,t are
plotted as a function of the factor combinations suggested by the design plan[179]. In addition,
an optimal factor combination is predicted to minimize or maximize the response [45, 177,
187].
The standard second-order model Yx,t considering two-factor interactions and higher-order
effects can be formulated as [179]:

𝑌x,t = 𝛽0 +
𝑛
∑

𝑖=1
𝛽𝑖𝑥𝑖 +

∑

𝑖<𝑗
𝛽𝑖𝑗𝑥𝑖𝑥𝑗 +

𝑛
∑

𝑖=1
𝛽𝑖𝑖𝑥

2
𝑖 + 𝜖 (3.5)

Yx,t denotes the 𝑡-th response observed for all factor levels 𝑥𝑖. 𝛽𝑖, 𝛽𝑖𝑗 and 𝛽𝑖𝑖 are the linear,
interaction (cross product coefficient) and the quadratic effects, respectively. In a multiple-
linear regression model, interactions higher than the first order are neglected resulting in fewer
experimental combinations needed to estimate the complex response function [177, 179].
For higher-order designs and models (order 𝑝), the polynomial standard form of the fitted
regression model with the mean response 𝑦̂x,t (general form see Equ. (3.4)) with treatment
combinations x1,...,n can be written as a 𝑝-th-degree polynomial regression model:

𝑦̂x,t = 𝛽0 +
𝑛
∑

𝑖=1
𝛽𝑖𝑥𝑖 +

∑

𝑖<𝑗
𝛽𝑖𝑗𝑥𝑖𝑥𝑗 +

𝑛
∑

𝑖=1
𝛽𝑖𝑖𝑥

𝑝
𝑖 + 𝜖 (3.6)

Usually, the exact form of the polynomial function is unknown but it is assumed that the true
response curve is approximated by the regression model. According to Dean et al. (2017), it is
recommended to use the simplest model that provides an adequate fit to prevent overfitting of
the linear or polynomial model [179]. Overall, the three main purposes of regression models
are [191]:
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1. Definition of a relationship between 𝑌x,t and the treatment combinations x1,...,n to predict
process responses for a given set of factor values.

2. Determination of significant factors.

3. Determination of an optimum set point of factors to maximize or minimize the response
for a predefined experimental space.

3.8 Model-assisted Design of Experiments

The systematically evaluation of different design plans and DoE modeling is needed to predict
process responses and correlate them to experimental factors [49]. To overcome the still
high workload associated with first- and second-order designs, the mDoE is proposed [45,
57, 60]. In the mDoE methodology, a mathematical process model is used to simulate
factor combinations suggested by an experimental design plan in a predefined experimental
space [45]. The experimental space reflects user-defined constraints and represents, among
others, technical limitations [40]. The resulting responses are assessed and optimal process
conditions according to the optimization objective are determined. By this, only favorable
factor combinations are experimentally performed and undesirable factor combinations are
ruled out in advance. [38, 45, 60]. In addition, the drawback of RSM, the “only one point
in time” consideration and endpoint description, is overcome as various time- and endpoints
of the DoE factor combinations can be simulated. Therefore, the mDoE methodology has
not only descriptive but also predictive capabilities. Similar to the previously described DoE
methods, prior knowledge is needed to define factors, set factor limits and select an appropriate
regression model.
The general mDoE methodology for the simulation and evaluation of experimental designs
can be divided into six parts and is shown in Figure 3.2.
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Figure 3.2: General structure of the model-assisted Design of Experiments methodology [45, 57, 60].

First, the objective of the study, i.e., the optimization target, is defined [57]. Second, the
mathematical process model is formulated by prior knowledge or first-stage experimentation.
According to Arndt et al. (2020) [144] and Moser et al. (2020) [57], model parameters that are
part of the process model are repeatedly adapted to a low number of experimental data. Third, a
first- or second-order design plan is selected depending on the expected structure and curvature
of the response surface (RSM), and the factors as well as responses which are to be investigated
are defined. Fourth, the experimental design plan is generated under consideration of the
experimental space. [45] Fifth, the single factor combinations are simulated and responses
are used to generate an empirical regression model and response surface plots. Therefore, the
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simulated responses yi are treated in the same way as experimental data. At the end of the
mDoE methodology, the regression model and results are analyzed and the desirability function
𝐷 can be calculated for yi with user-defined constraints. The main advantage of the desirability
function is the standardization of the multidimensional optimization problem to one function.
[42, 45] The mDoE methodology enables the selection of an appropriate experimental design,
the establishment of optimization criteria, the definition of a well-defined design space, and
the evaluation of the importance of model parameters and factors before costly experiments are
fully conducted [45, 57, 60]. However, the mDoE methodology represents only one part of the
overall bioprocess design and optimization approach. Together with the preliminary analysis
of the process, the building of the process model and the final evaluation of the results, a
complementary approach is created. A continuous improvement of the predictive capabilities
of the process model and the process understanding, would be achieved by integrating the
mDoE methodology into an iterative workflow.

3.9 Alternative model-based approaches for the design of bioprocesses

In addition to the mDoE methodology, alternative approaches have been used in bioprocess
design and optimization. In the following, 𝑎 𝑝𝑟𝑖𝑜𝑟𝑖 models and the use of model-predictive
controller are discussed.

3.9.1 A priori modeling

𝐴 𝑝𝑟𝑖𝑜𝑟𝑖 modeling is mainly based on knowledge gained from former experiments or literature
to describe underlying phenomena or cause-effect relationships influencing the bioprocess
dynamics [192]. In general, the collection of 𝑎 𝑝𝑟𝑖𝑜𝑟𝑖 knowledge represents the first step
in building a model, however, in the field of bioprocess modeling, 𝑎 𝑝𝑟𝑖𝑜𝑟𝑖 biochemical
knowledge is often incomplete and only the most relevant reactions are considered. This can
lead the reduction of the overall complexity of the 𝑎 𝑝𝑟𝑖𝑜𝑟𝑖 modeling approach. [193] After
the 𝑎 𝑝𝑟𝑖𝑜𝑟𝑖 model is formulated and the process is modeled, experiments are performed and
evaluated. Crucial to the continuous improvement of bioprocess models and understanding is
the extension of existing 𝑎 𝑝𝑟𝑖𝑜𝑟𝑖 knowledge through new insights and information gained
by analyzing experimental or simulated data. The 𝑎 𝑝𝑟𝑖𝑜𝑟𝑖 knowledge is also used in hybrid
models, e.g., to take intracellular reaction kinetics into account [194].
Another 𝑎 𝑝𝑟𝑖𝑜𝑟𝑖 approach is to use of the developed process model to generate a response
surface without setting up an empirical regression model. The factor combinations suggested
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by a DoE and needed for RSM application in mDoE could be extended by an arbitrary number
of combinations in the experimental space. As a result, the entire experimental space is
simulated and investigated, process dynamics are considered and rather extreme peaks or
minima in the response surface can be detected. Furthermore, compared to conventional RSM,
not only an endpoint analysis is conducted, but the regression of the response surfaces over
time can also be displayed. Latin hypercube design would be a possible sampling method
for this approach. Subsequently, common RSM analysis is performed. However, depending
on the number of factor combinations and the process model complexity, the computational
effort could be high.

3.9.2 Model predictive control

The optimization and control of bioprocesses is a challenge due to the non-linearity and non-
stationarity, which causes conventional methods, e.g., model-free controller, to not succeed
[195]. As part of the process analytical technology in bioprocessing, a model predictive
controller (MPC) enables an enhanced bioprocess understanding with a minimized process
variability, i.e., minimal deviation of process states, by the control of real-time CQAs [196].
Until now, MPCs have been used in many industrial fields and today, are recognized as ad-
vanced control technique [195]. With a MPC, the courses of predefined CQAs are predicted
on-line and not before the start of the experiments as with 𝑎 𝑝𝑟𝑖𝑜𝑟𝑖 models, while the bioprocess
inputs are manipulated and adjusted accordingly to a target function [196, 197]. The need
for an efficient process control arises from the variability of batch-to-batch and model param-
eters which leads to different process outputs for same process inputs [195]. According to
Sommeregger et al. (2017), a prerequisite for MPC is the measurement of important variables
and a mathematical process model that describes the relationship and interaction between
process parameters and CQAs. The mathematical process model is used to repeatedly predict
a so called finite prediction horizon, for example from time point 𝑡 to 𝑡 + 1 h, and estimate
optimal process inputs of a predefined design space [196]. In contrast to the mDoE method in
which model parameters are only adapted to existing data and bioprocess inputs are potentially
changed after the process is finally evaluated, dynamic real-time and continuous adaption of
process model parameters and operational variables is achieved using MPCs [198].
Today, MPCs and non-linear MPCs, which use nonlinear system equations, are frequently
used in optimization of biotechnological processes. Ashoori et al. (2009) applied a MPC to a
penicillin fed-batch fermentation process. Instead of nonlinear models, neuro-fuzzy piecewise
linear models were used to avoid high computational costs. In addition to the bioprocess
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control, optimization of the product concentration was achieved. [195] Another MPC was
used by Craven et al. (2014) for the control of the glucose concentration in a fed-batch mam-
malian cell bioprocess. Despite process variability, measurement noise and time-intensive
measurements, the nonlinear MPC was successfully applied. However, they pointed out that
an appropriate process model and representative experimental data are needed to optimize
feeding strategies or bioprocess variables. [199] In the biocatalytic field, Horsch et al. (2022)
discussed the application of a linear MPC for the transesterification of butanol and hexyl
acetate. The process control variables were quickly adjusted after disturbances were observed
in the process. According to the authors, the main challenge in the applicability of MPCs is
the design of the controller which requires experience and know-how in control engineering
principles and process dynamics. [200]

Despite the advantages of the 𝑎 𝑝𝑟𝑖𝑜𝑟𝑖 modeling and the application of MPCs, the mDoE
methodology is particularly suitable for the application of a rather simple model from the
beginning and a knowledge-based process development, optimization and adaption of variables.
Depending on the process to be optimized, the time and the computational effort required to
estimate new model parameters and adjust the operational variables trajectory between the
short prediction horizons could be too high with a MPC. Furthermore, the implementation of
experimental design to systematically assess the impact of process variables [196] has not
been shown yet.
The additional implementation of the mDoE methodology into a workflow would enable
and facilitate decision-making at various points in the process development and a step-wise
adaption as it is done in a modified form for MPCs between the time-horizons. Thus, due to
the specific advantages, the mDoE methodology represents the most promising method.



4 Experimental material and methods

In the following paragraph, the biocatalytic reaction system used in this work is described
and the kinetic model is formulated. Furthermore, the determination of the influence of high
hydrostatic pressure on the enzyme and the related analytics are summarized. As the reaction
system is part of an ongoing project with the cooperation partners Institute of Technical Bio-
catalysis (Hamburg University of Technology) and GALAB Laboratories GmbH (Hamburg),
the reaction system is also subject of the doctoral thesis of Marlene Schmalle (Institute of
Technical Biocatalysis, Hamburg University of Technology). The conceptualization of the
reactor setup, the formulation of the kinetic model and the pressure investigation experiments
were performed by Marlene Schmalle. The analytics were provided by GALAB Laboratories.

4.1 Biocatalytical reaction system and reactor concept

In this work, the biocatalytic regeneration of CTP from CDP using polyphosphate (polyP) by
immobilized polyphosphate kinase [201] from 𝑅𝑢𝑒𝑔𝑒𝑟𝑖𝑎 𝑝𝑜𝑚𝑒𝑟𝑜𝑦𝑖 (RpPPK2-3) is investigated
in a continuously operated high hydrostatic pressure flow reactor. The enzyme RpPPK2-3 has
a wide range of acceptable substrates and uses polyphospahte salts as phosphate donor [117,
201]. One phosphate group is transferred per molecule of CDP regenerated. The reaction
formula is displayed in Figure 4.1.

Figure 4.1: Reaction formula CTP regeneration.

The reactor concept and the applicability for enzymatic reactions was recently shown by
Schmalle and Arndt et al. (2024) [117]. The overview of the reactor setup is shown in
Figure 4.2.
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Figure 4.2: Overview of high hydrostatic pressure reactor, modified from Schmalle et al. (2024) [117].

The main parts of the reactor concept are an ultra-high performance liquid chromatography
pump (Waters Corporation, USA), a high pressure reactor chamber (Isera GmbH, Germany,
see Fig, 4.2, denoted as HHPR) and a pressure generation unit (VICI Jour, Switzerland, see
Fig, 4.2, PU). Together with the use of small diameter stainless steel capillaries (0.005'', VICI
Jour, Switzerland), hydrostatic pressures up to 100 MPa can be realized using this reactor
setup. The HHPR and a water bath (Julabo GmbH, Germany) where two substrate bottles A
and B can be stored, are temperature-controlled. Depending on the reaction or investigation
performed, various compositions of substrate A and B can be set using a mixing chamber. At
the end of the reactor, samples can be taken.
The immobilized RpPPK2-3 retained inside the HHPR was covalently bound on a glutaraldehyde-
pre-activated epoxy methacrylate carrier (ECR8209M, Purolite, USA). The detailed immobil-
isation procedure and related stability tests are comprehensively described in Hölting et al.
(2024). [201]

4.2 Analytics

Samples of the substrates and effluent taken at the outlet of the reactor were analyzed by a
HPLC (Agilent, USA) using an Exsil 300 C18 column (Exmere Ltd, United Kingdom). The
mobile phase contained 80% 20 mmol L−1 tetrabutylammonium bromide in 20 mmol L−1

potassium phosphate buffer with pH 7 and 20% acetonitrile. The temperature was set to
40◦C and the flow rate to 0.8 mL min−1. The detector wavelength was 272 nm. 100𝜇L of a
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collected sample was mixed for 5 seconds with 50𝜇L isopropanol on a vortex mixer (Scientific
Industries Inc., USA). Subsequently, the sample was centrifuged for 1 minute and 25𝜇L of
the supernatant was diluted with 975𝜇L water. The resulting sample was then transferred to a
HPLC vial and measured.
From the experimental data obtained in first experimentation, a systematic deviation between
measured CDP concentration and weighted and prepared CDP substrate solution was observed
(see Suppl. Tab. A.1). Since the deviations were systematic and consistent, i.e., measured
36 mmol L−1 instead of 30 mmol L−1, and the origin could not be clarified during the time
of study, the proposed workflow and mDoE were performed with the measured values. It
was assumed that the substrate and product concentrations were influenced to the same extent
and the factor boundary conditions were not affected. In addition, an improved process
understanding and knowledge was considered as more important compared than an exact
prediction of the actual final concentration.





5 Process model development

In the following paragraph, the development of the mathematical process model describing
the continuously operated biocatalytic cofactor regeneration reaction is discussed in detail.
First, the modeling approach is selected (see Fig. 5.1).

Figure 5.1: Considerations for the selection of a modeling approach.

Therefore, the type of the model must be defined in a way that the model reflects the complexity
and scope of the system to be modeled. A combination of different models, such as kinetic
and process models, is possible. After selecting the model type, the model inputs are defined.
Among others, enzyme kinetics and the corresponding kinetic equations are incorporated
into the model, the flow through the packed-bed reactor is characterized and well-considered
assumptions are made, to reduce the overall model complexity. As a result, a mathematical
process model is formulated that allows a description of the process and an enhanced process
understanding through a set of kinetic and differential equations.

5.1 Process model approach: Method-of-Lines

The transport of different species through the stationary phase of the continuously operated
packed-bed is modeled using a dispersion-convection model and the method-of-lines ap-
proach (MOL). To ensure fast adaption of model parameters and to preserve computational
performance, only one-dimensional axial dispersion and convection is considered in this
thesis. In the reaction-dispersion-convection model, all non-idealities which arise due to
a non-ideal flow, e.g., Eddy-diffusion and molecular diffusion, and superimpose the plug
flow behavior are summed up in the apparent axial dispersion coefficient 𝐷𝑎𝑥. The resulting
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one-dimensional partial differential equations (PDE) with time- and location-independent 𝐷𝑎𝑥

neglecting velocity gradients can be written as [118, 202–204]:

𝜕𝑐𝑖
𝜕𝑡

= 𝐷𝑎𝑥
𝜕2𝑐𝑖
𝜕𝑥2

− 𝑢
𝜕𝑐𝑖
𝜕𝑥

(5.1)
In addition to the one-dimensionality of flow, constant 𝐷𝑎𝑥 is also assumed for varying flow
rates. The PDE system possesses the following Danckwert's initial and boundary conditions
for a closed-closed system [202]:

𝑐0,𝑥 = 0, 0 ≥ 𝑥 ≥ 𝐿, 𝑡 ≥ 0 (5.2)

𝜕𝑐𝑖
𝜕𝑡

(𝑥 = 𝐿) = 0 (5.3)
Equation 5.1 is called a parabolic partial differential equation (PPDE) which describes changing
phenomena at various points from moment to moment. Compared to elliptic partial differential
equations (uxx = 0), PPDE are rather used to describe instationary, dynamic processes
(uxx = ut), e.g., diffusion, heat conduction and oscillatory phenomena [205–207].
The formulated PDE system is then approximated by the MOL approach which leads to a time-
and location-dependent description along the axial reactor bed (x = 0 to x = L). [208–211]
For this, the reactor length is uniformly segregated into a predefined number of grid nodes n
(spatial segregation, see Fig. 5.2).

Figure 5.2: Segregation of the reactor length L into n grid-nodes according to the MOL approach
[208].

The change of concentration is then calculated consecutively for every node i [208, 212]. Lstep

is considered as the resulting step length.
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In the MOL, the first and second derivative of the convection and diffusion terms are approxi-
mated point-wise using the finite difference method (FDM) in one dimension. A second order,
central approximation with adequate initial and boundary conditions is used (Taylor series
expansion) [208, 212]. The resulting system of algebraic first order differential equations can
be then solved by an ordinary differential equation solver, e.g., the ode15s in MATLAB [186]:

𝜕𝑐𝑖
𝜕𝑡

= 𝐷𝑎𝑥
𝑐𝑖−1 − 2 ⋅ 𝑐𝑖 + 𝑐𝑖+1

𝐿2
𝑠𝑡𝑒𝑝

− 𝑢
𝑒
𝑐𝑖+1 − 𝑐𝑖−1
2 ⋅ 𝐿𝑠𝑡𝑒𝑝

(5.4)

To estimate the axial dispersion coefficient 𝐷𝑎𝑥, the flow through and type of the mass transport
within the packed-bed reactor has to be characterized.

5.2 Characterization of the flow behavior

The flow of the mobile phase through the packed-bed is characterized by the flow velocity u,
the bulk density e and the dimensionless Bodenstein number Bo. The Bo describes the rate of
the convective to the dispersive mass transport within the packed-bed [213]. In reactor systems
with Bo > 100 only slight deviations from an ideal plug flow can be observed and ideal plug
flow behavior is achieved for Bo > 1000 [214]. Non-homogeneities and the degree of axial
mixing can be determined by analyzing the residence time distribution using the dispersion
model. In brief, a suitable tracer is injected into the reaction system and the response at the
reactor outlet is measured [202, 214–217]. The mean residence time t and space time 𝜏 are
defined as [202, 218, 219]:

𝑡 =
∞
∑

𝑡=0
𝑡 ⋅ 𝐸 (𝑡) Δ𝑡 (5.5)

𝜏 = 𝑉
𝑉̇

(5.6)
𝐸 (𝑡) denotes the exit age distribution and indicates the fraction of moleculese leaving the
reactor with a residence time between a time interval 𝑡 + 𝑑𝑡 [220]. The Bo can then be
approximated from the variance 𝜎2 of the residence time distribution with respect to the mean
residence time t [202, 218, 219]:

𝜃 = 𝑡
𝑡
, 𝑡 ∶ 𝑚𝑒𝑎𝑛 𝑟𝑒𝑠𝑖𝑑𝑒𝑛𝑐𝑒 𝑡𝑖𝑚𝑒 (5.7)

𝜎2 = ∫

∞

0

(

𝑡 − 𝑡
)2

𝐸 (𝑡) 𝑑𝑡 (5.8)
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𝜎2
𝜃 =

𝜎2

𝑡
2

(5.9)

For closed-closed system conditions Equation 5.10 is used to approximate Bo with the dimen-
sionless variance 𝜎2

𝜃 [219, 221, 222]:

𝜎2
𝜃 =

2
𝐵𝑜

− 8
𝐵𝑜2

⋅ (1 − 𝑒𝑥𝑝 (−𝐵𝑜)) (5.10)
The 𝐷𝑎𝑥 is calculated based on Bo, the flow velocity u and reactor length L [223]:

𝐷𝑎𝑥 =
𝑢 ⋅ 𝐿
𝐵𝑜

(5.11)
The 𝐷𝑎𝑥 is then used in the dispersion-convection model to describe the disperse flow.

Analysis of the flow through the packed-bed reactor
To characterize the flow through the packed-bed reactor, the residence time distributions for five
flow rates V̇ varying from 0.5 mLmin−1 to 1.5 mLmin−1 and constant inlet concentration (step
tracer inlet) were analyzed. Prior to experimentation, the reactor was filled with immobilizate
and the packed-bed was flushed with substrate-free sodium phosphate buffer. The feed was
then initiated (t=0 min) and samples were taken at the reactor outlet. The feed composition
and the time Δ𝑡 between the sampling points are summarized in Table 5.1. A total of five
samples were taken for each flow rate with six replicates for each.
Table 5.1: Sampling points and experimental conditions for flow characterization exper-
iments, LxID=30x3 mm, mCarrier = 0.166 g, 50 mmol L−1 sodium phosphate buffer,
cMg2+ = 30 mmol L−1, T=40◦C, pH=7.4, Purolite ECR8209M carrier.

Δ t Sampling [s] Flow rate [mL min−1] CDP0 [mmol L−1] polyP0 [mmol L−1] n [−]

30 0.5 44 0 6
20 0.5 44 0 6
15 0.5 44 0 6
12 0.5 44 0 6
10 0.5 44 0 6

After each measurement, the packed-bed was flushed again with substrate-free sodium phos-
phate buffer and the measurements were continued according to Table 5.1. The dimensionless
cumulative F(t) distribution, defined as cTracer,t∕cTracer,0, and dimensionless exit age E(θ)

distribution with respect to the space time 𝜏 are exemplarily shown in Figure 5.3.



Process model development 39

Figure 5.3: Cumulative F(t) and external ageE(θ) distributions for different flow rates and constant inlet
concentration. Top to bottom: 0.5, 0.75, 1.0, 1.25 and 1.5 mL min−1 with cCDP,inlet = 44 mmol L−1.
n=1.

As can be seen from Figure 5.3, the time needed to reach F(t)=1 decreased with increasing
volumetric flow rate V̇ as sapce times 𝜏 decreased (from top to bottom). Furthermore, similar
E(θ) distribution widths and decreasing mean residence times 𝑡 from 0.44 to 0.18 min were
observed. As described in Subsection 5.2 the Bo was then approximated by calculating the
dimensionless variance 𝜎2

𝜃 with closed-closed boundary conditions (Equ. 5.10). For the E(θ)
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distributions shown, 𝜎2
𝜃 of 0.60, 0.35, 0.51, 0.34 and 0.51 as well as Bo of 1.10, 0.84, 1.58, 1.31

and 1.77 were determined. Therefore, deviations from the ideal plug flow reactor (Bo > 1000)
can be assumed [214]. In the formulated process model and definition of process parameters,
an average Bo of 1.5 was used as the volumetric flow rate had a relatively small effect on the
Bo in the selected flow range and reactor dimensions presented.

5.3 Kinetic model

To model the overall biocatalytic cofactor regeneration reaction in the continuously oper-
ated packed-bed reactor, the dispersion-convection model has to be extended by a kinetic
model. The kinetic model should account for the dependence of the reaction on the initial
substrate concentrations and the hydrostatic pressure. The choice of the kinetic equations and
assumptions is critical for further process design and optimization.

5.3.1 Influence of initial substrate concentration

The Michaelis-Menten kinetics is a simple and frequently used approach to describe the
volumetric reaction rate of an enzymatic reaction [224, 225]. It can be formulated as [224]:

𝑣 =
𝑣max ⋅ 𝑐s
𝐾m + 𝑐s

(5.12)
𝑣max denotes the maximum rate of reaction at infinite reactant concentration, 𝐾m the Michaelis-
Menten constant and 𝑐s the reactant concentration. 𝐾m is equal to the reactant concentration at
𝑣max∕2 and expresses the affinity of the enzyme for the substrate. As the reactant concentration
increases, the catalyst's active center becomes saturated, which leads to a decrease in the slope
of the reaction rate curve. If the reactant concentration 𝑐s ≫ 𝐾m, the 𝑣 approaches 𝑣max in the
zero-order kinetics region [224].
In this work, the volumetric reaction rate is to be described as a double substrate reaction with
the substrates CDP and polyP. Therefore, an additional term is added to Equation 5.12 [226]:

𝑣 = 𝑣max ⋅
𝑐CDP

𝑐CDP +𝐾m,CDP
⋅

𝑐polyP
𝑐polyP +𝐾m,polyP

(5.13)

In kinetic experiments with varying concentrations of the substrates CDP and polyP, Schmalle et al.
(2024) observed an inhibitory effect by polyP. As a result, different inhibition models were
tested to investigate which inhibition type, i.e., competitive, non-competitive and uncompetitive
inhibition, accurately describes the experimental data. Double-substrate Michaelis-Menten
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kinetics and uncompetitive enzyme inhibition relative to the substrate polyP (KI,polyP) best
described the data and were therefore assumed for RpPPK2-3. [117] The resulting kinetic
equation considering uncompetitive inhibition can be formulated as [227]:

𝑣 = 𝑣𝑚𝑎𝑥 ⋅
𝑐𝐶𝐷𝑃

𝐾𝑚,𝐶𝐷𝑃 + 𝑐𝐶𝐷𝑃
⋅

𝑐𝑝𝑜𝑙𝑦𝑃

𝐾𝑚,𝑝𝑜𝑙𝑦𝑃 + 𝑐𝑝𝑜𝑙𝑦𝑃 ⋅
(

1 + 𝑐𝑝𝑜𝑙𝑦𝑃
𝐾𝐼,𝑝𝑜𝑙𝑦𝑃

) (5.14)

In Figure 5.4 the related experimental data from the kinetic investigation are shown.

Figure 5.4: Investigation of substrate inhibition for varying initial CDP and polyP concentrations in the
continuously operated high hydrostatic pressure reactor, for experimental conditions see Schmalle et al.
(2024) [117].

As can be seen, no enzyme inhibition was observed for CDP in the concentration range shown.
However, for increasing polyP concentrations, the reaction rate initially increased and then
decreased for polyP concentrations higher 50 mmol L−1. The experimental procedure is
described in detail in Schmalle et al. (2024) [117].
To account for time-dependent enzyme deactivation, the deactivation rate 𝑘𝑑 is calculated
according to the Arrhenius model [228, 229]. The equation is defined as:

𝑘𝑑 = −𝑡 ⋅ 𝑙𝑛
(

𝑣
𝑣0

)

(5.15)
𝑣 and 𝑣0 denote the reaction rate at time 𝑡 and the initial reaction rate observed. The de-
termination of the deactivation rate kd is presented in Schmalle et al. (2024) [117]. The
kinetic equations and the related estimated parameters represent the starting point for the
model-assisted design and optimization which is integrated into the iterative workflow (see
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Subs. 6). With every iteration round, the kinetic equations and parameters can be adapted.
The resulting kinetic equations are summarized in the Supplementary A.2.

5.3.2 Formulation of the influence of hydrostatic pressure

As described in Subsection 3.2.2, high hydrostatic pressure can have an influence on the
enzymatic activity. Therefore, the specific activity of the enzyme was determined for vary-
ing pressures in the high hydrostatic pressure reactor. In brief, the reactor was packed with
immobilizate (mRpPPK2−3 = 8.1mg) and the pressure was adjusted from 0 to 800 bar. Sub-
sequently, the reactor was re-packed with new immobilizate and the specific activity was
determined again (mRpPPK2−3 = 7.2mg). A starting concentration of cCDP = 30 mmol L−1 and
cpolyP = 44 mmol L−1 was used (for further information see Schmalle et al. (2024) [117]).
The specific activity values were normalized to the maximal value measured. The normalized
specific activity values are shown in Figure 5.5.

Figure 5.5: Investigation of the effect of hydrostatic pressure on specific activity for varying pressures
in the continuously operated high hydrostatic pressure reactor. The solid line is based on the adapted
parameters of the double sigmoidal function 𝑓𝐷𝑠𝑖𝑔. For experimental conditions see Schmalle et al.
(2024) [117].

In both experiments the specific activity of 0.56 U mg−1 and 0.70 U mg−1 at 0 bar increased
for increasing hydrostatic pressures (normalized values of 0.903 and 0.901, respectively). The
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highest specific activity of 0.62 U mg−1 and 0.78 U mg−1 was measured at 632 and 616 bar,
respectively. At the maximum pressure of 796 and 807 bar, a decrease in the specific activity
was observed.
The mathematical formulation of the dependence of the enzyme activity on the reaction
conditions can be expressed using different types of equations. Jurado et al. (2004), proposed
a deprotonation and a first-order deactivation model to describe the enzyme activation and
deactivation by pH and temperature [16]. Another approach was presented by Prunescu and
Sin (2013), who expressed the pH and temperature dependence of an enzymatic hydrolysis
process, resulting in an efficiency factor, using individual arbitrary Gaussian curve functions
[170]. However, these type of equations are limited in the shape and skewness of the resulting
curve describing the influence of a particular reaction condition. Alternatively, the influence
of pH or temperature on biochemical reactions or cell growth can be expressed by sigmoidal
[230] and double sigmoidal functions [57, 86].
The concept of double sigmoidal functions is used and adopted in this thesis to express the
dependence of the biocatalytic activity on the hydrostatic pressure [231]. As shown in the work
of Appl et al. (2021), the advantage of the double sigmoidal function lies in the possibility to
define a rather unusual shape of the curve, which may better represent the influence of the
reaction conditions [86]. The resulting function is then integrated into the kinetic equations
and the process model. The general double sigmoidal function fDsig can be written as [57]:

𝑓𝐷𝑠𝑖𝑔
(

𝑥𝐷𝑠𝑖𝑔
)

=

(

𝑌𝑙 +
𝑌𝑚𝑖𝑑 − 𝑌𝑙

1 + 𝑒𝑥𝑝
(

−𝐾𝑠𝑙 ⋅
(

𝑥𝐷𝑠𝑖𝑔 −𝑋50,𝑙
))

)

⋅

(

1 +
𝑌ℎ∕𝑌𝑚𝑖𝑑 − 1

1 + 𝑒𝑥𝑝
(

−𝐾𝑠ℎ ⋅
(

𝑥𝐷𝑠𝑖𝑔 −𝑋50,ℎ
))

) (5.16)

𝑓𝐷𝑠𝑖𝑔 denotes the normalized biocatalytic activity and 𝑥𝐷𝑠𝑖𝑔 the hydrostatic pressure values.
As a result, 𝑓𝐷𝑠𝑖𝑔 ranges from zero to one. A non-linear least-squares solver is used to adapt
the initial parameter values. The initial and adapted parameter values are summarized in
Table 5.2.
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Table 5.2: Initial and adapted parameters of the double sigmoidal function describing the
influence of hydrostatic pressure on the specific activity of the enzyme.

Parameter Initial value [-] Adapted value [-]

𝑌𝑙 0.9 0.9
𝑌ℎ 0.9 0.9
𝑌𝑚𝑖𝑑 0.6 3.71
𝑋50,𝑙 200 415.2
𝑋50,ℎ 500 0.44
𝐾𝑠𝑙 0.2 0.003
𝐾𝑠ℎ 0 0.003

Despite the parameters 𝑌𝑙 and 𝑌ℎ all parameters changed from their initial values to minimize
the sum of squares between the experimental and function data. As can be seen in Figure 5.5
the normalized specific activity data were reflected well by the double sigmoidal function with
a calculated R2 of 0.97. Therefore, the double sigmodial function and the adapted parameter
values were incorporated into the process model.

5.4 Reaction-dispersion-convection model

The resulting partial differential equation including the dispersion-convection model based
on the MOL approach (hydrodynamic model part, see Equ. 5.4) and the kinetic model (see
Equ. 5.14) reflecting the biocatalytic reaction and dependence on the reaction conditions can
be formulated as:

𝜕𝑐𝑖
𝜕𝑡

= 𝐷𝑎𝑥
𝜕2𝑐𝑖
𝜕𝑥2

− 𝑢
𝜕𝑐𝑖
𝜕𝑥

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏟
Part hydrodynamic model

+ 𝑓 (𝑖, 𝑡)
⏟⏟⏟

Part kinetic model

(5.17)

The kinetic model part 𝑓 (𝑖, 𝑡) of the differential equation includes the kinetic equation 𝑣 as
well as the description of the hydrostatic pressure dependence of the immobilized enzyme
which is represented by the double sigmoidal function 𝑓𝐷𝑠𝑖𝑔 (see Equ. 16):

𝑓 (𝑖, 𝑡) = 𝑣 ⋅ 𝑓𝐷𝑠𝑖𝑔 (5.18)
The overall model is called a reaction-dispersion-convection model. Similar to Equation (5.4),
a second order, central approximation with adequate initial and boundary conditions (see
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Equ. 5.2 and 5.3) is used for the final differential equation [208, 212]:

𝜕𝑐𝑖
𝜕𝑡

= 𝐷𝑎𝑥
𝑐𝑖−1 − 2 ⋅ 𝑐𝑖 + 𝑐𝑖+1

𝐿2
𝑠𝑡𝑒𝑝

− 𝑢
𝑒
𝑐𝑖+1 − 𝑐𝑖−1
2 ⋅ 𝐿𝑠𝑡𝑒𝑝

+ 𝑓 (𝑖, 𝑡) (5.19)

It should be noted that the final differential equation and the process model presented serve as
a basis and can be modified in the course of process development. Model assumptions and
boundary conditions can also be adjusted. The complete process model used in this thesis is
summarized in Supplementary Table A.2.





6 Iterative workflow

To efficiently design and optimize the biocatalytic cofactor regeneration process, an iterative
mDoE workflow is created. The underlying idea of the workflow is based on the suggestions of
Möller et al. (2019) and Kuchemüller et al. (2020), who developed a workflow for cell culture
processes, mainly operated in batch and fed-batch mode. In contrast to these workflows, the
workflow presented here is based on a different modeling approach and used for a continuously
operated process.

6.1 Development of the iterative workflow

The aim of this workflow is to improve the process development procedure and to enhance the
process understanding when only limited amount of information is available, e.g., on enzyme
kinetics, suitable experimental space and bioreactor design characteristics. As reported in
literature, by implementing the mDoE methodology in a workflow, a more knowledge-based
optimization with consideration of experimental variations and reduced experimental effort
can be achieved [35, 144, 232]. In Figure 6.1, the suggested workflow consisting of different
modules with varying tasks is shown.

47
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Figure 6.1: Proposed iterative model-assisted Design of Experiments workflow for process design
and optimization [35, 57, 144].

Initially, a mathematical process model (see Sub. 5) is formulated using first experimen-
tal data, literature or general information about enzyme kinetics and reactor specific flow
characteristics (Fig. 6.1, top). The process model also comprises information on the reactor
design, operation mode and user-defined limitations (see Subs. 5). Subsequently, based on the
process model and available data under varying process conditions, e.g., substrate starting
concentration, the model-parametric uncertainties are determined (Monte-Carlo method see
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Subs. 6.2, Fig. 6.1). The process is simulated and model parameters are adapted multiple
times based on an assumed normally distributed measurement error of the experimental data
[35, 144]. In this way, experimental variability is taken into account both in the biocatalytic
reactions and measurements. In case of deviations between the experimental and simulated
data, additional selective experiments have to be performed or the process model has to be
extended, while overfitting of the process model should be avoided. This section can also be
used to validate the process model.
To reduce the experimental effort, mDoE methods are applied (see Subs. 6.3, Fig. 6.1, II).
The optimization objective is defined first and experimental factors as well as responses, e.g.,
product concentration, are specified. Second, a suitable DoE design is selected depending on
boundary conditions delimited by prior experimental findings or expert knowledge. Third,
the suggested experimental combinations are simulated using the process model and adapted
model parameters. All responses are treated in the same way as experimental data.
Subsequently, Monte-Carlo-based simulations are performed. Therefore, sets of model pa-
rameter values are randomly drawn by Latin-Hypercube sampling (LHS) n-times and used to
simulate the responses. This procedure enables the prediction of the propagated process vari-
ability by the pre-quantified process variability of the model parameter distributions (Fig. 6.1,
I). Then, the obtained responses are evaluated by RSM. An appropriate regression model is
selected, regression coefficients 𝛽𝑖 are determined and the response surface is plotted using
𝑦̂x,t . Furthermore, the weighted desirability, which is a measure for the quality of the expected
response within acceptable factor ranges, is calculated and an optimal factor combination,
which represents the new favorable process condition is obtained by further analysis.
In case of deviation between simulated and experimental data from validation experiments,
model parameters and the process model itself are re-adapted considering the new experimen-
tal data and the workflow is repeated (i+1) until the termination criteria is reached (valid for
second and subsequent iteration rounds). In brief, re-adapted model parameters from round i
are used to predict a new response surface (i − 1)t using the previous input data (i-1) and the
optimal responses of both rounds are compared. If the increase in the optimal response was
less than 10%, the workflow was stopped.
By using this proposed iterative workflow, more focused initial and optimization experiments
are performed, the number of validation experiments is reduced and the bioprocess dynamics
are described comprehensively. The experimental data gained from validation experiments
should be used in the subsequent workflow rounds to further improve the process model.
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6.2 Adaption of model parameters and uncertainty analysis

6.2.1 General optimization procedure

Initial approximations or expert knowledge from previous studies and literature can be used to
set the model parameter starting values [144]. The adaption of these process model parameters
is based on the minimization of a weighted cost function J considering experimental and
simulated process data. The number of data sets and the weighting factor are defined as j and
𝑤𝑘.

𝐽 =
𝑗
∑

𝑘=1
𝑤𝑘 ⋅

√

√

√

√

𝑛
∑

𝑚=1

(

𝑦s,m − 𝑦i,m
)2

𝑛
(6.1)

The model parameter starting values are adapted using a minimization algorithm which is
based on the Nelder-Mead algorithm implemented in MATLAB as fminsearch function [233].
Similar to DoE methods and analogous to factors and responses, only a selection of model
parameters is to be adapted and to be defined beforehand. To reduce the computational effort
and time needed for the quantification of the model-parametric uncertainty, model parameter
starting values are adapted to a reduced experimental data set (training set). In this thesis, 4
data sets out of the available data sets are randomly chosen as training set for the individual
adaption runs. Nevertheless, the process dynamics resulting from varying process conditions
are captured due to the repeated model parameter adaptions. The model parameter adaption is
terminated if a certain termination criterion is reached or if the maximum number of iterations
is exceeded [144].

6.2.2 Quantification of model-parametric uncertainty

To evaluate the process model parameters and possible model outcomes with their associated
probability of occurrence, the model-parametric uncertainties are determined based on the
experimental uncertainty and the process dynamics are simulated by the process model. Thus,
when measuring an unchanging quantity, a distribution of possible model outputs is generated.
[35, 58, 144, 224, 234]
In this work, the variation of the model inputs is defined, model parameters are adapted
repeatedly (1000 times) to a randomly chosen training set and the model outputs are sampled
for each run. The samples are drawn by Monte-Carlo methods, with an experimental normally
distributed relative error of 2% standard deviation. [35, 144, 235] The relative error of
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2% was assumed due to the use of high precision flow and hydrostatic pressure equipment
which is also used in analytics. In addition, the substrate solution were prepared accurately.
Subsequently, the mean, median and uncertainty bands representing the individual 10% and
90% quantiles of the model parameter distributions are determined. The model parameter
adaption objective is defined as minimization of the Root Mean Square Deviation (RMSD)
between the experimental and simulated data [236].
Another uncertainty analysis approach is proposed by Prunescu and Sin (2013). Compared to
the procedure used in this work, the authors defined the input uncertainty with their range
first and then sampled kinetic and process parameters such as feed parameters using Latin
hypercube sampling. In contrast to the model parameter adaption procedure shown in this
work, model parameters are only adapted (also referred as calibrated) once on a reduced set
of recorded experimental data. Subsequently, simulations are performed and the results are
evaluated. [170] However, the sound selection of the data sets to which the model parameters
are to be adjusted is critical. In addition, this approach runs the risk that decisive effects
remain unrecognized.

6.2.3 Monte-Carlo-based uncertainty bands

The uncertainty of a process can be considered and evaluated by assigning probability dis-
tributions to the process input factors, e.g., random substrate concentration, and repeatedly
simulating the process outputs resulting in output probability ranges [58, 234]. This method
differs from a model calibration situation, where for a “specific set of model inputs, the model
outputs differ from the observed values” [234]. After calibration, for “those model inputs, the
observed values are always the same” with no randomness [234]. In this work, the process
variability is simulated based on the former determined model parametric uncertainty (see
Subs. 6.2.2). Therefore, uncertainty bands, representing the uncertainty propagation, are de-
termined by calculation of the mean and the 10% and 90% quantiles of each individual model
parameter distribution by the prctile function in MATLAB. The process is then simulated
using the three model parameter values (10% quantile, mean, 90% quantile). For normally
distributed model parameter values, the median value can be used as an alternative to the
mean value.
The confidence interval (CI) serves as an additional way to evaluate and compare the results
of a hypothesis test about model parameters and their distributions for different bioprocess
conditions [35, 237]. In general, the estimated mean value of a model parameter distribution
is different from the actual mean value. However, with sufficient sample size this mean can be
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approximated. According to Scott (2020), the CI is regarded as an informative summary and
gives a range of the most likely values of the actual model parameter. The 95% CI is defined
as the corresponding quantity of a test with the 5% level. The acceptance region for testing
the null hypothesis H0 with known variance 𝜎2 is defined as:

𝑧0.025 ≤
𝑋 − 𝜇0

𝜎∕
√

𝑛
≤ 𝑧0.975 (6.2)

with the random sample mean X and the known mean value 𝜇0 based on the number of samples
n at the 5% level test [237]. This formulation can be re-formulated to:

𝑋 − 𝑧0.025
𝜎
√

𝑛
≤ 𝜇0 ≤ 𝑋 + 𝑧0.975

𝜎
√

𝑛
(6.3)

For a 95% CI, z0.025 and z0.975 are 1.96. The expression 95% CI does not mean that the fixed
parameter 𝜇0 is with a probability of 95% within the random interval. It rather means that if
100 experiments are performed with a true H0 and 95% confidence, 95 experiments and their
CIs will include the 𝜇0 and 5 experiments will not [237, 238]. The CIs can be also calculated
if the 𝜎2 is unknown [237].
Similar to the simulation of the 10% and 90% quantile uncertainty band, the process can be
simulated using the calculated values from the 95% CI and the mean model parameter value.
However, as this work focuses on the determined interval of possible process outcomes and
not on the interval resulting from the distribution that includes the true model parameter with
a defined certainty, the uncertainty bands are simulated. Nevertheless, the model parameter
confidence interval can be determined, as it is a measure for the level of certainty in the
parameter estimation.

6.3 RSM and Monte-Carlo-based simulations

6.3.1 Applied RSM procedure

As proposed in the mDoE workflow, the objective is defined and an appropriate regression
model as well as experimental design is selected first to perform RSM. In addition, factor
combinations defined by the DoE are simulated and model coefficients of an empirical RSM,
which describes the response surface in 1+n dimensions, are predicted using the least square
method. [179] As described in literature, an empirical multiple-linear regression models of
second-order is used due to the higher-dimensional structure. In the end, an optimal factor
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combination is predicted to maximize the response and the adequacy of the model is evaluated
using statistical tools [45, 177, 187].
In this work, four influencing factors are considered: the hydrostatic pressure, the substrate
concentration CDP and polyP as well as the flow rate. The corresponding fitted second-order
polynomial regression model for 4 factors with intercept, linear, interaction and quadratic
terms can be written as:

𝑦̂x,t = 𝛽0 +
4
∑

𝑖=1
𝛽𝑥𝑖 +

∑

𝑖<𝑗
𝛽𝑖𝑗𝑥𝑖𝑥𝑗 +

4
∑

𝑖=1
𝛽𝑖𝑖𝑥

2
𝑖 + 𝜖 (6.4)

The quadratic terms are necessary to account for curvature in the response surface [179].

6.3.2 RSM evaluation and analysis of variance

The estimation of the regression coefficients and the test of significance for the regression
model are performed by the polynomial regression model and ANOVA (for further information
see Subs. 6.5.6). For this, the regstats algorithm and anova function were used (MATLAB,
R2018b). The calculation of single model coefficient significance values (p-values, t-statistics)
for first- and second order models is described in the literature [179]. The p-value together
with a defined significance level indicates whether the single model coefficients are significant
or not [177]. Regression coefficients which do not significantly contribute to the model can
be excluded from the final regression model resulting in the reduced form [239]. Based on the
F-statistics provided by the anova function, the proposed regression model was classified as
significant or non-significant (ANOVA, see Subs. 6.5.6) [49]. In addition, the R2 indicates
what proportion of the response variation is explained by the regression model [176]. Further
evaluation was performed by two dimensional factor plots to assess the individual effects of
single factors within the factor range on the response [177].

6.3.3 Monte-Carlo-based simulation of experiments

To fully exploit the mDoE capability (see Subs. 3.8), Monte-Carlo simulations for individual
factor combinations suggested by the DoE are performed. According to Arndt et al. (2020)
[144] and Moser et al. (2020) [57], based on the adapted model parameters and the result-
ing model parameter distribution, 30 simulations were executed to quantify the propagated
uncertainty for every factor combination. The corresponding model parameter values were
drawn by LHS and the median and the 10% and 90% quantiles were determined. The results,
which represent the propagated experimental uncertainty were used to generate a new response
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surface and determine optimal factor combinations (see Subs. 6.3.1) [57]. Thus, this approach
enables a risk assessment by determining the range of possible responses [58].
The applied LHS is a non-collapsing and mostly space-filling design, which implies, that there
are no unwanted replicated and wasteful responses in the experimental design. Therefore, 𝑛
distinct values are obtained from 𝑛 distinct points [179]. In Figure 6.2, a LHS design generated
with the lhsdesign algorithm compared to a random design using the rand function (MATLAB,
R2018b) is exemplarily shown for 100 combinations of two factors or parameters x1 and x2:

Figure 6.2: Latin-Hypercube design (left) and random experimental design (right) for 100 combina-
tions of two factors x1 and x2.

Compared to the random design, where the experimental design is not fully covered, the
Latin-Hypercube covers the experimental space better due to the evenly distributed random
values. Out of 100 combinations, 79 are covered by LHS and only 71 are covered by the
random design. As a result, the model parameters are drawn more evenly from the model
parameter distributions, resulting in an improved representation of variability.

6.4 Desirability evaluation

As briefly described in Subsection 3.8, further evaluation of the mDoE and the resulting
response surface is conducted by using the results from the Monte-Carlo-based simulations
and the calculation of the desirability function d𝑖(𝑦𝑖). The desirability ranges between values
from 0 and 1. A desirability function is 1 if the optimization and the expected response yi is
highly desirable. In this work,yi was defined as the maximized product concentration at the
end of the reactor. d𝑖(𝑦𝑖) is calculated based in the lower and upper acceptable response L𝑖
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and U𝑖 as shown in Equation 6.5 [45, 57, 185]:

𝑑𝑖
(

𝑦𝑖
)

=

⎡

⎢

⎢

⎢

⎢

⎢

⎣

0 if 𝑦𝑖 < 𝐿𝑖,
(

𝑦𝑖 − 𝐿𝑖

𝑈𝑖 − 𝐿𝑖

)

if 𝐿𝑖 < 𝑦𝑖 < 𝑈𝑖,
1 if 𝑦𝑖 > 𝑈𝑖.

⎤

⎥

⎥

⎥

⎥

⎥

⎦

. (6.5)

The overall desirability D is calculated as the product of the desirability function values [45]:

𝐷 =

(

𝑛
∏

𝑛=1
𝑑𝑖
(

𝑦𝑖
)

)

= 𝑑1
(

𝑦1
)

× 𝑑2
(

𝑦2
)

× ... × 𝑑𝑛
(

𝑦𝑛
) (6.6)

According to Moser et al. (2020) [57] and Arndt et al. [231], the desirability can be re-
formulated as the combination of the maximization of the expected response yi as well as
the minimization of the expected process variability 𝑣i,d including the weighting factors wi

(∑𝑤𝑖 = 1). vi is provided by the difference of the 10% and 90% quantiles. To maximize the
expected response, the desirability 𝑑

(

𝑦𝑖
) is calculated as follows:

𝑑
(

𝑦𝑖
)

=

(

𝑟𝑖 − 𝐿
(

𝑟
)

𝑈
(

𝑟
)

− 𝐿
(

𝑟
)

)

(6.7)

The minimization of the expected process variability 𝑑
(

𝑣i,d
) and the resulting overall de-

sirability D with the weighting factors w1 and w2 of 0.8 and 0.2 [57] can be formulated
as:

𝑑
(

𝑣𝑖
)

=

(

𝑣i,d − 𝑈
(

𝑣
)

𝐿
(

𝑣
)

− 𝑈
(

𝑣
)

)

(6.8)

𝐷 = 𝑤1 × 𝑑
(

𝑦𝑖
)

+𝑤2 × 𝑑
(

𝑣i,d
) (6.9)

Based on Equation 6.9, the calculated 𝐷 serves as an additional tool to assess the trade-off
between the expected response and variabilty of the results from the RSM and Monte-Carlo-
based simulations.
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6.5 Evaluation of experimental and simulated data

6.5.1 Root mean square deviation RMSD

As described in Subsection 6.2.1, the initial values of the model parameters are adapted
by minimizing an objective function 𝐽 (Equ. 6.1) defined as the weighted sum of squared
residuals, also referred as root mean square deviation (RMSD), between the simulated ys,m and
experimental data yi,m for all time points t1, 𝑡2, ..., 𝑡end. The objective 𝐽 is minimized using the
Nelder-Mead algorithm as commonly used for model parameter adaption and model evaluation
[45, 59, 144, 240–242]. Alternative methods for model parameter identification and adaption
are the adaptive experimental redesign [243–245] and the Bayesian interference method [57,
156]. The RSMD is calculated from the squared difference between the experimental yi,m and
simulated values ys,m divided by the number of data points n in the data set. kw is used as
weighting factor for individual data points.

𝑅𝑀𝑆𝐷 = 𝑘w ⋅

√

√

√

√

𝑛
∑

𝑚=1

(

𝑦s,m − 𝑦i,m
)2

𝑛
(6.10)

6.5.2 Normalized root mean square deviation NRMSD

For the normalized root mean square deviation (NRMSD), the RMSD is normalized to the
range of the experimental data from the minimum (m𝑖𝑛

(

𝑦i,m
)) to the maximum (m𝑎𝑥

(

𝑦i,m
))

values [32, 246]:

𝑁𝑅𝑀𝑆𝐷 =
𝑘w ⋅

√

∑𝑛
𝑚=1

(𝑦s,m−𝑦i,m)2
𝑛

𝑚𝑎𝑥(𝑦i,m) − 𝑚𝑖𝑛(𝑦i,m)
(6.11)

According to literature, the NRMSD value is used rather than the RSMD value when comparing
experimental and simulated data sets of different dimensions [247].

6.5.3 Coefficient of determination R2

To evaluate the adapted model parameters and the resulting progression of the simulated
data, the coefficient of determination 𝑅2 is calculated. The 𝑅2 can range between 1 and
minus infinity and is defined as the residual of one minus the ratio of the squared differences
between the experimental-simulated data (𝑦i,m - 𝑦s,m) as well as the differences between the
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experimental data and their mean (𝑦i,m - 𝑦i). 𝑅2 is equal to 1, if the simulated data corresponds
to the experimental data measured [35, 248].

𝑅2 = 1 −
∑𝑛

𝑚=1

(

𝑦i,m − 𝑦s,m
)

∑𝑛
𝑖=1

(

𝑦i,m − 𝑦i
) (6.12)

The R2 can be also used in the evaluation of DoE approaches. In this case, R2 is a measure
for the goodness of the model [249] and is defined as the fraction of the responses variation
(variability in the response) that can be explained by the model and attributed to the independent
variables (linear or multiple-linear regression model, see Subs. 3.7) [52, 179, 250].
In addition to the R2, the goodness of fit Q2 is used to describe the goodness of prediction
and is defined as the fraction of the responses variation predicted by the model according to
cross validation. Furthermore, the Q2 can be used to predicted how well new factors will be
simulated by the model and model parameters. In literature, typical values of Q2 and R2 for a
good model prediction and description are >0.6 and >0.75, respectively. [52]

6.5.4 Adjusted coefficient of determination R2
adj

Similar toR2, the adjusted coefficient of determinationR2
adj is used in statistics. AsR2 increases

when additional terms are added to the regression model, the use of R2
adj is preferred. R2

adj

even decreases when unnecessary terms are added. It can be formulated as [251]:

𝑅2
𝑎𝑑𝑗 = 1 − 𝑛 − 1

𝑛 − 𝑝
(

1 − 𝑅2) (6.13)
with n number of observations and 𝑝 number of explanatory parameters (regression coefficients)
included in the regression model (see Subs. 6.3.1).

6.5.5 Mean squared error MSE

The mean squared error (MSE) is used in the modeling of the response surface as a measure for
the quality of the prediction [252] and to assess the accuracy of a model [253]. Furthermore,
its minimization can be used as a design criterion. In addition to the variance of the prediction,
a measure of bias caused by model mis-specification is included in the MSE of prediction.
[252] The MSE is defined as [253]:

𝑀𝑆𝐸 =
𝑛
∑

𝑚=1

(

𝑦s,m − 𝑦i,m
)2

𝑛
(6.14)



58 Iterative workflow

6.5.6 Analysis of variance

Significant differences in the model parameter distributions can be identified using analysis
of variance (ANOVA) [35, 179]. Furthermore, ANOVA can be used to compare and assess
experimental and simulated observations as well as regression models. If one categorical inde-
pendent variable is used, it is referred to as one-way ANOVA. If two categorical independent
variables are used, it is referred to as two-way ANOVA. First, the test value F is calculated
and it is determined if one pair of all pairs is significantly different (p-value). According to
Mishra et al. (2019), the F value is defined as “the ratio of the variability between groups
with the variability of the observations within the groups” [254]. Second, the significantly
different pair has to be identified by multiple comparison tests, e.g., least significant difference,
Bonferroni test, Tukey's test [254]. A prerequisite to perform ANOVA is variance homogeneity
[255] and a continuous scale [254]. The Bartlett's or Levene's test can be used to test for
variance homogeneity for normally and non-normally distributed samples, respectively [238].
The H0 should be tested if the treatment effects 𝜏𝑖 (e.g., change in the process conditions) are
all the same [179, 238, 255]:

𝐻0 ∶ {𝜏1 = 𝜏2 = ... = 𝜏3} (6.15)
against the alternative hypothesis HA that treatment effects differ on the response:

𝐻𝐴 ∶ {at least two 𝜏 dif fer} (6.16)
𝛼 is defined as the significance level of the test and reflects the probability of rejecting H0.
The determined p-value indicates the smallest value of 𝛼 that would allow a rejection of H0

(difference is significant: reject H0 if p < 𝛼) [35, 179].
In this thesis, three different significance levels (p-values) were chosen (𝑝 < 0.001= highly
significant -**, 𝑝 < 0.05= significant -*, 𝑝 ≥ 0.05= not significant -n.sig). Subsequently, the
means and sample variance were determined.

6.5.7 Sensitivity analysis

According to Lencastre Fernandes et al. (2013), a “mechanistic model should be combined
with proper model analysis tools, such as uncertainty and sensitivity analysis” to identify
which parameters are responsible for the output uncertainty [163]. Sensitivity analysis can
be used to describe and understand relative changes in the bioprocess performance and the
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influence of key attributes and interactions, resulting in a more focused optimization [58,
234]. Sensitivity analysis might be particularly required to identify the most critical inputs
particularly when highly non-linear or differential equations are used. This could reduce the
amount of experimental work.
In sensitivity analysis, a distinction can be made between the local (LSA) and global sensitivity
analysis (GSA) [58]. The LSA determines the influence of changes Δ𝜃 in a given individual
input parameter value 𝜃 on the relative change at a given point (location 𝜃0). The input
parameter is varied on the basis of its derived probability distribution. The responses, e.g.,
final product concentration, are simulated and the relative width of the probability distribution
represented by the 10% and 90% quantiles is compared to the input probability distribution
[58, 234]:

𝑆 =
Δ𝑡𝑎𝑟𝑔𝑒𝑡

Δ𝜃
(6.17)

An input variable is classified as significant, if 𝑆 is above 5% [234]. However, LSA is limited
to the analysis of one input parameter at a time. In contrast to this, GSA is a multivariable
analysis assessing all input variables simultaneously for all points. The input variables are
ranked to determine the average contribution of every parameter over a “stipulated set of input
ranges”. Therefore, the number of design variables and laboratory effort may be reduced [58].

6.5.8 Standardized regression coefficients

In order to understand the results from multiple linear regression and to identify the most
influential factors represented by the estimated response surface regression coefficients 𝛽i, 𝛽i,j
and 𝛽ii, standardized regression coefficients (SRCs) are calculated. The advantages of the SRC
are the absence of variable and response units and simpler interpretation of the regression
results. The SRCs 𝛽′

i , 𝛽′
i,j and 𝛽′

ii are determined by subtracting the mean y and xi of the
dependent and independent variables from yt and xi,t , dividing by the calculated standard
deviation 𝜎y and 𝜎x,i and re-run the regression analysis (see Subs. 6.3.1) [256, 257]:

𝑦′ =
𝑦𝑡 − 𝑦
𝜎𝑦

, 𝑥′ =
𝑥𝑖,𝑡 − 𝑥𝑖

𝜎𝑥,𝑖
(6.18)

According to Allam et al. (2020), SRCs can be also considered as a global sensitivity analysis
method to reveal the influence of different process variables[256] which can be important for
process model development and application [258]. The methods of global sensitivity analysis
used for process models are described in the literature [234].
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6.5.9 Discrete Kolmogorov-Smirnov-Test

The two-sided Kolmogorov-Smirnov test (ks-test) tests a random sample of independent
observations to determine whether it originates from a population with normal distribution
or other theoretical probability distribution functions [255, 259, 260]. The ks-test is of
particular interest since the normal distribution is a main assumption of, e.g., the paired and
unpaired t-test, linear regression analysis or ANOVA. In case of a non-normal distribution, an
interpretation may not be valid [260]. The ks-test is based on the largest vertical difference
between two cumulative distribution functions: the hypothesized (e.g., normal) and empirical
distribution (e.g., random sample or distribution of model parameter values). The H0 is
rejected if the test value exceeds the 1-𝛼 quantile which can be found in the table of quantiles
for the ks-test statistics at the given level of significance 𝛼 [259–261]. Before performing the
ks-test, the sample distributions have to be centered and scaled. Therefore, the mean value of
the individual model parameter distribution 𝑥 is subtracted from the model parameter value 𝑥𝑖

and then divided by the standard deviation 𝜎̂ of the sample [186]:

𝑥𝑐𝑒𝑛𝑡𝑒𝑟𝑒𝑑 =
𝑥i,sample − 𝑥sample

𝜎̂
(6.19)

6.6 Programming structure

All modules of the iterative and uncertainty-based workflow were programmed in MATLAB
(2018b). Similar to the structure of the iterative workflow, the program is divided into
individual sections which are consecutively executed. An overview is shown in Figure 6.3.
The dotted lines indicate a transfer or exchange of data.
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First, data from various sources, such as Excel workbooks, is acquired and embedded into the
program (stored in matrices). In addition, among others, kinetic parameters are determined
using parameter estimation methods (nlinfit algorithm) and data from preliminary experiments.
The kinetic parameters are stored as initial model parameters and can be recalled during the
course of the program.
Second, the model parameter adaption module, in which the model parameters are repeatedly
adapted under consideration of experimental uncertainty, is initiated by selection of a random
training set (randperm algorithm). The number of training sets out of the total set of experi-
mental data is defined beforehand. The resulting experimental data are then transferred to
another function where the experimental variation is introduced to the starting values of the
individual training sets. This is done by the randn algorithm. In addition, the parameters of the
reactor, e.g., reactor length and diameter, are specified and saved as parameters. Parameters
which are to be adapted to experimental data are stored separately from parameters which
are constant during the model parameter adaption process, e.g., number of grid nodes and
reactor bed bulk density. Subsequently, the fminsearch algorithm is used to start the model
parameter adaption. The algorithm options are defined, all training set data and parameters
are passed to the adaption objective function, and the type and options of an ode15s solver are
set. In addition, the time interval to be simulated and initial values for all simulated species
are defined. In this work, the same time intervals as they are found in the experimental data
are used. From this, the differential equation system function is called and after assigning the
initial values and setting boundary conditions for the used modeling approach, the kinetics
are calculated and the system of differential equations is solved step-wise. Due to the use
of the method of lines approach, on the one hand, the differential equations are calculated
step-wise in terms of number of grid nodes defined beforehand as well as time-wise. The time
step width of the simulated time is specified by the selected solver. After the respective time
interval is simulated, the data matrix is passed back to the adaption objective and the RMSD is
calculated. Therefore, the simulated data corresponding to the time points of the experimental
data are located and stored for RMSD determination. This is done using the ismembertol and
find algorithm. As described in Subsection 6.2.2 the model parameter adaption is repeated
until a predefined criterion is reached. The adapted set of model parameters is then saved and
the procedure is repeated automatically for a new training data set (𝑓𝑜𝑟 loop).
Third, the sets of adapted model parameter values are merged and model parameter distributions
are created. On the one hand, this is done to determine the 10% and 90% quantiles (perc

function), mean (mean function) and median (median function) values of each individual
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distribution. On the other hand, the distributions are tested for normality (kstest algorithm)
which is prerequisite for statistical test in the subsequent programming module.
Fourth, the mDoE methodology part is initiated. The user is ask which DoE plan is to be
used. Accordingly, the corresponding algorithm generating the experimental design plan
is selected and integrated into the programming. The resulting factor combination matrix
is stored. Furthermore, boundary conditions for each factor are defined. The simulation
of the design plan is conducted by transferring the individual factor combinations as initial
starting values to the differential equation system. The median values and the 10% and 90%
quantile values are defined as parameters. Individual simulations are conducted consecutively
using a 𝑓𝑜𝑟 loop and the results are stored into a new data matrix. With this data, regression
analysis is performed as described in Subsection 6.3.2. For the identification of an optimal
factor combination, a minimization algorithm (fmincon algorithm) is incorporated into the
programming structure and initiated. In addition, the standardized regression coefficients
and the desirability are determined as described in Subsection 6.5.8 and 6.4. The calculation
is performed automatically and without further user input. As described in the workflow,
validation experiments are performed based on the optimal factor combination. After analyzing
the experimental data, the new data is stored in the database. The described program can be
restarted or used to evaluate, e.g., different experimental designs or factor boundary conditions.





7 Experimental validation of the iterative workflow

The proposed iterative model-assisted workflow was introduced to design and optimize a
biocatalytic cofactor regeneration process considering CDP and polyP starting concentrations,
flow rate and hydrostatic pressure as experimental factors. Due to the novelty of this reactor
concept and reduced information about the reaction system and influence of high hydrostatic
pressure on the biocatalyst RpPPK2-3, the application of the mDoE methodology for the
design and optimization was justified. The process model was first formulated, the model
parameters were estimated from kinetic investigations, and both were iteratively adapted.
Process dynamics were predicted well and as a result of the mDoE, a reduced number of
experiments had to be performed to evaluate optimal factor combinations for a user-defined
experimental space and optimization objective. Due to the iterative structure of the workflow,
new experimental data sets, changes in the process model and re-adapted model parameters
were added and used after the first iteration round.

7.1 Model-assisted experimental design

As presented in the model-assisted workflow (see Fig. 6.1, I), the process model and parameters
of the process were initially formulated and adapted to available experimental data from kinetic
experiments by modeling the time- and location-dependent progression of the substrate and
CTP concentration and minimizing the RMSD between simulated and experimental data (see
Subs. 6.2). The model parameters starting values were estimated from kinetic measurements
(see Subs. 5.3.1). Before each model parameter adaption run, a training set with four randomly
selected data sets was drawn from all data sets. 1000 runs were performed in total with a
standard error of 2% (see Subs. 6.2.2). The individual workflow rounds performed are denoted
as mDoE-1, mDoE-2 and following. The rounds in which the termination criterion is checked
are denoted as mDoE-1 TC, mDoE-2 TC and following.

7.1.1 Quantification of model parametric uncertainty, mDoE-1

In mDoE-1, the model parameters were adapted to 23 data sets, whereby a training set of 4
data sets was randomly drawn for each adaption run beforehand (see Suppl. Tab. A1 and A.3).
The model parameter starting values are summarized in Table 7.1. From the model parameter
distributions resulting from the individual model parameter adaption runs, the median and the

65
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10% and 90% quantile model parameter as well as the 95% CI values were determined (see
Tab. 7.1).
Table 7.1: Adapted process model parameters: Median, 10% and 90% quantile and 95% CI
values (mDoE-1).

𝑣max [mmol min−1 mg−1] 𝐾M,CDP [mmol L−1] 𝐾M,polyP [mmol L−1] 𝐾I,polyP [mmol L−1] 𝑘d [min−1]

Start value 0.0166 32.16 219.8 8.40 3.0 10−4

Mean 0.0249 20.59 54.22 13.69 2.7 10−4

10% quantile 0.0209 8.135 0.131 10.72 1.2 10−4

Median 0.0244 20.61 35.53 13.13 3.0 10−4

90% quantile 0.0292 30.32 132.9 17.35 3.7 10−4

CI0.025 0.0245 19.88 50.46 13.49 2.7 10−4

CI0.975 0.0253 21.31 57.98 13.87 2.8 10−4

Normality of the model parameter distributions is one of the main assumption of various
statistical tools [260]. Using the ks-test, the individual model parameter distributions of
𝑣max, 𝐾M,CDP, 𝐾M,polyP, 𝐾I,polyP and 𝑘d were tested for normality (see Subs. 6.5.9). For all
model parameter distributions, the H0 was rejected at the 10% significance level. Therefore,
the individual centered and scaled model parameter distributions did not follow a normal
distribution. However, according to Eckey et al. (2005), the deviations of the model parameter
distributions from the ideal normal distribution curve can be neglected in case of a sufficiently
large scope of observations (central limit theorem). The obtained distributions converge and
are approximated by a normal distribution. [262] Since the 10% and 90% quantile values can
be used to determine the described uncertainty propagation and the corresponding uncertainty
band, these model parameter values were used for further simulation. The 95% CI only defines
the probability that the true mean value is contained in the interval.

Based on this, the progression of the CTP concentration over time and the corresponding
uncertainty band were simulated which is exemplarily shown together with the experimental
data for data set 23 (see Fig. 7.1).
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Figure 7.1: Progression of the experimental CTP data (circle marker) and predicted CTP concentration
data over time for median (solid line) and 10% and 90% quantile model parameter values (dashed lines),
experimental data set 23 (mDoE-1). For experimental conditions see Suppl. Tab. A.1

In Figure 7.1, the simulated CTP concentration at the reactor outlet over time based on the
median and the 10% and 90% quantile values (uncertainty band) is represented by the solid
and the dashed lines, respectively. A NRMSD between the simulated and experimental data
of 1.35 was determined. The experimental data points of data set 23 (circle marker) were
predicted well.
Furthermore, the experimental data of all data sets were adequately simulated, but over-
predicted at the beginning of the regeneration process with a calculated NRMSD value of 1.81
(deviation from the dashed line, see Fig. 7.2).
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Figure 7.2: Comparison of experimental and simulated CTP concentration for median model parameter
values, all data sets mDoE-1. For experimental conditions see Suppl. Tab. A.1.

In particular, the experimental data of the data sets one to nine measured between the start of
the process and a process time of one minute were overpredicted by the process model. This
could be attributed to start-up effects or rearrangement of the biocatalytic packed reactor bed
[117]. Nevertheless, the formulated process model provided a sufficient prediction based on
the estimated model parameter distributions.

7.1.2 Selection of the experimental design

As proposed in the workflow (see Fig. 6.1, II), a suitable experimental design was selected to
further increase the process understanding and enable RSM. First, to limit the experimental
and computational effort, four relevant continuous process variables that have an impact on
process performance were selected: initial substrate concentration (polyP and CDP), flow
rate and hydrostatic pressure. Maximizing the CTP concentration at the reactor outlet after a
process time of 15 minutes was selected as the optimization objective and taken into account
in the subsequent desirability evaluation. Second, the CCD, BBD and D-optimal designs were
compared with regard to R2, R2

adj and MSE values (see Suppl. Tab. A.4 for coded experimental
design matrices). These experimental designs were selected as they are commonly used for
RSM [178, 188]. Furthermore, the adequacy of first-order linear (see Equ. 3.4) and interaction
as well as second-order regression models with quadratic terms (see Equ. 3.6) were assessed.
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In Table 7.2 the determined values for R2, R2
adj and MSE are summarized.

Table 7.2: Selection of the experimental design for process design and optimization.

Design Model structure R2 R2
adj MSE

linear 0.78 0.74 8.94
CCD interaction 0.85 0.78 7.62

quadratic 0.96 0.92 2.78
linear 0.63 0.57 37.44

BBD interaction 0.75 0.59 35.85
quadratic 0.94 0.86 11.83
linear 0.70 0.65 39.63

D-optimal interaction 0.91 0.86 15.73
quadratic 0.96 0.93 8.47

For all three experimental designs tested, the R2 and R2
adj values increased with increasing com-

plexity of the RSM regression model (from linear to quadratic). The R2
adj for CCD increased

from 0.75 to 0.96 which means that 21% more variance was explained by the regression model.
In contrast, the MSE value decreased from 8.94 to 2.78. Therefore, it can be assumed that
the additional quadratic terms and the corresponding regression coefficients are needed to
adequately reflect the curvature and the simulated responses. This is supported by the fact
that the use of a second-order regression model is often recommended in RSM. The results of
the three individual design plans showed that the obtained coefficients for the second-order
regression model of the CCD and D-optimal design plans are similar, but higher than for the
BBD. Due to the lower MSE values, 2.78 compared to 8.47 for CCD and D-optimal design,
the CCD design plan and second-order regression model were selected for further use in the
mDoE methodology and iterative workflow rounds.

In Table 7.3 the boundary conditions for every factor with five factor levels based on the CCD
are summarized.
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Table 7.3: Factor levels of flow rate, CDP and polyP concentration, hydrostatic pressure for
Central Composite Design plan with 5 factor levels.

Factor Level -2 Level -1 Level 0 Level 1 Level 2

Flow rate [mL min−1] 0.15 0.3 0.75 1.05 1.35
CDP [mmol L−1] 5 15 35 55 65
polyP [mmol L−1] 5 15 35 55 65
Pressure [bar] 0 200 400 600 800

As described in Subsection 3.6.2, the design of the CCD consisted of 18 corner points, 7
replicated center points and 6 star points. It should be noted that the concentrations of CDP and
polyP were constraint to be in a range in which the reaction was not significantly affected by
inhibition, as shown by kinetic data or solubility problems (data not shown). The experimental
combinations for the CCD resulting from the coded combinations and defined boundary
conditions for every factor are summarized in Table 7.4.
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Table 7.4: Factor combinations for four factor CCD and all workflow rounds.

Run Flow [L min−1] cCDP [mmol L−1] cpolyP [mmol L−1] Pressure [bar]

1 0.0003 15 15 200
2 0.0003 15 15 600
3 0.0003 15 55 200
4 0.0003 15 55 600
5 0.0003 55 15 200
6 0.0003 55 15 600
7 0.0003 55 55 200
8 0.0003 55 55 600
9 0.00105 15 15 200
10 0.00105 15 15 600
11 0.00105 15 55 200
12 0.00105 15 55 600
13 0.00105 55 15 200
14 0.00105 55 15 600
15 0.00105 55 55 200
16 0.00105 55 55 600
17 0.00015 35 35 400
18 0.00135 35 35 400
19 0.00075 5 35 400
20 0.00075 65 35 400
21 0.00075 35 5 0
22 0.00075 35 65 800
23 0.00075 35 35 400
24 0.00075 35 35 400
25 0.00075 35 35 400
26 0.00075 35 35 400
27 0.00075 35 35 400
28 0.00075 35 35 400
29 0.00075 35 35 400
30 0.00075 35 35 400
31 0.00075 35 35 400
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7.1.3 Experimental analysis of the response surface, mDoE-1

Prior to creating the regression model and analyzing the response surface of mDoE-1 by
regression analysis, the content of the packed-bed reactor used for kinetic and preliminary
experiments was exchanged for new and unused immobilizate. Subsequently, all factor
combinations suggested by the CCD for 4 factors (see Tab. 7.4) were simulated for the
specifications of the newly packed-bed, as even slight deviations in the immobilizate weight
and packed-bed bulk density have a considerable effect on the results (see Suppl. Tab. A.1).
The regression coefficients of a second-order polynomial regression model were estimated by
multi-linear regression analysis and the regression model was tested for significance using
ANOVA (see Subs. 6.5.6). All regression coefficients, the corresponding p-values and the
results of the model evaluation are summarized in Table 7.5 (for all values of all workflow
rounds see Suppl. Tab. A.5 and Tab. A.6).
Table 7.5: Estimated coefficients of second-order linear regression model considering linear,
interaction and quadratic effects and corresponding p-values for mDoE-1. *=significant,
n.sig.=not significant (0.05 significance level).

Coefficient Coefficient value p-value Significance

𝛽0 8.346 0.063 n.sig.
𝛽Flow −3.04 ⋅ 104 5.70 ⋅ 10−5 *
𝛽CDP 0.541 1.51 ⋅ 10−4 *
𝛽polyP 0.173 1.34 ⋅ 10−1 n.sig.
𝛽Pressure 2.91 ⋅ 10−3 0.752 n.sig.
𝛽Flow,CDP -282.0 1.09 ⋅ 10−4 *
𝛽Flow,polyP 65.02 0.257 n.sig.
𝛽Flow,Pressure -1.332 0.813 n.sig.
𝛽CDP,polyP −1.21 ⋅ 10−3 0.263 n.sig.
𝛽CDP,Pressure 2.76 ⋅ 10−5 0.795 n.sig.
𝛽polyP,Pressure −4.55 ⋅ 10−6 0.966 n.sig.
𝛽Flow2 1.79 ⋅ 107 2.94 ⋅ 10−5 *
𝛽CDP2 −2.12 ⋅ 10−3 9.90 ⋅ 10−2 n.sig.
𝛽polyP2 −2.97 ⋅ 10−3 2.59 ⋅ 10−2 *
𝛽Pressure2 −2.19 ⋅ 10−6 0.779 n.sig.

The estimated regression coefficients differ in the coefficient estimate and their corresponding
p-values. Only the coefficients for the variable flow and CDP, the interaction effect of flow and
CDP as well as the quadratic effect of flow and polyP contributed significantly to the regression
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model output. All other coefficients are classified as insignificant. However, since new data
sets are to be added and model parameters are to be adapted as the workflow progresses, all
regression coefficients were still included in the regression model.
To create the three-dimensional response surface, the design space was calculated completely
based on the estimated regression coefficients. Therefore, two factors were randomly varied
1000 times between the upper and lower factor limits and the responses were calculated (see
Subs. 6.3.1, Equ. 6.4), while the other two factors were held constant at mid-level values.
The resulting response surface for the observed responses depending on the CDP and polyP
starting concentrations and constant mid-level flow rate of 0.75 mL min−1 and hydrostatic
pressure of 400 bar is shown in Figure 7.3 (part A).

Figure 7.3: A: Response surface for predicted CTP concentration at reactor outlet based on CCD
and shown for varying CDP and polyP starting values. Other factors set to constant mid-level values.
B: Response surface for predicted CTP concentration at reactor outlet based on CCD and shown for
varying flow rate and hydrostatic pressure starting values. Other factors set to constant mid-level values.
For experimental conditions see Suppl. Tab. A.1 run 23.
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An adjusted R2 of 0.92 was obtained for the response surface regression model considering the
four factors with a good fit based on F-statistics (p-value of 2.64 ⋅ 10−8 with significance level
p<0.05, see Subs. 6.5.6) indicating an adequate approximation of the simulated responses by
the regression predictions. It can be seen that the CTP concentration increased with increasing
starting concentrations of CDP and polyP. The highest CTP concentration was obtained at
polyP concentrations above 20 mmol L−1, but decreased with further increases of polyP
concentration.
In Figure 7.3 (part B), the response surface depending on the flow rate and hydrostatic pressure
with constant mid-level CDP and polyP starting concentration is depicted. With increas-
ing flow rate, the CTP concentration decreased and increased again for flow rates higher
1.05 mL min−1. Compared to the flow rate, the increasing hydrostatic pressure had only a
comparatively minor influence on the CTP concentration. It was assumed that the proven
effect of hydrostatic pressure (see Subs. 5.3.2) may have been masked by the greater influence
of the flow rate on the response. Nevertheless, highest CTP concentrations were obtained for
minimum flow rate and maximum hydrostatic pressure. In contrast to the response surface
reflecting the influence of CDP and polyP, negligible interaction effects between the flow rate
and hydrostatic pressure were observed.

To identify the most important regression coefficient, the SRCs were determined and summa-
rized in Table 7.6 (for all values of all workflow rounds see Suppl. Tab. A.7).
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Table 7.6: Standardized regression coefficients of multiple linear regression model considering
linear, interaction and quadratic effects (mDoE-1).

Coefficient SRC value

𝛽′
0 -0.055
𝛽′
Flow -0.705
𝛽′
CDP 0.451
𝛽′
polyP -0.092
𝛽′
Pressure 0.031
𝛽′
Flow,CDP -0.251
𝛽′
Flow,polyP 0.058
𝛽′
Flow,Pressure -0.013
𝛽′
CDP,polyP -0.056
𝛽′
CDP,Pressure 0.014
𝛽′
polyP,Pressure -0.002
𝛽′
Flow2 0.304
𝛽′
CDP2 -0.098
𝛽′
polyP2 -0.138
𝛽′
Pressure2 -0.012

With an estimated absolute value of 0.705 and 0.451 the flow rate and CDP starting concen-
tration had the greatest influence on the response. This was confirmed by the strong curvature
in the response surface shown in Figure 7.3 (part A and B). The SRC 𝛽′

f low,CDP with a value
of 0.251 describing the interaction effect of the flow rate and CDP starting concentration
was also classified as important. The SRCs for polyP and hydrostatic pressure as well as the
flow-rate-hydrostatic-pressure interaction, with 0.091, 0.031 and 0.013, were comparatively
low. Subsequently, the output of the response function including the regression coefficients
and 1000 random factor combinations was maximized using a minimization function fmincon

and predefined objective (MATLAB, R2018b).
The highest CTP concentration of 29.98mmol L−1 was predicted for a flow rate of 0.15mLmin−1,
65 mmol L−1 CDP, 17.2 mmol L−1 polyP and 400.5 bar hydrostatic pressure. The resulting
factor combination should then be validated and carried out experimentally. The progression
of the measured CTP concentration over time is shown in Figure 7.4.
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Figure 7.4: Workflow round mDoE-1. Predicted CTP concentration by RSM (square), experimental
CTP data for the suggested optimal factor combination (circle) and simulated CTP concentration by
the process model (solid and dashed lines, median and 10% and 90% quantile model parameter values)
over time. For experimental conditions see Suppl. Tab. A.1.

As depicted in Figure 7.4, a CTP concentration of 14.97 mmol L−1 was measured (shown as
open circle marker) at the reactor outlet after a process time of 15 min. As a consequence, the
predicted CTP concentration of 29.98 mmol L−1 (denoted as square marker, based on RSM)
was not reached with the suggested factor combination. Furthermore, it can be seen that the
process model over-predicted the CTP concentration for the median and 10% and 90% quantile
model parameter values. Therefore, the process model was not capable to reflect the process
dynamics for the given experimental point. This could be related to a lack of experimental
data in the lower flow range area below 0.5 mL min−1 for the adaption of model parameters
(see Subs. 6.2). The lack in prediction capabilities for extreme areas of the design space can
therefore be seen as detrimental to the quality of description.
As a result, the estimation of optimal process conditions based on the Monte-Carlo simulations
(Subs. 6.3.3) was not performed. Instead, obtained data sets were used to re-adapt the model
parameters and to improve the predictive capabilities of the process model over the entire
design space, as proposed in the workflow (see Fig. 6.1). Furthermore, changes in the process
model were made and an equation describing the reduction of the reaction rate with decreasing
flow rate was implemented. The data from the first round of mDoE experiments was then
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added to the database in order to re-adapt the model parameters of the process model (30 data
sets in total).

7.1.4 Experimental analysis of the response surface, mDoE-2

In Figure 7.5 the reduction of the specific activity with decreasing flow rate (circle marker) is
shown [117].

Figure 7.5: Determination of mass transfer limitation as a function of the flow rate. Flow rate =
0.15 mL min−1-3.0 mL min−1, cCDP,0 = 30 mmol L−1, cpolyP,0 = 44 mmol L−1, mRpPPK2−3 = 0.166 g,
n = 3.

The kinetic equation considering the reduction in the reaction rate vred with decreasing flow
rate V̇ was formulated as:

𝑣𝑟𝑒𝑑 = 0.99 ⋅ 𝑉̇
1.02 ⋅ 10−4 + 𝑉̇

(7.1)
The predicted normalized specific activity 𝑣𝑟𝑒𝑑 (solid line) is depicted in Figure 7.5 as a function
of the flow rate from 0.15 − 3.0 mL min−1. Based on this, the adapted kinetic equation was
then changed to:
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𝑣 (i) = 𝑣red ⋅𝑣p,Dsig ⋅𝑐Enz (i)⋅𝑣max ⋅
𝑐CDP (i)

𝐾m,CDP + 𝑐CDP (i)
⋅

𝑐polyP (i)
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⎝

1 +
𝑐polyP (i)
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⎞

⎟

⎟

⎠

(7.2)

After implementing the kinetic equation into the process model, the second workflow round
(mDoE-2) was started and model parameters were re-adapted (see Suppl. Tab. A.3) using
the adapted process model and data sets (see Fig. 6.1, I). The median, 10% and 90% quantile
model parameter values were calculated for all model parameter distributions (see Tab. 7.7).
Table 7.7: Adapted process model parameters: Median, 10%/90% quantile and 95% CI values
(mDoE-2).

𝑣max [mmol min−1 mg−1] 𝐾M,CDP [mmol L−1] 𝐾M,polyP [mmol L−1] 𝐾I,polyP [mmol L−1] 𝑘d [min−1]

Start value 0.0166 32.16 219.8 8.40 3.0 10−4

Mean 0.0319 18.88 74.75 15.69 2.7 10−4

10% quantile 0.026 7.89 0.19 11.88 1.33 ⋅ 10−4

median 0.030 17.07 77.69 15.29 2.83 ⋅ 10−4

90% quantile 0.037 27.52 125.84 19.73 3.86 ⋅ 10−4

CI0.025 0.0308 17.63 71.22 15.47 2.6 ⋅ 10−4

CI0.975 0.0330 20.14 78.29 15.90 2.8 ⋅ 10−4

Compared to the adapted model parameters of mDoE-1, all model parameter values changed
after re-adaption to new data sets. In particular, the maximum specific activity 𝑣𝑚𝑎𝑥 and
KM,polyP increased and decreased, respectively. The deactivation rate kd remained nearly
unchanged. Using the re-adapted model parameter, all experimental data sets were simulated.
The results of mDoE-2 TC (check of termination criterion) are shown in Figure 7.6.
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Figure 7.6: Workflow round mDoE-2 TC. A: Comparison of experimental and simulated CTP
concentration for median model parameter values, all data sets (mDoE-2 TC). B: Monte-Carlo-based
response surface (n=30) for predicted CTP concentration at reactor outlet and varying CDP-polyP
starting concentrations. Flow rate and hydrostatic pressure set to constant mid-level values (mDoE-
2 TC). C: Predicted CTP concentration by RSM (square, mDoE-1), experimental CTP data for the
suggested optimal factor combination (circle, mDoE-1) and simulated CTP concentration by the process
model (solid and dashed lines, median and 10%/90% quantile model parameter values of mDoE-2 TC,
respectively) over time. For experimental conditions see Suppl. Tab. A.1.
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The comparison of all experimental and simulated data points showed that experimental
data points were particularly over-predicted at the beginning of the process for data sets with
comparable high CDP and polyP starting concentrations (deviation from the dashed line,
see Fig. 7.6, part A). Nevertheless, the NRMSD value of 1.70 indicates that the final CTP
concentration can be predicted well over a wide experimental space from 5 to 65 mmol L−1

CDP and polyP. As shown in Figure 7.6 (part C), the prediction of the CTP concentration at
the reactor outlet for the favorable factor combination determined for mDoE-1 was improved.
The experimental data were located within the uncertainty band.

Similar to the first round of the workflow (mDoE-1) the applied enzyme concentration as
well as the bulk density of the packed-bed were first calculated before the workflow was
continued. The calculated values are summarized in Supplementary Table A.1. Subsequently,
the termination criteria was checked (mDoE-2 TC, see Subs. 6.1). Therefore, the design plan
was simulated for the reactor specifications of mDoE-1 and the maximal CTP concentration at
the reactor outlet based on RSM, Monte-Carlo simulations, response surface analysis and the
resulting optimal factor combination was determined. A CTP concentration of 18.2 mmol L−1

at a flow rate of 0.15 mL min−1, 65 mmol L−1 CDP, 33.3 mmol L−1 polyP and 400.8 bar
hydrostatic pressure was predicted. The corresponding CDP-polyP response surface with
constant mid-level flow rate and hydrostatic pressure values is shown in Figure 7.6 (part B). A
theoretical CTP concentration increase of 21.3% compared to the mDoE-1 experiment (CTP
concentration of 14.97 mmol L−1) was achieved, thus the workflow and the simulation of the
design plan were continued as proposed.

On this basis, all factor combinations of the design plan were simulated (see Suppl. Tab. A.8),
regression coefficients of the response surface were estimated (see Suppl. Tab. A.5) and the
surface was plotted for the CDP-polyP factor combinations (flow rate and hydrostatic pressure
at constant mid-level, see Fig. 7.7).
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Figure 7.7: Response surface for predicted CTP concentration at reactor outlet based on CCD and
shown for varying CDP and polyP starting concentrations. Other factors set to constant mid-level
values. For experimental conditions see Suppl. Tab. A.1 run 26 (mDoE-2).

With increasing CDP and polyP concentration, CTP concentration increased whereas the high-
est concentration was reached for maximum CDP and 40 mmol L−1 polyP. This was confirmed
by the determined absolute SRCs for CDP and polyP of 0.527 and 0.1663, respectively (see
Suppl. Tab. A.7). As shown for mDoE-1, the flow rate and hydrostatic pressure increased the
CTP concentration with decreasing and increasing factor values, respectively (see Fig. 7.8).

Figure 7.8: Response surface for predicted CTP concentration at reactor outlet based on CCD and
shown for varying flow rate and hydrostatic pressure starting values. Other factors set to constant
mid-level values. For experimental conditions see Suppl. Tab. A.1 run 26 (mDoE-2).
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Despite the comparatively low influence of the hydrostatic pressure reflected by the regression
model and regression coefficients, it contributed to the maximization of the defined response,
as shown in preliminary experiments. In these experiments, an activity increase of up to
12.5% was observed at a hydrostatic pressure of 600 bar [117]. SRCs of 0.681 and 0.045
were determined for the flow rate and hydrostatic pressure (see all SRCs Suppl. Tab. A.7).
Consequently, the flow rate can be regarded as the most important factor.
To quantify the propagated uncertainty for every factor combination and the resulting pos-
sible range of all observed responses, Monte-Carlo simulations were performed (n=30, see
Subs. 6.3.3). The model parameter values were drawn by LHS from the model parameter
distributions and the 10% and 90% quantile values were calculated. Based on this, the response
surface representing the propagated experimental uncertainty was estimated and an optimal
factor combination was determined. The response surface for the CDP-polyP factor combi-
nation and constant flow rate and hydrostatic pressure factor values is shown in Figure 7.9
(part A).
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Figure 7.9: Workflow round mDoE-2. A: Monte-Carlo-based response surface (n=30) for predicted
CTP concentration at reactor outlet and varying CDP-polyP starting concentrations. Flow rate and
hydrostatic pressure set to constant mid-level values (mDoE-2). B: Predicted CTP concentration
by RSM (square), experimental CTP data for the suggested optimal factor combination (circle) and
simulated CTP concentration by the process model (solid and dashed lines, median and 10%/90%
quantile model parameter values, respectively) over time (mDoE-2). For experimental conditions see
Suppl. Tab. A.1.

A total of 930 experiments were simulated, which are represented by the blue circle markers
(see Fig. 7.9, part B)). The mean, 10% and 90% quantiles and interquartile distances of the
responses are summarized in Supplementary Table A.9. The regression coefficients of the
estimated response surface can be found in Supplementary Table A.5. It can be seen that CDP
starting concentration had an impact on the final CTP concentration whereas the influence of
polyP was comparatively low, as indicated by the slight response surface curvature. A greater
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influence would have been expected for higher polyP concentrations as shown by the kinetic
data of Schmalle et al. (2024) [117].
As previously described and proposed in the workflow, the weighted desirability of the Monte-
Carlo simulations should be determined to evaluate the trade-off between maximizing the
predicted response and minimizing the process variability (see Fig. 6.1, II). 0.8 and 0.2 were
used as weighting factors for mean response and interquartile distance, reflecting the variability
of the Monte-Carlo-based simulations. The resulting desirability surfaces for the CDP-polyP
and flow-rate-hydrostatic-pressure factor combinations are shown in Figure 7.10.

Figure 7.10: Weighted desirability surface for predicted CTP concentration at reactor outlet based on
CCD and Monte-Carlo simulations (n=30). A: Shown for varying CDP-polyP starting concentrations.
B: Shown for varying flow-rate-hydrostatic-pressure starting values. Other factors set to constant
mid-level values (mDoE-2).
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For the CDP-polyP factor combination, D values of 0.5 and higher were reached from
45 to 65 mmol L−1 CDP and 30 to 55 mmol L−1 polyP (see Fig. 7.10, part A). D higher
0.8 were obtained for flow rates lower 0.2 ml min−1 and hydrostatic pressures of 300 bar and
higher. Similar to mDoE-1, the maximum response was determined for the response surface
and given regression model. A final CTP concentration of 21.01 mmol L−1 was predicted
for a flow rate of 0.15 mL min−1, 65 mmol L−1 CDP, 34.5 mmol L−1 polyP and a hydrostatic
pressure of 799.9 bar. Thus, the suggested factor combination was located in the area of the
highest weighted D (see Fig. 7.10). Compared to mDoE-1, where the maximum response
was reached for 400.5 bar, the suggested hydrostatic pressure to be applied was doubled.
To validate the workflow and factor combination, the desirable experiment was performed.
In Figure 7.9 (part B), the simulated progression of the CTP concentration, the predicted
maximum response and experimental data over time are shown.

After a process time of 15 min, a CTP concentration of 21.3 mmol L−1 was measured at the
reactor outlet (circle marker) for a flow rate of 0.15 mL min−1, 799.9 bar hydrostatic pressure
and starting concentrations of 65 mmol L−1 CDP and 34.5 mmol L−1 polyP. As can be seen
in Figure 7.9 (part B), the predicted CTP concentration of 21.01 mmol L−1 based on the RSM
(square marker) was over-predicted by the process model and model parameters (solid and
dashed lines). Furthermore, both the experimental and the predicted data were located outside
the uncertainty band. Therefore, new experimental data were added to the data base (33 data
sets in total) and the workflow was repeated.

7.1.5 Experimental analysis of the response surface, mDoE-3

In the beginning of the workflow round mDoE-3, the initial (Equ. 7.3) and boundary conditions
(Equ. 7.4) for the differential equations (see Suppl. Tab. A1), except for the differential equation
describing the deactivation of the enzyme over time, were changed to:
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As a result, the prediction of the initial concentration change at the inlet of the packed-bed
and the numerical stability of the differential equation solver was improved. Subsequently,
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the model parameters were re-adapted to all experimental data sets. The estimated model
parameter values based on these changes are summarized in Table 7.8.
Table 7.8: Adapted process model parameters: Median, 10%/90% quantile and 95% CI values
(mDoE-3 TC).

𝑣max [mmol min−1 mg−1] 𝐾M,CDP [mmol L−1] 𝐾M,polyP [mmol L−1] 𝐾I,polyP [mmol L−1] 𝑘d [min−1]

Start value 0.0166 32.16 219.8 8.40 3.0 10−4

Mean 0.0253 25.85 125.3 12.46 2.8 10−4

10% quantile 0.019 6.51 29.97 7.80 2.01 ⋅ 10−5

median 0.024 23.60 117.76 11.64 2.97 ⋅ 10−4

90% quantile 0.033 46.62 214.24 17.05 4.49 ⋅ 10−4

CI0.025 0.0248 24.60 120.5 12.13 2.7 ⋅ 10−4

CI0.975 0.0257 27.10 130.1 12.80 2.9 ⋅ 10−4

Similar to the workflow round mDoE-2, all model parameters changed in their mean, median,
10% and 90% quantile and CI values. As a result of the revised boundary conditions and the
adjusted ordinary differential equation solver options, process model and model parameter
re-adaption the accuracy of prediction was improved. A NRMSD value of 1.35 for all experi-
mental data sets compared to all simulated data (see Fig. 7.11, part A) was determined and the
absolute width of the uncertainty band was reduced (10%/90% quantile, see Fig. 7.11, part C).
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Figure 7.11: Workflow round mDoE-3 TC. A: Comparison of experimental and predicted CTP
concentration for median model parameter values, all data sets. B: Monte-Carlo-based response surface
(n=30) for predicted CTP concentration at reactor outlet based on CCD and varying CDP-polyP starting
concentrations, flow rate and hydrostatic pressure set to constant mid-level values. C: Predicted CTP
concentration by RSM (square, mDoE-2), experimental CTP data for the suggested optimal factor
combination (circle, mDoE-2) and simulated CTP concentration by the process model (solid and dashed
lines, median and 10%/90% quantile model parameter values) over time. For experimental conditions
see Suppl. Tab. A.1



88 Experimental validation of the iterative workflow

Compared to mDoE-2 (see Fig. 7.9, part B), the experimental data points were located within
the uncertainty band. As described in the workflow, the termination criterion was reviewed
(mDoE-3 TC). Based on the reactor specifications of mDoE-2 (mRpPPK2−3 and bulk density),
a new optimal factor combination was determined. A CTP concentration of 19.3 mmol L−1

at a flow rate of 0.15 mL min−1, 65 mmol L−1 CDP, 34.5 mmol L−1 polyP and 799.9 bar
hydrostatic pressure was predicted. The predefined termination criterion has been reached
(difference ci∕ci−1 < 10%) and the workflow ended. As indicated by the p-values of the
response surface regression coefficients (see Suppl. Tab. A.6), the coefficients considering the
flow, CDP and polyP starting concentration had a significant linear and quadratic effect on
the response with p-values lower 0.05 (correlation between the dependent and independent
variables). The coefficient describing the interaction effect of the flow rate and CDP starting
concentration also contributed significantly to the regression model. p-values higher than 0.05
were determined for all other linear, interaction and quadratic effects including the hydrostatic
pressure effect. However, the regression coefficients of the multiple linear regression model
are only estimated in such a way that the responses of individual factor combinations are
well described and the true response surface is approximated. Since hydrostatic pressure has
already been shown to have an effect on the final CTP concentration, it might be possible that
this effect was superimposed by the other factors and the regression model complexity.

7.2 Optimization objective: Space-time yield STY

As previously described, the iterative workflow could be also used for optimization objectives
other than maximizing the final product concentration at the reactor outlet. For example, the
space-time yield objective which is defined as the product formed per unit volume and time
and frequently used in biotechnology to assess the continuous process performance, could
be defined [225, 263]. Based on the process model and process model parameters adapted
in the third workflow round, the factor boundary values (see Tab. 7.3) and the results from
the Monte-Carlo-based simulations, the maximum STY was determined equivalently to the
maximum CTP concentration. A maximum STY of 238.1 mmol L−1 min−1 was reached for
maximum flow rate of 1.35 mL min−1, 65 mmol L−1 CDP, 36 mmol L−1 polyP and 799.9 bar
hydrostatic pressure. The corresponding response surface plots are shown in Figure 7.12.
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Figure 7.12: A: Response surface for predicted maximum STY based on user-constraint CCD and
Monte-Carlo-based simulations of mDoE-3 shown for varying CDP and polyP starting concentrations.
Flow rate and hydrostatic pressure set to constant mid-level values. B: Response surface for predicted
maximum STY based on user-constraint CCD and Monte-Carlo-based simulations of mDoE-3 shown
for varying flow rate and CDP starting concentrations. PolyP and hydrostatic pressure set to constant
mid-level values.

Compared to the response surface plots for maximized CTP concentration (see Fig. 7.11,
part B), the maximum STY was also reached for high CDP and mid-range polyP starting
concentration (see Fig. 7.12, part A). However, as shown in Figure 7.12 (part B), maximum
flow rates were necessary to reach the highest possible STY. This behavior can be explained by
the process dynamics of the continuously operated reactor and the change in the optimization
objective from achieving maximum product concentration to producing as much product as
possible per unit of time. Considering the costs of the substrate and the product as well as the
effort of product downstreaming, an extended optimization objective should be formulated
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to design an economical and competitive production process. In addition, since cofactor
regeneration processes are often only part of more complex multi-step enzymatic processes,
the actual CTP requirement of one or more reactions should be assessed.



8 Discussion

In this thesis, the applicability of the mDoE methodology was demonstrated for the model-
assisted design and optimization of a cofactor regeneration reaction in a continuously operated
packed-bed reactor under high hydrostatic pressure conditions and using an immobilized
enzyme. In order to improve the process understanding during the development process
and enable a knowledge-based optimization, the mDoE methodology was to be integrated
into an iterative workflow. No one-factor-at-a-time or traditional DoE approach, common in
process development, was used at the beginning to avoid time-consuming and cost-intensive
experimentation. Instead, the aim was to demonstrate the usability of the proposed workflow
and the mDoE methodology from the early stages of process design, even when only limited
information about the reaction system is available. In addition, insight into the process dy-
namics of the reaction system should be gained with a reduced number of experiments.

8.1 Applicability of the model-assisted DoE and iterative workflow

First, by selecting the modeling approach and formulating the process model for the presented
CTP regeneration reaction in the high hydrostatic pressure reactor, selective experiments
were initially performed to validate the process model, improve the model accuracy and
describe the process dynamics. These selective experiments were partly necessary due to the
novelty of the reactor concept and the lack of information in the literature on the enzymatic
reaction and the influencing variables and process conditions. Typically, such experiments
are not performed in design and optimization studies. In order to accurately predict the time-
and location-dependent as well as the final product concentration with the selected reaction-
dispersion-convection model, experiments on the flow behavior and the resulting parameters
such as the residence time distribution, Bodenstein number and the resulting axial dispersion
coefficient were needed. Relatively low Bodenstein numbers confirmed the assumption of
a dispersive axial flow in the packed-bed for flow rates between 0.5 and 1.5 mL min−1. The
results obtained also indicated that, among others, the bulk density of the packed-bed may
have an influence on the fluid dynamics and on mass transfer effects. However, the accuracy of
the process model was sufficient for the specific application shown. Investigation of additional
effects caused by the bulk density or structure of the packed-bed would require more extensive
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studies beyond the scope of this thesis.

Second, based on the four factors flow rate, initial CDP and polyP concentration and hydro-
static pressure, and their factor limits to be investigated, different experimental designs, such
as the central composite, Box-Behnken, and D-optimal design plans, could be evaluated in the
beginning of the process design and optimization. Therefore, the design plans were generated
and the responses were simulated using the formulated process model. The designs were
evaluated with regard to the R2, R2

adj and MSE values for a first- and second-order regression
model determined by regression analysis. The simulated responses were best reflected by a
combination of a CCD and second-order regression model, which was then used for the further
development process. As a result, an 𝑖𝑛 𝑠𝑖𝑙𝑖𝑐𝑜 and rational rather than a visual selection of an
adequate design plan was made. This eliminated the need to perform time-consuming experi-
ments with different experimental designs and enables the accelerated assessment different
DoE plans varying in the number of suggested factor combinations and their distribution in
the experimental space.

Third, the process dynamics and individual as well as interaction effects of four factors, such as
the compensating effect of increasing initial CDP concentration and flow rate, were described
and predicted by the process model and model parameter values which may not be explored
in initial screening or solely kinetic experiments. In addition, it was shown that individual
factors have a varying impact on the process outcome and the optimization objective. Overall,
the flow rate followed by the initial CDP concentration were considered as most important.
The mean residence time and the mass transfer limitations encountered in the selected factor
ranges were directly determined by the flow rate, but further reduction of the flow rate should
not be considered as the process productivity would decrease. The impact of the polyP concen-
tration and hydrostatic pressure was comparatively low in the predefined experimental space.
Among others, the latter could be attributed to an unfavorable combination of the hydrostatic
pressure and reaction temperature, since only one temperature was set for the regeneration
reaction. The importance of an ideal hydrostatic pressure and temperature combination has
been reported in the literature [13, 115]. Nevertheless, with the use of a suitable pump and
resistant reactor system components, the hydrostatic pressure and reaction temperature could
be further increased and varied, to investigate the full range of the influence of hydrostatic
pressure and temperature on the enzyme activity and stability, as partially shown by Zhao et al.
(2015) for immobilized C. rugosa lipase up to 2000 bar [116] and Mozhaev et al. (1996)
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for 𝛼-chymotrypsin up to 4700 bar [115]. The varying impact of the individual factors was
emphasized by the regression analysis and determined p-values as well as the determined
SRCs of the empirical regression model. The use of SRCs provided an additional method for
assessing the importance of each factor on the response. The importance of factor interactions
and quadratic effects are assessed quantitatively and not just qualitatively as in standard regres-
sion analysis. Compared to other global sensitivity analysis methods, SRCs can be determined
rather simple based on the empirical regression model and the corresponding responses. A
global sensitivity analysis method, as presented by Möller et al. (2020), could be integrated
into the workflow for further studies to also determine important process model parameters
and their impact on model outcomes [35].

Fourth, the predefined optimization objective of maximizing the product concentration at the
reactor outlet was evaluated not only qualitatively, but also quantitatively for factor combi-
nations different from those suggested by the selected design plan using RSM. In addition,
variation of the response can be described on the basis of the uncertainty band represented by
the 10% and 90% quantiles. In traditional optimization approaches, optimal factor combina-
tions would have been explored only if the costly and time-consuming experiments suggested
by the DoE plan followed by RSM had been conducted fully experimentally. For example,
Fabbri et al. (2021) used a full-factorial design with three factor levels and four factors resulting
in 30 experiments to analyze the thermostability and selectivity of different hydrolases [264].
A full-factorial design with three factor levels and four factors in combination with RSM was
also used by Gupta et al. (2016) to optimize a biodiesel production process [265].

Fifth, at this point, using the regression and process model, further DoE plans can be simulated
and evaluated in order to re-evaluate the design plan selected at the really beginning and to
facilitate and accelerate the introduction of new optimization approaches.

8.2 Comprehensive discussion

Based on the results presented, the application of the mDoE methodology integrated into the
proposed iterative workflow can be justified. After each iteration round, the knowledge and
experimental data gained were incorporated into the process model and added to the data
base to improve the predictive capabilities and to re-adapt the model parameters from the
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previous workflow round. The results clearly show that the accuracy of the process model
improved after the second (mDoE-2) and third mDoE (mDoE-3) workflow round, as the
width of the uncertainty band is a measure for process model prediction quality [266] and
reliability of model parameter estimation [57]. The relative width, relative to the simulated
CTP concentration based on the median model parameter values, decreased from 170.2% to
26.6% for mDoE-2 and mDoE-3, respectively. Furthermore, the improvement of the process
model accuracy was also confirmed by the decreased NRMSD value for all experimental
and simulated data. The NRMSD decreased from 1.81 for mDoE-1 to 1.35 for mDoE-3.
Overpredicted CTP concentrations at the beginning of the simulation could be related to
start-up effects or packed-bed rearrangement. These types of effects have not been described
for small-scale biocatalytic processes in the literature and need to be investigated as a function
of the immobilizate material and particle size, flow rate and hydrostatic pressure. In addition
to the uncertainty-based methods, a risk-based approach was enabled by using the weighted
desirability function as described previously in Subsection 6.4. Potentially, the optimization
based solely on the final concentration could be replaced by the estimated desirability. For
further optimization studies, the criterion for terminating the workflow when the expected
change in the response is less than 10% could be revised to better meet the needs and expecta-
tions of the user. However, there will be a trade-off between the number of iteration rounds
and the resulting costs and the time required for the optimization.

The versatile usability of the results and the iterative workflow has been demonstrated as
the maximum STY was additionally determined for the given factor boundaries despite the
described potential for improvements and further development. Generally, in contrast to
maximizing the final product concentration at the reactor outlet, optimizing the STY can be
regarded as more relevant in continuous biocatalysis [267], but it is important to consider
whether the increased STY compensates for the increased product and waste stream [268]. In
order to design an economical and competitive biocatalytic process based on the STY, the
optimization objective has be to extended to also account for the cost of substrates, energy,
equipment and subsequent downstreaming and purification of the product. Furthermore,
ecological criteria are becoming more important and have to be accounted as well. [43] For
example, a multi-objective dynamic optimization based on STY, enzyme consumption and
cofactor consumption for an enzymatic cascade producing 𝛼 -ketoglutarate was presented by
Paschalidis et al. (2022) [269].
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8.3 Scale-up

In order to reduce the cost of the final product, scale-up of the regeneration process is needed.
Similar to the scale-up of STR or CSTR reactors, scale-up design criteria exist for flow and
packed-bed reactors. According to Afandizadeh and Foumeny (2001), the most significant
criterion in the scale-up of a packed-bed reactor is the reactor to particle diameter ratio [270].
However, it is to be expected that the overall performance is affected by scaling-up [270]. Due
to the complexity of the CTP regeneration reaction it is assumed that beside this criterion
a more comprehensive description of the influence of the bed structure and hydrodynamics
inside and along the packed-bed would be also necessary.
Compared to the small-scale reactor presented in this thesis, which was mainly derived from a
UHPLC concept, different immobilizate particles in terms of size and size distribution are
needed, resulting in changed axial and radial dispersion, internal and external mass transfer
and possible zones of inadequate flow and conversion rates (often referred as dead volume).
Particularly, diffusion and heat transfer processes are not linearly scalable. [43, 270] The size
and its variation also directly influences the specific area available, void volume and back
pressure [270]. In addition, back pressure results from the relatively high flow rates used in
flow reactors due to the high loading of enzymes [271]. The back pressure can be overcome by
changing the shape of the particles [270] or application of silica monoliths [133]. To transfer
the concept of reactions performed under high hydrostatic pressure to large scale, the design of
the pressure generation unit, reactor wall thickness, tube connectors and suitable back pressure
regulator have to be adapted as well.
As a result, the prior evaluation of different scaling criteria, immobilizate sizes and shapes as
well as the resulting conversions and STYs, even if the flow rate is similar to the small scale,
is recommended. Therefore, the presented process model could be adapted or extended and
used as a knowledge-based scale-up tool. The basis for the model-based scale-up could be
provided by the mDoE together with a model-predictive controller concept for the adaption of
model parameters and the control of process variables, such as the NMPC. In Figure 8.1 an
adapted workflow for the scale-up of biocatalytic production processes is proposed.
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Figure 8.1: Combined iterative model-assisted Design of Experiments workflow and non-linear model
predictive control for process scale-up.

In the beginning of process development and scale-up, the mDoE methodology is performed
as described in Subsection 6. Adapted model parameters from the smallest scale are initially
used and it is assumed that the kinetics are unchanged. The mDoE is now used to predict
an optimal factor combination which is then used in the NMPC part (see Fig. 8.1, part III)
as starting point for experiments. In addition, a reduced design space is determined with
the mDoE, which represents the lower and upper factor boundaries for the NMPC. In the
NMPC part, model parameters are adapted and process variables are controlled according
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to a predefined optimization objective. For example, the flow rate can be adjusted over
the process time to compensate for enzyme deactivation and to achieve a constant product
concentration. After the process is simulated, the differences in the model parameter values
(Δ) and distributions between the mDoE and NMPC from the higher scale are to be compared.
Significant differences would indicate that process model parameters or process variables
are scale-dependent. In this case, the process model would be adapted, scale-dependent
variables would be introduced or declared, e.g., the Dax, and the resulting process model would
be validated. With this concept, the progression of the process model structure and model
parameter values can be summarized over the different process scales.
Furthermore, a model-based scale-up strategy can be developed and the reactor or packed-
bed design can be adapted, e.g., the reactor diameter and length, and optimized. Also, the
maximum time of operation due to enzyme deactivation or leaching could be determined. A
model-based scale-up is also suggested by Afandizadeh and Foumeny (2001) who proposed
the use of a catalyst-reactor model to study physical and operating variables and their main
as well as interaction effects if catalyst particles are changed [270]. Therefore, the NMPC
can be seen as an addition to the mDoE methodology and as a further step towards process
intensification, digitalization and replacement of traditional scale-up concepts. Common
𝑎 𝑝𝑟𝑖𝑜𝑟𝑖 models are assumed to fail in scale-up as process dynamics and process variables
change between small and larger scale [272].





9 Conclusion and outlook

The mDoE methodology was successfully used as part of an iterative workflow to support
the design and optimization of the complex enzymatic CTP cofactor regeneration process.
Compared to other design and optimization approaches, the iterative workflow represents a user-
friendly method as the user can rely on a predefined decision path and criteria. Furthermore,
the workflow and programming structure also allows for efficient interaction between the
individual workflow modules. Despite the low amount of data about, e.g., enzyme kinetics,
flow characteristics and the experimental space, it was possible to formulate a suitable process
model and improve the understanding of the process by taking experimental variations into
account. In addition to the application of different flow rates and initial substrate concentrations,
high hydrostatic pressure was used as a complementary process parameter and its effect was
described and incorporated into the process model.
Based on the process model, model parameters and pre-evaluated experimental design, insights
into the process dynamics and factor interactions as well as importance of hydrodynamics
inside the packed-bed were gained. Using the proposed workflow, focused experiments
were carried out in the early stage of process development, and the reaction conditions were
efficiently optimized with regard to a maximized CTP concentration at the reactor outlet.
21.3 mmol L−1 CTP was obtained for a flow rate of 0.15 mL min−1, 800 bar hydrostatic
pressure and starting concentrations of 65 mmol L−1 CDP and 34.5 mmol L−1 polyP after the
third workflow round. In addition, it has been shown, that other optimization objectives such
as the STY, can be used and evaluated using the workflow.
Overall, the experimental effort was significantly reduced compared to traditional optimization
approaches where several rounds of DoE can be necessary to optimize a process. In further
works, the workflow could be repeated not only to improve the predictive capability of the
process model, but also to step-wise reduce the design space or vary the optimization objective.

Despite the described deviations between the measured and set substrate concentrations, the
process understanding of the reaction system has been improved. However, these findings have
implications for the original mDoE methodology, so that in further applications, accurate anal-
ysis of the experimental data should be a fundamental part of the iterative workflow to avoid or
account for differences between the simulated and measured values. As can be seen from the
figures showing the progression of the CTP concentration over time, a more detailed analysis

99



100 Conclusion and outlook

of the flow characteristics and kinetics is required to adequately reflect the experimental data
in the initial phase of the process. These deviations could be due to time-dependent changes in
the process dynamics and kinetics that are different from those at a hypothetical steady-state
condition [273]. Changes in the packed-bed could also be a potential explanation. Therefore,
additional terms considering this behavior in the initial phase of the process and reaching of
steady-state conditions could be implemented. A promising time scale analysis approach was
presented by Sinner et al. (2020) to describe the time- and operation condition-dependent
dynamics of process parameters for a fermentation process. This approach could be adapted
and used for the continuously operated packed-bed reactor [273]. Besides, more precise
simulations and uncertainty analysis can be also achieved by individual starting value standard
deviations. This was shown by Bayer et al. (2020), who replaced the generally assumed
standard deviation with individual standard deviations estimated in repeated experiments at
the beginning of the modeling procedure [167].

With regard to the considered convective and dispersive flow, the stability and predictive
capability of process models could be improved by increasing the level of detail, e.g., by con-
sideration of spatial changes in axial and radial direction [274]. Furthermore, a comprehensive
study of the influence of the packed-bed bulk density on the flow behavior should be taken
into account. Describing the Bodenstein number as a function of the bulk density and flow
rate would also be conceivable. However, this would potentially lead to longer simulation
times, especially if used in the proposed iterative workflow with adaption of the process model
parameters. Nevertheless, these simulations can decoupled from the workflow procedure and
only used at the start. Computational fluid dynamics (CFD) and other simulation platforms
are promising and well developed programs to further analyze the flow through the catalytic
bed. For example, this was shown by Rezvani et al. (2015) for phenol removal by immobilized
peroxidase in a packed-bed reactor. It was found that the CFD approach provides useful
information on the hydrodynamics and possible bottlenecks in the process design, which is
needed for further industrial applications. [275]
A design and optimization approach that focuses more on the use of hybrid or black box
ANN models could further increase the predictive capabilities as these approaches are able to
describe phenomena that can only be described by time-consuming and cost-intensive experi-
ments. It would even be possible to integrate them into an workflow to increase the number of
experimental data sets and adapt the process model parameters and the design space. However,
it should be kept in mind that the chosen modeling approach is consistent with the expectations
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and further use of a purely descriptive, e.g., ANN, or rather explanatory, e.g., mechanistic or
hybrid, process model. Compared to the workflow proposed, the adaption of process model
parameters and quantification of model parametric uncertainty would be omitted in a novel
iterative workflow incorporating an ANN. Depending on the type of ANN, the following
workflow parts including RSM and evaluation of results are still usable. The ANN could also
replace the RSM as described by Huang et al. (2017). Experiments were performed according
to a CCD and the ANN was then used to predict and optimize the process variables (RSM
and ANN modeling-based optimization). [276] Similar to the workflow presented in this
work, using this type of optimization procedure, the experimental data generated in valida-
tion experiments would be added to the data base. Nevertheless, a rational and systematic
decision for type of workflow should be made to maximize the information and insights gained.

With the parts and tools presented and used in the model-assisted workflow, the basis for
further research and the application of the process model as part of a digital twin (DT) has
been established. The model requirement to quantitatively and qualitatively represent the
characteristics of the regeneration reaction and process variable interactions were met [232].
However, additional DT building blocks, such as continuous storage of operation data and
process visualization, are to be implemented [277] to successfully perform 𝑖𝑛 𝑠𝑖𝑙𝑖𝑐𝑜 predictions
and optimize real world processes [140]. A DT approach in the field of enzymatic hydrolysis
was presented and applied by Appl et al. (2021) [86]. Based on these promising results
and together with appropriate on- or at-line process control, soft sensors and non-linear
model predictive controllers, the DT concept could be used to accompany current or future
biotechnological production processes.
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Table A.1: Experimental conditions for all conducted experiments in high hydrostatic pressure
reactor, LxID=30x3 mm, 50 mmol L−1 sodium phosphate buffer, cMg2+ = 30 mmol L−1,
T=40◦C, pH=7.4, enzyme loading = 86.4 mg g−1Carrier , Purolite ECR8209M carrier.

Run Carrier [mg] Load [%] E [mg L−1] e [−] Pressure [bar] cCDP [mmol L−1] cpolyP [mmol L−1] V [L] 𝑉̇ [L min−1]

1 163.6 50 33337.4 0.21 0 35.98 44 2.12 ⋅ 10−4 0.5 ⋅ 10−3

2 163.6 50 33337.4 0.21 50 35.98 44 2.12 ⋅ 10−4 0.5 ⋅ 10−3

3 163.6 50 33337.4 0.21 100 35.98 44 2.12 ⋅ 10−4 0.5 ⋅ 10−3

4 163.6 50 33337.4 0.21 150 35.98 44 2.12 ⋅ 10−4 0.5 ⋅ 10−3

5 163.6 50 33337.4 0.21 200 35.98 44 2.12 ⋅ 10−4 0.5 ⋅ 10−3

6 163.6 50 33337.4 0.21 250 35.98 44 2.12 ⋅ 10−4 0.5 ⋅ 10−3

7 163.6 50 33337.4 0.21 0 35.98 44 2.12 ⋅ 10−4 0.5 ⋅ 10−3

8 163.6 50 33337.4 0.21 50 35.98 44 2.12 ⋅ 10−4 1.5 ⋅ 10−3

9 163.6 50 33337.4 0.21 100 35.98 44 2.12 ⋅ 10−4 1.5 ⋅ 10−3

10 166.1 50 38062.9 0.25 0 36.0 44 2.12 ⋅ 10−4 1.0 ⋅ 10−3

11 166.1 50 38062.9 0.25 97 36.0 44 2.12 ⋅ 10−4 1.0 ⋅ 10−3

12 166.1 50 38062.9 0.25 203 36.0 44 2.12 ⋅ 10−4 1.0 ⋅ 10−3

13 166.1 50 38062.9 0.25 408 36.0 44 2.12 ⋅ 10−4 1.0 ⋅ 10−3

14 166.1 50 38062.9 0.25 0 36.0 44 2.12 ⋅ 10−4 1.0 ⋅ 10−3

15 166.1 50 38062.9 0.25 632 36.0 44 2.12 ⋅ 10−4 1.0 ⋅ 10−3

16 166.1 50 38062.9 0.25 796 36.0 44 2.12 ⋅ 10−4 1.0 ⋅ 10−3

17 166.1 50 38062.9 0.25 0 36.57 44 2.12 ⋅ 10−4 1.0 ⋅ 10−3

18 166.1 50 38062.9 0.25 100 36.57 44 2.12 ⋅ 10−4 1.0 ⋅ 10−3

19 166.1 50 38062.9 0.25 197 36.57 44 2.12 ⋅ 10−4 1.0 ⋅ 10−3

20 166.1 50 38062.9 0.25 399 36.57 44 2.12 ⋅ 10−4 1.0 ⋅ 10−3

21 166.1 50 38062.9 0.25 0 36.57 44 2.12 ⋅ 10−4 1.0 ⋅ 10−3

22 166.1 50 38062.9 0.25 616 36.57 44 2.12 ⋅ 10−4 1.0 ⋅ 10−3

23 166.1 50 38062.9 0.25 807 36.57 44 2.12 ⋅ 10−4 1.0 ⋅ 10−3

24 163.3 50 33276.2 0.30 0 78.0 17.2 2.12 ⋅ 10−4 0.15 ⋅ 10−3

25 163.3 50 33276.2 0.30 0 78.0 17.2 2.12 ⋅ 10−4 0.15 ⋅ 10−3

26 163.3 50 33276.2 0.30 400 78.0 17.2 2.12 ⋅ 10−4 0.15 ⋅ 10−3

27 163.3 50 33276.2 0.30 0 78.0 17.2 2.12 ⋅ 10−4 0.15 ⋅ 10−3

28 163.3 50 33276.2 0.30 0 78.0 21.5 2.12 ⋅ 10−4 0.15 ⋅ 10−3

29 163.3 50 33276.2 0.30 700 78.0 21.5 2.12 ⋅ 10−4 0.15 ⋅ 10−3

30 163.3 50 33276.2 0.30 0 78.0 21.5 2.12 ⋅ 10−4 0.15 ⋅ 10−3

31 186.9 50 38066.0 0.17 0 77.3 34.5 2.12 ⋅ 10−4 0.15 ⋅ 10−3

32 186.9 50 38066.0 0.17 799 77.3 34.5 2.12 ⋅ 10−4 0.15 ⋅ 10−3

33 186.9 50 38066.0 0.17 0 79.0 34.5 2.12 ⋅ 10−4 0.15 ⋅ 10−3
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Table A.2: Mathematical process model used in workflow rounds mDoE-1, mDoE-2 and
mDoE-3.

Kinetics mDoE-1

𝑣 (i) = 𝑣p,Dsig ⋅ 𝑐Enz (i) ⋅ 𝑣max ⋅
𝑐CDP (i)

𝐾m,CDP + 𝑐CDP (i)
⋅

𝑐polyP (i)

𝐾m,polyP + 𝑐polyP (i) ⋅

(

1 +
𝑐polyP (i)
𝐾I,polyP

)

Kinetics mDoE-2 and mDoE-3

𝑣 (i) = 𝑣red ⋅ 𝑣p,Dsig ⋅ 𝑐Enz (i) ⋅ 𝑣max ⋅
𝑐CDP (i)

𝐾m,CDP + 𝑐CDP (i)
⋅

𝑐polyP (i)

𝐾m,polyP + 𝑐polyP (i) ⋅

(

1 +
𝑐polyP (i)
𝐾I,polyP

)

Boundary conditions mDoE-1 and mDoE-2

𝑐 (1) = 𝑐inlet
𝜕c
𝑑𝑡

(end) = 0

Boundary conditions mDoE-3

𝑐 (1) = 𝑐inlet −
𝐷ax

𝑢

(

𝜕𝑐
𝜕𝑥

)

|x=0

𝜕c
𝑑𝑡

(end) = 0

Differential equations
𝜕𝑐CDP
𝜕t

(i) = 𝐷ax
𝑐CDP (i − 1) − 2 ⋅ 𝑐CDP (i) + 𝑐CDP (i + 1)

𝐿2
step

− 𝑢
𝑐CDP (i + 1) − 𝑐CDP (i − 1)

2 ⋅ 𝐿step
− 𝑓 (𝑖, 𝑡)

𝜕𝑐polyP
𝜕t

(i) = 𝐷ax

𝑐polyP (i − 1) − 2 ⋅ 𝑐polyP (i) + 𝑐polyP (i + 1)

𝐿2
step

− 𝑢
𝑐polyP (i + 1) − 𝑐polyP (i − 1)

2 ⋅ 𝐿step
− 𝑓 (𝑖, 𝑡)

𝜕𝑐CTP
𝜕t

(i) = 𝐷ax
𝑐CTP (i − 1) − 2 ⋅ 𝑐CTP (i) + 𝑐CTP (i + 1)

𝐿2
step

− 𝑢
𝑐CTP (i + 1) − 𝑐CTP (i − 1)

2 ⋅ 𝐿step
+ 𝑓 (𝑖, 𝑡)

𝜕𝑐Enz
𝜕t

(i) = -𝑘deact ⋅ 𝑐Enz (i)
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Table A.3: Adapted model parameter values mDoE-1, mDoE-2 and mDoE-3.

Parameter 𝑣max 𝐾M,CDP 𝐾M,polyP 𝐾I,polyP 𝑘deact

[mmol min−1 mg−1] [mmol L−1] [mmol L−1] [mmol L−1] [min−1]
Start value 0.017 32.16 219.79 8.40 3.00 ⋅ 10−4

mDoE-1 10% quantile 0.021 8.14 0.13 10.73 1.24 ⋅ 10−4

Median 0.024 20.61 35.53 13.13 2.98 ⋅ 10−4

90% quantile 0.029 30.32 132.87 17.35 3.73 ⋅ 10−4

mDoE-2 10% quantile 0.026 7.89 0.19 11.88 1.33 ⋅ 10−4

Median 0.030 17.07 77.69 15.29 2.83 ⋅ 10−4

90% quantile 0.036 27.52 125.84 19.73 3.86 ⋅ 10−4

mDoE-3 10% quantile 0.019 6.51 29.97 7.80 2.01 ⋅ 10−5

Median 0.024 23.60 117.76 11.64 2.97 ⋅ 10−4

90% quantile 0.033 46.62 214.24 17.05 4.49 ⋅ 10−4
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Table A.4: Coded factor combinations for four factor CCD, BBD and D-optimal Design.
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Table A.5: Estimated coefficients of second-order linear regression model considering linear,
interaction and quadratic effects.
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Table A.6: p-values of second-order linear regression model coefficients considering linear,
interaction and quadratic effects, based on t-statistics.
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Table A.7: Standardized regression coefficients of multiple linear regression model considering
linear, interaction and quadratic effects.

Coefficient mDoE-1 mDoE-2 mDoE-2 MBS mDoE-3 TC mDoE-3 TC MBS

𝛽′
0 -0.055 0.185 0.065 0.189 0.070
𝛽′
Flow -0.705 -0.681 -0.565 -0.652 -0.565
𝛽′
CDP 0.451 0.526 0.455 0.555 0.481
𝛽′
polyP -0.092 0.166 0.016 0.209 0.033
𝛽′
Pressure 0.031 0.045 0.036 0.043 0.037
𝛽′
Flow,CDP -0.251 -0.201 -0.176 -0.205 -0.177
𝛽′
Flow,polyP 0.058 -0.031 -0.006 -0.047 -0.007
𝛽′
Flow,Pressure -0.013 -0.014 -0.010 -0.013 -0.011
𝛽′
CDP,polyP -0.056 0.043 -0.019 0.063 -0.009
𝛽′
CDP,Pressure 0.014 0.016 0.013 0.016 0.013
𝛽′
polyP,Pressure -0.002 0.003 0.001 0.004 0.001
𝛽′
Flow2 0.304 0.228 0.177 0.213 0.178
𝛽′
CDP2 -0.098 -0.157 -0.127 -0.147 -0.114
𝛽′
polyP2 -0.138 -0.248 -0.102 -0.247 -0.121
𝛽′
Pressure2 -0.012 -0.014 -0.013 -0.015 -0.013
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Table A.8: Factor combinations and corresponding responses for four factor CCD mDoE-1,
mDoE-2 and mDoE-3.

Run Flow [L min−1] cCDP [mmol L−1] cpolyP [mmol L−1] Pressure [bar] cCTP [mmol L−1] cCTP [mmol L−1] cCTP [mmol L−1]

mDoE-1 mDoE-2 mDoE-3
1 0.0003 15 15 200 8.9 6.1 5.3
2 0.0003 15 15 600 9.2 6.3 5.5
3 0.0003 15 55 200 7.6 6.9 6.4
4 0.0003 15 55 600 7.9 7.2 6.7
5 0.0003 55 15 200 21.3 11.9 11.1
6 0.0003 55 15 600 22.4 12.6 11.7
7 0.0003 55 55 200 16.9 14.0 14.1
8 0.0003 55 55 600 17.9 14.8 14.8
9 0.00105 15 15 200 3.5 2.9 2.5
10 0.00105 15 15 600 3.7 3.1 2.6
11 0.00105 15 55 200 2.8 3.4 3.1
12 0.00105 15 55 600 2.9 3.6 3.3
13 0.00105 55 15 200 6.7 5.1 4.8
14 0.00105 55 15 600 7.0 5.4 5.1
15 0.00105 55 55 200 5.2 6.1 6.1
16 0.00105 55 55 600 5.5 6.4 6.5
17 0.00015 35 35 400 25.7 16.9 16.1
18 0.00135 35 35 400 4.4 4.8 4.6
19 0.00075 5 35 400 1.9 1.9 1.7
20 0.00075 65 35 400 9.7 9.3 9.3
21 0.00075 35 5 0 4.4 2.6 2.3
22 0.00075 35 65 800 5.7 6.5 6.4
23 0.00075 35 35 400 7.1 6.9 6.7
24 0.00075 35 35 400 7.8 7.7 7.3
25 0.00075 35 35 400 7.7 7.6 7.2
26 0.00075 35 35 400 7.7 7.6 7.2
27 0.00075 35 35 400 7.7 7.6 7.2
28 0.00075 35 35 400 7.7 7.6 7.2
29 0.00075 35 35 400 7.7 7.6 7.2
30 0.00075 35 35 400 7.7 7.6 7.2
31 0.00075 35 35 400 7.7 7.6 7.2



Supplementary 137

Table A.9: Mean, 10% and 90% quantiles and interquartile distances of Monte-Carlo-based
simulation based on Central Composite Design with four factors (mDoE-2).

Run y [mmol L−1] 10% quantile [mmol L−1] 90% quantile [mmol L−1] Interquantile [mmol L−1]

1 7.06 4.76 10.14 5.38
2 7.34 4.98 10.41 5.43
3 7.50 5.46 9.68 4.22
4 7.80 5.71 10.03 4.32
5 14.96 9.83 27.98 18.14
6 15.73 10.38 29.20 18.82
7 14.77 11.95 17.56 5.61
8 15.59 12.62 18.54 5.93
9 3.62 2.23 5.94 3.70
10 3.80 2.36 6.20 3.84
11 3.75 2.62 4.98 2.37
12 3.94 2.76 5.24 2.48
13 6.72 4.26 13.33 9.07
14 7.10 4.51 14.07 9.56
15 6.40 5.21 7.57 2.37
16 6.77 5.51 8.02 2.51
17 17.92 15.09 20.84 5.75
18 5.15 4.23 6.14 1.91
19 2.24 1.52 2.85 1.33
20 9.86 8.22 12.09 3.87
21 5.85 1.90 17.70 15.80
22 7.02 5.21 8.87 3.66
23 7.43 6.07 8.77 2.70
24 8.13 6.65 9.57 2.92
25 8.05 6.59 9.49 2.90
26 8.05 6.59 9.49 2.90
27 8.05 6.59 9.49 2.90
28 8.05 6.59 9.49 2.90
29 8.05 6.59 9.49 2.90
30 8.05 6.59 9.49 2.90
31 8.05 6.59 9.49 2.90
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