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Summary

Vaccination is a strong and effective way to prevent spreading of infectious diseases and
promotes global health. In the future, the importance of vaccines is expected only to increase,
driven by factors such as increased international traveling, higher healthcare expenditures,
and a growing population. To meet the growing demands, it is necessary to shorten process
development timelines for the production of new vaccines without compromising on safety,
efficacy, consistency, and stability of the product. Therefore, it is necessary to advance process
development approaches of vaccines to respond quickly and in event of an emerging
infectious disease. The work in this thesis employed mathematical modeling and simulation
techniques to accelerate this process development. The developed methods are particularly
valuable for early phase process development, aiming to enhance process knowledge and
minimize the consumption of valuable resources and material. While the project has a focus
on vaccine production processes, the modeling tools and methods developed are also
applicable to other (bio)pharmaceutical processes. In Chapter 2, we discussed the present
and future process development approaches in (bio)pharmaceutical purification with an
emphasis on vaccines. The primary needs are to establish standardized processes and to
improve understanding of both production processes and host cell impurities. Modeling,
when combined with high throughput experimentation, can play a crucial role in achieving

these goals.

We used mechanistic modeling (MM) to mathematically describe the physical phenomena
occurring in a real process. As chromatography can attain very high product purities, this is
one of the main purification techniques for vaccines and therefore one of our central focuses
throughout this thesis. Identifying an optimal purification process early in the development
phase is advantageous considering costs, quality, and development time. Flowsheet
optimization evaluates all potential process sequences in silico and therefore enables selecting
the most optimal process(es) in the early phase of the process development. An optimization
software was developed to perform such complex flowsheet optimization, which is described
in Chapter 3. However, during flowsheet optimization, chromatographic mechanistic
modeling can be time consuming and speed limiting, and therefore artificial neural networks
(ANNs) were developed. Artificial neural networks functioned as surrogate models of the
mechanistic model, with the goal of reducing overall computational time while still identifying
the most optimal sequence(s). In this chapter, we compared the utilization of both artificial
neural networks and mechanistic modeling during flowsheet optimization in terms of
outcomes and computational time. Our results demonstrated that artificial neural networks

can be used during global optimization to pre-select the most optimal process sequences



based on defined objectives and constraints. The overall computational time, including data
generation and artificial neural networks training, is reduced by 50% when using artificial

neural networks.

Apart from the modeling technique as described in Chapter 3, the optimization strategy itself
appeared to be just as important in terms of outcome, complexity, and time-efficiency
(Chapter 4). In this chapter, we compared three optimization strategies along with each
strategy being optimized by both mechanistic modeling and artificial neural networks.
Moreover, an optional buffer exchange was included between the chromatography steps,
which increased the complexity of the flowsheet optimization. The three optimization
strategies (e.g., simultaneous, top-to-bottom, and superstructure decomposition) differed in
their approach to optimize the sequence of unit operations, whether all at once, in parts, or
individually. The superstructure decomposition strategy with mechanistic modeling was found
to be the most time efficient method, a complete flowsheet optimization considering 39

flowsheets was performed around a day using a state-of-the-art computer workstation.

Adsorption isotherm parameters are essential input parameters for mechanistic modeling.
The determination of these parameters is typically done experimentally, and remains a
bottleneck for mechanistic modeling of adsorption in process development. An alternative in
silico method is quantitative structure property relationship (QSPR), which can predict
retention times or specific adsorption isotherms based on the structure of individual proteins
by correlating physiochemical properties. In Chapter 5, we developed a multiscale modeling
approach by integrating quantitative structure property relationship with mechanistic
modeling. The quantitative structure property relationship-based adsorption isotherm
parameters were used in the mechanistic model. The validated mechanistic model showed a
strong agreement with the experimental data, as only 0.2% difference between the retention
peak values was observed, relative to the salt gradient length. Subsequently, the validated

mechanistic model was employed to optimize a chromatographic capture step.

This work highlights the value of modeling approaches in process development. The
application of different modeling techniques and optimization strategies during flowsheet
optimization can guide in finding a suitable approach for a given case study. Furthermore, the
multiscale modeling approach demonstrated its potential for industrial applications, allowing

to find an optimal process without doing any initial experiments.



Samenvatting

Vaccineren is een effectieve manier om de verspreiding van infectieziekten te voorkomen en
bevordert daarmee wereldwijd de gezondheid. Het belang van vaccins zal naar verwachting
in de toekomst alleen maar toenemen als gevolg van toegenomen internationale reizen,
hogere gezondheidskosten en een groeiende wereldpopulatie. Om snel te kunnen handelen
en aan een toenemende vraag te kunnen voldoen als er een infectieziekte opkomt, is het
noodzakelijk om de procesontwikkelingstijd voor de productie van nieuwe vaccins te
verkorten zonder daarbij concessies te doen aan veiligheid, werkzaamheid, consistentie, en
stabiliteit van het product. Het werk verricht in dit proefschrift omvat wiskundige modeleer-
en simulatietechnieken om zo de procesontwikkeling voor de productie van vaccins te kunnen
versnellen. De ontwikkelde methoden zijn met name waardevol in de beginfase van de
procesontwikkeling om proceskennis te vergroten en tegelijkertijd het gebruik van kostbare
middelen en materialen te minimaliseren. Alhoewel het project gericht is op het
productieproces van vaccins, kunnen de ontwikkelde modellen en methoden ook worden
toegepast op andere (bio)farmaceutische productieprocessen. In Hoofdstuk 2 worden de
huidige en mogelijk toekomstige benaderingen voor proces ontwikkeling in
(bio)farmaceutische productzuivering besproken, met een nadruk op vaccins. Hieruit blijkt dat
het essentieel is om een standaardproces te ontwikkelen en de kennis met betrekking tot het
productieproces en de onzuiverheden van de gastheercel te verbeteren. Wiskundige
modellen kunnen hierbij een cruciale rol spelen wanneer deze worden gecombineerd met

geautomatiseerde experimenten.

Mechanistische modellen worden gebruikt om wiskundig de fysische verschijnselen te kunnen
beschrijven die plaatsvinden tijdens het echte proces. Aangezien met chromatografie zeer
hoge product zuiverheden bereikt kunnen worden, is dit een van de belangrijkste
zuiveringstechnieken voor vaccins en daarmee een van de hoofdthema’s in dit proefschrift.
Het is bevorderlijk om in een vroeg stadium van de procesontwikkeling een optimaal
zuiveringsproces vast te stellen, met betrekking tot kosten, kwaliteit en ontwikkelingstijd. Met
flowsheet-optimalisatie worden alle potentiéle volgordes van processtappen in silico
geévalueerd. Dit maakt het mogelijk om in de beginfase van de procesontwikkeling de meest
optimale proces(sen) te selecteren. Voor het uitvoeren van dergelijke complexe flowsheet-
optimalisaties is een optimalisatie software ontwikkeld, zoals beschreven in Hoofdstuk 3.
Tijdens flowsheet-optimalisaties kunnen chromatografische mechanistische modellen echter
tijdrovend en beperkend in rekensnelheid zijn, daarom zijn er kunstmatige neurale netwerken
(Artificial Neural Networks - ANNs) ontwikkeld.



Kunstmatige neurale netwerken dienen als een vereenvoudigd model van het mechanistische
model, met als doel de totale rekentijd te verminderen, terwijl nog steeds het meest optimale
proces kan worden geselecteerd. De toepassing van zowel kunstmatige neurale netwerken als
mechanistische modellen wordt vergeleken tijdens de flowsheet-optimalisatie, voor zowel de
behaalde resultaten als de benodigde rekentijd. De resultaten tonen aan dat kunstmatige
neurale netwerken gebruikt kunnen worden om de meest optimale processen vooraf te
selecteren tijdens de globale optimalisatie op basis van vastgestelde doelstellingen en
randvoorwaarden. De totale rekentijd, inclusief het genereren van de data en het trainen van
de kunstmatige neurale netwerken, vermindert met 50% bij het gebruik van kunstmatige

neurale netwerken.

Naast de verschillende modelleer technieken zoals beschreven in Hoofdstuk 3, blijkt de
optimalisatiestrategie zelf net zo belangrijk te zijn voor wat betreft het resultaat, de
complexiteit en de rekentijd in flowsheet-optimalisatie. In Hoofdstuk 4 worden de
optimalisatiestrategieén vergeleken, waarbij zowel mechanistische modellen als kunstmatige
neurale netwerken zijn gebruikt. Daarnaast is een optioneel filtratieproces toegevoegd om
buffers te verwisselen tussen de chromatografie stappen, waardoor de complexiteit van de
flowsheet-optimalisatie toeneemt. De drie gebruikte optimalisatiestrategieén (e.g., simultaan,
top-to-bottom en superstructuurdecompositie) verschillen in hun benadering om de volgorde
van de processtappen te optimaliseren: allemaal tegelijk; opgedeeld; of individueel. De
superstructuurdecompositie’ strategie uitgevoerd met mechanistische modellen blijkt de
meest rekentijds-efficiénte methode te zijn. Een volledige flowsheet-optimalisatie van 39
flowsheets duurt ongeveer een dag, uitgevoerd met een geavanceerde state-of-the-art

computer.

Adsorptie-isothermparameters zijn essentiéle ingrediénten voor een mechanistisch
chromatografie model. De bepaling van deze parameters gebeurt doorgaans experimenteel
en dit blijft daardoor een obstakel voor de grootschalige toepassing van mechanistische
modellen voor adsorptie in procesontwikkeling. Een alternatieve in silico methode is om
gebruik te maken van kwantitatieve structuur-eigenschapsrelaties (Quantitative Structure
Property Relationships - QSPR). Deze modellen kunnen de chromatografische retentietijd
danwel specifieke adsorptie-isothermparameters voorspellen op basis van de individuele
eiwitstructuur door fysisch-chemische eigenschappen te correleren. In Hoofdstuk 5 hebben
we de kwantitatieve structuur-eigenschapsrelaties geintegreerd met mechanistische
chromatografie modellen om zo een modelleer aanpak op meervoudig niveau te ontwikkelen.
De adsorptie-isothermparameters verkregen via kwantitatieve structuur-eigenschapsrelaties,
worden nu gebruikt in het mechanistisch model. Het gevalideerde mechanistische model

komt zeer goed overeen met de experimentele data, met slechts 0.2% verschil tussen de

Vi



retentiepieken relatief t.o.v. de lengte van de zoutgradiént voor elutie. Uiteindelijk is dit

gevalideerde model gebruikt om een chromatografische zuiveringstap te optimaliseren.

Dit werk benadrukt de toegevoegde waarde van mathematisch modeleren in
procesontwikkeling. De toepassing van verschillende modelleertechnieken en
optimalisatiestrategieén tijdens flowsheet-optimalisatie kan als leidraad dienen bij het vinden
van een geschikte aanpak voor een bepaalde casus. Tevens toont de integrale
modelleeraanpak, waarbij kwantitatieve structuur-eigenschapsrelaties worden gecombineerd
met mechanistische modellen, haar potentieel voor industriéle toepassingen. Hierdoor is het
uiteindelijk mogelijk om een optimaal proces te ontwerpen zonder enige initiéle

experimenten uit te voeren.

Vii
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Chapter 1

1.1. Background and aim

Communicable diseases, commonly referred as infectious diseases, account for approximately
a quarter of all global deaths, of which 90% occur in low- and middle-income countries [1, 2].
In these countries, communicable diseases were responsible for more than half of the
mortality among children and adolescents (e.g., 0 — 24 years), compared to only 5.6% of
deaths in high-income countries [1]. Vaccination is pivotal in preventing and controlling the
spread of infectious diseases. It significantly decreases the morbidity and mortality rates
associated with vaccine-preventable diseases [2]. For instance, vaccination played a crucial
role in completely eradicating smallpox worldwide. In recent years, the world has experienced
several epidemics and pandemic, including the Zika virus, Ebola and COVID-19, which have led
to a worldwide increased awareness about the value of vaccines. In addition to improved
public health, vaccination also lowers the healthcare expenses, fostering economic growth,
ensuring travel safety, and extending life expectancy [3, 4]. Vaccines are a subgroup of
biopharmaceuticals, which are medications derived from or containing components of living
organisms. The production processes for various biopharmaceuticals share broad similarities.
Consequently, the methods developed in this thesis can be applied to other

biopharmaceutical productions.

The global revenues in the vaccine market are expected to reach almost 82 billion US dollars
in 2023, which is a significant increase compared to 26 billion US dollars in 2016 [2, 5]. In 2021,
the reported value of the global biopharmaceutical market was approximately 343 billion US
dollars, indicating that the market share of vaccines is about 24% [6]. COVID-19 had a
substantial impact in the biopharmaceutical industry, with two of the top-selling
biopharmaceuticals in 2021 being Comirnaty by Pfizer & BioNTech and Spikevax by Moderna.
Together, these vaccines generate a cumulative revenue of 54.5 billion US dollars [6]. In the
coming years, it is expected that the revenues from COVID-19 vaccines will decline, while
other vaccines are expected to exhibit a steady upward trend, as illustrated in Figure 1.1 [5].
The leader companies in vaccines, excluding COVID-19 vaccines, are GSK, Merck & Co, Sanofi,
and Pfizer, with their respective market shares in percentages shown in Figure 1.1 [2, 5].
UNICEF plays a crucial role in delivering vaccines to children and young adults in need
worldwide [7]. One of three largest suppliers to UNICEF is the Serum Institute of India (SSI), a

global leader in vaccine production, providing over 1.3 billion doses annually [2].
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Figure 1. 1. Upper figure: The global revenues of vaccines, given in US dollars, from 2016 to the
prospective year 2028. COVID-19 vaccines are separately indicated with a light blue color. Lower figure:
Global market share, in percentages, between the leader companies, excluding COVID-19 vaccines
(December 2023). Data source: Statista [1].

Infectious diseases are caused by various pathogens, including bacteria, viruses, parasites, or
fungus. These pathogens consist of several distinct components, also known as antigens.
When the human body is exposed to an antigen, the immune system responds by producing
antibodies that specifically target the antigen and consequently eliminate the pathogen (see
Figure 1.2A). Upon re-infection with the same pathogen, the immune system recognizes the
antigen, resulting in a faster response and preventing the individual from severe sickness [8].
Vaccines evoke an immune response by presenting a foreign antigen to the immune system.
As vaccines only contains a part of a pathogen or an inactivated/attenuated form, they induce

an immune response without causing illness (see Figure 1.2B). In this way, the immune system
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can respond faster once exposed to the real pathogen [8]. Different types of vaccines exist,
such as whole pathogen (inactivated or attenuated), antigenic components (subunit) of

pathogen, or nucleic acid vaccines [9].

Antibody B

’/\ Z\

Pathogen Vaccine

Figure 1. 2. A: Pathogen with specific antigens targeted by an antibody. B: The vaccine only consists of
the antigen or a weakened version of the pathogen. Created with BioRender.com.

Developing a vaccine is a complex process that involves multiple clinical trials to establish the
safety, efficacy, potency, and manufacturing consistency of the product [9]. Therefore, the
production process of vaccines is crucial in determining the final product. A general vaccine
production process consists of an upstream part, involving amplification of the antigen by
fermentation or cell culture, and a downstream part, including the purification, and
formulation of the product, see Figure 1.3 [10]. In the purification of vaccines, achieving very
low contaminant concentrations is crucial to prevent issues such as high reactogenicity and
unwanted immune responses. Downstream processing removes the majority of host cell
impurities and process additives, aiming to achieve high product purity and yield [9].
Chromatography plays an essential role to achieve these very high product purities. However,
the downstream process, particularly chromatography, represents a significant part of the
total manufacturing costs [11]. While monoclonal antibodies (mAbs) share relatively similar
properties, proteins subunit vaccines, for example, exhibit significant variation in physico-
chemical properties, posing a greater challenge in standardizing the purification process [12].
As vaccines are administered to healthy people, the safety requirements are extremely high.
This causes additional complexity for the process development, leading to a time-consuming
and costly vaccine development [9, 13]. Hence, minimizing time-to-market is essential for the
biopharmaceutical industry, yielding both life-saving outcomes and financial benefits. This
emphasizes the importance of systematic, general, and efficient process development aiming
to increase the process understanding and process control, and reduce process development
times [14-16].
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Figure 1. 3. General overview of a vaccine production process, starting with the upstream part
consisting of a fermentation process. Followed by the downstream processing in which multiple
separation techniques are used to purify the product. The final part consists of formulation of the
product and filling it into small containers. Created with Biorender.com.

In recent and upcoming years, the biopharmaceutical industry is shifting towards more model-
based process development, aligning with the Industry 4.0 for digitalization of the entire
production process [17, 18]. Models are mathematical representations of real systems,
allowing to run virtual experiments to enhance process and/or product understanding [19,
20]. Their applicability is versatile, models can function as digital twins for process control and
monitoring purposes, or they can perform simulations for design or optimization purposes.
Consequently, the use of modeling techniques reduces the need for extensive experimental

effort and minimizes material costs.

Mechanistic models attempt to describe the physical phenomena occurring in a process or
system [21, 22]. These models are based upon process knowledge and described in a
mathematical form, including material and/or energy balances, as well as transport and
thermodynamic phenomena. In order to describe the process, specific process related model
parameters are needed, which can be determined experimentally or by physical correlations.
An ongoing challenge for industry to adopt mechanistic modeling in their chromatography
process development is the experimental determination of adsorption isotherms. A
computational alternative is quantitative structure property relationship (QSPR), which aims
to predict the retention behavior of proteins, or even adsorption isotherms parameters, based
on the protein structure [23, 24]. Once the mechanistic model is developed, it needs to be
validated, which involves the comparison between the modeled data and the experimental
data to assess the model’s accuracy in describing the real process. Subsequently, the validated
mechanistic model can replace real experiments, for example, to screen operating conditions.

However, for the final process design, an experimental verification is always required.
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When mechanistic models for each step are present, an overall downstream process can be
described. Eventually, the combination of purification steps will determine the overall process
performance. Developing an entire downstream process involves numerous factors, including
type and sequential order of the purification techniques, operating conditions, and costs [25,
26]. Especially in the early stages of development, it is desirable to identify the optimal
downstream process considering costs, quality, and development time. The aim of
optimization is to achieve specific objectives, such as obtaining a high yield (retaining the
majority of product material), high purity (minimizing impurities in the product), and
achieving a high productivity (producing a specified quantity within a certain time period,
thereby reducing costs). The way a process can be optimized is by tuning the operating or
design parameters, such as the salt concentration in the buffers, the duration of a purification

step, and the size of the chromatography column, among others.

Optimizing the entire purification sequence at once by screening the overall design space is
crucial for finding the optimal purification process [27]. This is because the most optimal
purification process may not necessarily involve each unit operation performing at its
individual optimum. Flowsheet optimization involves assessing all potential options, including
the number, type and order of purification steps and their operating conditions, to purify the
product [28]. Initially, a superstructure is designed, encompassing all possible process
configurations, which are also referred as flowsheets. Subsequently, each flowsheet is
optimized. Mechanistic models are utilized in the optimization, from the simulated
chromatogram the process performances can be extracted, such as the yield, purity and
productivity. Based on these outcomes, the optimization solver determines the necessary
adjustments to the operating or design parameters, aiming to attain higher levels of yield,
purity, and productivity. However, these mechanistic models can be speed-limiting, and this
can be a significant disadvantage, particularly for flowsheet optimization purposes. Artificial
Neural Networks (ANNs) can be used instead, serving as surrogate model of the mechanistic
model and allowing for faster computations [29, 30]. The ANN functions as a ‘black-box’ model
that is trained with certain input and output parameters, so only for the used in-and output
parameters the ANN can be used [20]. The data needed to train, validate, and test the ANNs

is obtained by running numerous simulations with the mechanistic model.

1.2. Project setting

This project ‘Computational modeling and optimization of biopharmaceutical downstream
processes’ was funded by GlaxoSmithKline Biologicals S.A. (Belgium) and part of a
collaboration between GlaxoSmithKline Biologicals S.A. (Belgium) and Technical University of

Delft (The Netherlands). The collaboration aims to implement model-based high throughput
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process development techniques into the end-to-end workflow of GSK’s vaccine process
development. This collaboration project focuses on Escherichia coli based recombinant
vaccines and can be extended to other vaccines. Ultimately, this approach will contribute to
reducing process development times by minimizing the experimental effort and enhancing
process understanding through the application of mechanistic modeling. This collaboration
comprises three PhD-projects. One of the projects focuses on developing experimental
methods to characterize the host cell proteome and determine modeling parameters for this
complex mixture. The other project focuses on QSPR modeling, in which protein structures

are used to calculate physiochemical properties that correlate to specific retention behavior.

This PhD-project aimed to computationally describe and optimize the entire downstream
process. Although, the project focus is to apply these methods to protein subunit vaccines,
the developed methods can also be applied to other (bio)pharmaceuticals. Initially,
mechanistic models were developed for ion-exchange chromatography, hydrophobic
interaction chromatography and ultrafiltration/ diafiltration. Subsequently, an optimization
software was built to perform flowsheet optimization, which supports decision-making in
identifying the optimal purification process. Additionally, the use of ANNs to accelerate
flowsheet optimization and various optimization strategies were explored. Finally, a multiscale
modeling approach integrated QSPR and chromatographic mechanistic modeling, enabling
the optimization of a cation exchange capture step based solely on knowledge of the protein

structure.

1.3. Thesis outline

The in silico techniques developed and applied to downstream process case studies are

described in this PhD thesis of which an overview is provided in Figure 1.4.
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Introduction

In Chapter 2, current and future approaches to downstream process development in the
biopharmaceutical industry are provided, with a particular focus on chromatography. The
chapter discusses experimental-driven methods, such as, Design-of-Experiments and High
Throughput Screening, followed by expert-knowledge approaches, including utilization of
platform processes. The section of model-based downstream process development describes
the different types of models, such as data-driven, mechanistic, and hybrid models.
Subsequently, the chapter delves into research examples of high throughput process
development studies. In the final section, with a focus on the future, the integration of

Artificial Intelligence in process development is explored.

Advanced modeling techniques are employed to identify the global optimum within the
overall design space. An optimization software is developed for performing complex flowsheet
optimizations, utilizing mechanistic models to determine the process performances under
specific conditions. In Chapter 3, ANNs are considered as an alternative to chromatographic
mechanistic models during global flowsheet optimization, aiming to decrease the
computational time and identify the best process sequence(s). A comparison of both
modeling techniques during flowsheet optimization is conducted using a biopharmaceutical

case study involving three types of chromatography with a maximum of three unit operations.

In chapter 3 a total of 15 flowsheets are evaluated, however, when considering more unit
operations and different types, the number of flowsheets to be assessed increases. Hence,
the optimization strategy becomes crucial in terms of time-efficiency, complexity, and
outcome. In Chapter 4, we compare three optimization strategies, namely simultaneous, top-
to-bottom, and superstructure decomposition to determine the most effective approach for
complex flowsheet optimization. In this flowsheet optimization, we include an optional
diafiltration mode between the chromatography steps, resulting in a total combination of 39
flowsheets to be assessed. Additionally, each optimization strategy is performed both by using
mechanistic modeling and ANNs during the global optimization to also assess the difference
in performance and duration between mechanistic models and ANNs. All strategies are
successfully implemented and able to identify multiple optimal flowsheets. In summary, this
chapter highlights the importance of various optimization strategies and modeling techniques

for flowsheet optimizations.

As stated previously, this project aims to computationally describe the entire downstream
process. However, a remaining bottleneck for mechanistic model implementations in industry
is the experimental determination of adsorption isotherm parameters, which are needed as
input parameters. In Chapter 5, we demonstrate a multiscale modeling approach in which we

combine QSPR and mechanistic modeling techniques to optimize a cation exchange capture
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step for an unseen protein. QSPR aims to correlate physicochemical properties with specific
behavior, such as retention times or specific adsorption isotherm parameters. Once the
database and QSPR model are developed, only the protein structure is needed to determine
these specific model parameters and simulate the chromatographic process using mechanistic
modeling. This multiscale modeling approach emphasizes the value of integrating diverse
modeling techniques and, furthermore, reducing the dependence on wet-lab experiments,

particularly in early phase process development.

Chapter 6 presents a final conclusion of this work and the key findings, together with

prospects for future research.
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Chapter 2

Recent advances to accelerate purification
process development: a review with a focus
on vaccines

The safety requirements for vaccines are extremely high since they are administered to
healthy people. For that reason, vaccine development is time-consuming and very expensive.
Reducing time-to-market is key for pharmaceutical companies, saving lives and money.
Therefore the need is raised for systematic, general and efficient process development
strategies to shorten development times and enhance process understanding. High
throughput technologies tremendously increased the volume of process-related data
available and, combined with statistical and mechanistic modeling, new high throughput
process development (HTPD) approaches evolved. The introduction of model-based HTPD
enabled faster and broader screening of conditions, and furthermore increased knowledge.
Model-based HTPD has particularly been important for chromatography, which is a crucial
separation technique to attain high purities. This review provides an overview of downstream
process development strategies and tools used within the (bio)pharmaceutical industry,
focusing attention on (protein subunit) vaccine purification processes. Subsequent high
throughput process development and other combinatorial approaches are discussed and
compared according to their experimental effort and understanding. Within a growing sea of
information, novel modeling tools and artificial intelligence (Al) gain importance for finding

patterns behind the data and thereby acquiring a deeper process understanding.

Published as: D. Keulen, G. Geldhof, O.L. Bussy, M. Pabst, M. Ottens, Recent advances to accelerate
purification process development: A review with a focus on vaccines, Journal of Chromatography A
1676 (2022) 463195. https://doi.orqg/10.1016/j.chroma.2022.463195.
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Chapter 2

2.1. Introduction

The COVID-19 pandemic has engulfed the world, which has already cost over millions of lives
and is still infecting hundreds of thousands of people every day, one and a half year after the
first outbreak in December 2019. More than ever the world is aware of the value of
vaccination, contributing to improved public health, reduced healthcare costs, economic
growth, travel safety and prolonged life expectancy [1, 2]. In general, vaccination is estimated
to prevent 2-3 million childhood and almost 6 million adult deaths annually [1, 3]. Recently,
the WHO published an action plan making vaccination available to everyone in the world and

promoting innovation within the vaccine industry [4].

The downstream process plays a key role in reducing contaminant concentrations in vaccines
to very low values. This prevents for example high reactogenicity and unwanted immune
responses, and guarantees the safety and efficacy of the vaccine. Designing a vaccine
purification process is accompanied with many decisions, such as type and sequential order
of purification techniques, conditions, costs, and other performance measurements [5].
Additionally, optimization of a single unit operation and overall purification sequence is
important, whereas small variations of conditions in one step may affect the subsequent unit
operation performance. High safety and purity demands lead to increased complexity of the
vaccine purification process. This, often along with a low productivity and process capability,
makes the downstream process very expensive in both costs and time [6, 7]. One of the main
challenges in developing vaccine purification processes is the separation of critical impurities
closely related to the product, such as host cell proteins (HCPs) to a protein-antigen vaccine
or genomic DNA or RNA to a DNA or RNA-based vaccine, respectively. Another challenge is
the preservation of the antigen structure during the purification process, as well as the antigen

stability, as most antigens are vulnerable to temperature, pH or salt concentration changes.

Fast vaccine process development is of utmost importance in light of infectious outbreaks and
pushing competitive market, which highly depends on its design strategy for the purification
process [6]. Traditionally, vaccines are developed within 10 — 15 years, hence pharmaceutical
companies desire to reduce the process development time drastically in every aspect. One of
the reasons the first SARS-CoV-2 vaccines could be developed within 1-2 years, is the
employment of an accelerated development timeline due to parallelization of phases instead
of sequential development [8]. Additional reasons for such a quick development are the
application of previous knowledge and production processes from related viruses and existing
vaccines (i.e. platform knowledge), and widely available government funding enabling

parallelization, risk-taking and fast regulatory reviewing [9].
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The ‘quality by design’ (QbD) paradigm [10, 11] made the pharmaceutical industry shift from
atrial-and-error approach towards a more comprehensive, systematic, and efficient approach,
with the purpose to increase process understanding and process control [12-16]. The
implementation of high-throughput process development (HTPD) approaches contributes to
faster and more efficient process developments, additionally decreasing material
consumption and improving cost-effectiveness [16]. HTPD is a combinatorial approach of both
high throughput experimentation (HTE) and modeling techniques. Recently Sao Pedro et al.
outlined the areas of major problems (e.g. cell culture, filtration and analytical tools) within
HTPD, along with suggested solutions (microfluidics, modeling and Process Analytical
Technologies (PAT)) for the purpose of integrated and continuous bio manufacturing [17].
Although this review is not focused on continuous biomanufacturing, the current limitations

of HTPD are likewise applicable to the vaccine purification process development.

Vaccine purification processes can differ enormously from each other as they depend strongly
on the type of vaccine and crude starting material/host organism (e.g. fertilized eggs,
bacterial-, mammalian-, and insect cells). Carvalho et al. pointed out the influence of vaccine
types on downstream process strategies and described into detail each vaccine purification
step with a focus on influenza vaccines [18]. A general overview of vaccine types is shown in
Figure 2.1, being classified either as whole pathogen (inactivated or attenuated), antigenic
components (subunit) of pathogen or nucleic acid vaccines, though slightly different

classifications have also been reported.

Live, attenuated and
a Whole pathogen inactivated vaccines

.( Subunit, recombinant, toxoid,

.

| —
'\ (Y Components

of pathogen
S -

Nucleic acid DNA and RNA vaccines

Figure 2. 1. Types of vaccines classified in whole pathogen, antigenic components of pathogen and
nucleic acid vaccines [2-5].

polysaccharide, conjugate
vaccines, and virus-like particles

In order to preserve the genetic stability of live and inactivated vaccines, the downstream
process consist of only a few steps. The purification of protein recombinant or subunit

vaccines involves a complex purification challenge because of the presence of HCPs closely-
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related to the target protein [6]. Recently Jones et al. pointed out the concerns of high-risk
HCPs and recommended a strategy for monitoring and eliminating the known impurities [19].
Despite the great variance between different protein subunit vaccine downstream processes,
the generic order of purification steps is similar as shown in Figure 2.2. If the antigen (product
of interest) is produced intracellular the purification process requires a cell lysis step, while
this step is not needed if the antigen is produced extracellular. Detailed purification schemes
for certain vaccine types are outside the scope of this paper and can be found elsewhere. For
example, Josefsberg and Buckland [20] described the production process of several virus-
based conjugate and DNA vaccines, while Abdulrahman and Ghanem [21] summarized the
most recent advances in the purification of plasmid DNA vaccines. In the book of Wen et al.,
viral vaccines purification and protein subunit vaccines purification are described into more
detail [6, 22, 23].

0
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Fermentation Clarification Cell lysis Purification steps Formulation
(=TT TTTTTTTTTTTN (TTTTTTIoTTTTTN qTToTomooomomommmmomes [ el s
' Filtration ' | Shearforce 1 i Filtration ' I Adjuvant addition :
i Centrifugation | i Chemical i | Chromatography i i Filtration (UF/DF, TFF) i
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| enzymes ! i Virus inactivation '
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______________________

Figure 2. 2. General process flowsheet for vaccines including the upstream and downstream part, from
fermentation to the last formulating steps. The optional processing techniques for different types of
vaccines are given below each unit operation. The solid line represent a purification process in which
the antigen is produced intracellular, including the cell lysis. The dashed line shows a purification
process for extracellular products excluding cell lysis.

Most of the current vaccine development approaches are based on design of experiments
(DoE), in which multiple factors are changed simultaneously to evaluate the underlying
interactions, thereby obtaining a multidimensional model that correlates the effects of various
factors on the critical quality attributes (CQA), which is an essential aspect within QbD
guidelines [14, 24]. However, the existing vaccine process development strategy requires high

experimental effort and little process understanding is gained through it. Moreover, the
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sequential determination of purification steps and individual process optimizations might lead
to a suboptimal process design with respect to the objective, such as yield or costs [25-27]. A
standardized approach, also known as platform process, as established for monoclonal
antibodies (mAbs) is yet missing, mainly due to the large diversity between vaccine types [28].
Even when considering only protein subunit vaccines, already a very diverse range of proteins

can be found due to a variety of expression systems.

A platform process for specific vaccine types would be highly beneficial in terms of process
development time, knowledge, resources, costs and regulatory aspect [7]. Another often
complicated task is the precise quantitatively measurement and characterization of virus or
bacterial particles, further complicated by the lack of rapid analytical technologies [7, 22]. A
trend within the QbD initiative is the use of PAT, allowing real-time measurements to ensure
consistent product quality and performance, besides providing a better understanding of the
process [14]. Mechanistic models rely on physical processes occurring during a certain
separation step and can therefore be of great merit to the process understanding, but also
decrease experimental effort and allow to perform processes on different scales in silico. The
use of Al techniques could eliminate shortcomings within the modeling area and bring

modeling techniques to a higher level of applicability and usability.

This review presents modern and future downstream process development approaches and
their application in (bio)pharmaceutical industry with a focus on chromatography, as this is
the main purification technique for protein subunit vaccines. This paper aims to show the
evolvement of model-based high throughput process development approaches through the
use of more advanced modeling techniques, such as empirical, mechanistic and hybrid
modeling. The applicability and benefit using these methods are supported by case studies

from industry and academia.

2.2. Downstream process development methods

The overall goal of process development is to design the optimal purification process, by
means of achieving purity targets at minimum costs and time efforts, while at the same time
adhering to all regulatory requirements. Currently, vaccine development employs mostly DoE-
based methods, though it could benefit from more advanced model-based process
development approaches, which are already used in other biopharmaceutical branches, such
as for the purification of mAbs. Figure 2.3 shows two types of process development

approaches, the DoE-based method and a modeling-based method. In the following section,
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process development approaches are described briefly. More comprehensive reviews on this

topic can be found elsewhere [16, 29].

Final process
design

Design of Experiments Model-based

Model
parameter

Design of determination

Experiments

Yy

Redefine process Performing L
conditions experiments

Experimental
J

Model validation

Optimizing
process by
modeling

Evaluation of

experiments
(statistical
methods)

Final process
design

Figure 2. 3. Overview of two different process development approaches. Left: Design of Experiments
(DoE) approach, which performs experiments based on statistical tools and evaluating the results by
statistical analysis. This approach is commonly applied within biopharmaceutical industry. Right:
Model-based process development approach, which employs targeted experiments to determine
model input parameters such as isotherm parameters and column parameters. The model has to be
validated before performing the optimization.

2.2.1. Experimental driven downstream process development

2.2.1.1. One-factor-at-a-time and Design of Experiments

One-factor-at-a-time (OFAT) is a more traditional approach in which one factor is changed
during a series of experiments while the other factors are kept constant. In this method
dependencies between factors are neglected and therefore discovery of the optimum is rather
difficult and quite inefficient [30]. For that reason, the biopharmaceutical industry shifted
more than a decade ago to the statistics-based DoE approach to design and analyze
experiments, thereby obtaining more valuable information by conducting less experiments.
The classical DoE-method is factorial design. Experiments are performed on all possible
combinations of factors with the purpose to identify effects of each factor as well as
interactions between factors on the response. An improvement on the classical DoE-
screenings is definitive screening design which estimates the curvature effects and enables
separation of factors having a significant impact on the response from the factors having
negligible effects. Oher methods offering a three level multifactorial design are for example
Box-Behnken [31] or central composite designs. Hibbert extensively described the most

common used DoE methods with a focus on chromatography [32, 33]. Various DoE software
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are available nowadays, such as Design-Expert, Modde and JMP, though other statistical

software, like R, SPSS and various Python packages, can also be used for DoE purposes.

2.2.1.2. Parameter acquisition for modeling purposes

An alternative experimental strategy is to determine parameters that serve as input for
mechanistic or physical models. The use of mechanistic models has been established decades
ago and is nowadays widely adopted by chemical industry, where some processes are even
designed entirely in silico [34]. Only recently, biopharmaceutical and vaccine industry initiated
this strategy into their process development, in which the major challenge is often the
complex feed mixture containing the product of interest (e.g. antigen) together with
thousands of proteins and impurities [23]. This is probably why mechanistic modeling
together with parameter acquisition has not been widely adopted yet, as it is nearly
impossible to experimentally determine and model thousands of proteins and impurities.
However, HTE made it worthwhile to determine model parameters even for more complex
mixtures [35-37]. Noteworthy, a validated model increases process understanding and
enables to optimize the process in silico, resulting in time, material and costs savings [38]. For
chromatographic purposes, as this is the main purification technique in protein subunit
vaccines, the adsorption isotherm parameters describing the binding behavior of components
to the solid phase, are of utmost importance. Experimental determination of adsorption
equilibria is required to establish the isotherm parameters and can be obtained by batch
adsorption experiments [36, 39-42], frontal analysis, isocratic elution or linear gradient elution
[41, 43, 44] or by making use of inverse techniques, which minimize the difference between
experimental and simulated elution profiles by tuning certain parameters [36, 44, 45]. Besides
isotherm determination, column and resin characteristics must also be obtained in order to

acquire a validated model, however these are more straightforwardly obtained [41].

2.2.1.3. High Throughput Screening (HTS)

The introduction of liquid handling stations (LHS), about two decades ago, allowed the
acceleration of conducting experiments, also known as HTE or HTS. Due to automation,
miniaturization and parallelization it became viable to create large data sets while using a
reduced amount of sample volume and resources within a shorter time-frame [46, 47].
Another benefit of automation is the lowered variability and superior precision [48].
Nowadays, LHS is a widely applied technique in both academia and industry and reduces the
process development time significantly [49-51]. As LHS allows to screen more conditions, it is
more feasible to find optimal conditions for a purification process. Apart from the system’s
benefits there are certainly also some disadvantages pointed in literature [52, 53]. For

example, the LHS’s limitation in accurately mimicking the flow distributions of process
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columns [49]. HTS requires high understanding of efficient experimental design in order to
make optimal use of the system, therefore it is rather a tool to be used than an approach on

its own.

2.2.2. Expert-knowledge driven downstream process development

2.2.2.1. Universal

Rules of thumb, available knowledge and experience of previous processes are the basis for
expert knowledge or heuristic approaches to design new production processes [29, 54]. Using
expert insights is easy to apply and can speed up the process design by eliminating
combinations of unit operations with less promising results [55]. Asenjo et al. developed an
expert system focused on downstream protein processes; this software uses databases
consisting of expert knowledge on universal process designs (heuristics) to support and
accelerate decision-making for the selection of a sequence of unit operations [54, 56]. Several
handbooks, like Sofer & Hagel [57] and GE healthcare [58], outline general design heuristics
extensively. Most vaccine purification processes are also based upon heuristics, as for example
the purification of hepatitis A virus from mammalian cell cultures, in which the first step
involves a low-cost anion-exchange chromatography to capture the product and remove a
substantial amount of impurities and the last step of the downstream process a polishing and
desalting step using size-exclusion chromatography [22, 57, 59]. A general example that is
almost entirely based on knowledge are platform processes as explained into more detail in

the next paragraph.

2.2.2.2. Platform process

Platform processes are used as ‘templates’ for designing an entire purification sequence for a
specific type of molecule, utilizing a pre-established series of unit operations [29]. The
platform instructions provide details of the operating conditions for each unit operation,
corresponding to the overall purification process. One of the key advantages is a reduced
process development time, regulatory aspect and resources for similar molecules and
accordingly decreased time-to-market and validation effort [57]. Moreover, the platform
documents can be shared and aligned among not only different departments, but also across
different manufacturing sites, serving as a site-independent process [60]. The platform
process approach is most suited for biopharmaceuticals with similar characteristics and thus
purification steps [28, 57]. For example, mAbs are relatively well defined and platform
processes are used to establish similar purification processes for new mAbs variants. Detailed
information about process-related contaminants such as persistent HCPs and other impurities
for the corresponding cell culture, i.e. CHO and hybridism are known [60]. The order of

purification steps includes protein A chromatography, low pH viral inactivation, IEX

22



Recent advances to accelerate purification process development: a review with a focus on
vaccines

chromatography polishing steps, viral filtration, and ultrafiltration/diafiltration. Only small
changes are required in the purification process conditions to determine a new mAb variant
purification process. Other potential candidates for platform approaches could be pDNA
vaccines and influenza vaccines, both having similar properties and purification steps [21, 57].
However, mAbs are relatively similar to each other in their properties, while protein subunit
vaccines vary greatly in their appearance, making it more difficult to standardize the

purification process.

2.2.3. Model-based downstream process development

In process engineering models play an important role, they aim to represent a real system in
an abstracted mathematical format [61, 62]. Bézivin and Gerbé defined a model as “a
simplification of a system built with an intended goal in mind. The model should be able to
answer questions in place of the actual system” [63]. The intended goal related to process
engineering could be for example, control, simulation, design, monitoring or optimization.
Depending on the goal, different models can be appropriate [64]. Models help to understand
complex problems and could provide potential solutions if the model is an adequate
representation of the modeled system’s features of interest [65]. Running the model with a
given set of parameters is a simulation and hence an inexpensive and safe way to run a virtual
experiment [66]. For that reason, the number of experiments in laboratory can be reduced
and/or designed more efficiently, thereby reducing time and material consumption. Although,
using models sounds attractive and promising, it does cost time, effort and knowledge to
develop decent models that are able to fulfill the desired purposes. Moreover, there is a lack
of educated people in this area that can develop and maintain scientific-, and engineering
software. Within the near future, it is expected that more process engineers or scientist are
familiar with modeling, because most technical related studies provide programming and
data-processing courses nowadays. In order to build a model two main resources are essential,
knowledge of the process, translated into laws of nature, and the collection of data obtained
from the real system [66]. In process engineering, a distinction can be made between first-
principles, mechanistic or knowledge-driven models and data-driven or empirical models,
respectively known as transparent white-box and less transparent black-box models [61]. A
combination of both is named hybrid semi-parametric models. An overview of the main

advantages and disadvantages is given in Table 2.1.
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Table 2. 1. Overview of the main advantages and disadvantageous of different modeling approaches.

Advantages

Shortcomings

Data-driven models

Requires no or little process
understanding in advance
Takes less effort/time to
develop the model

Easy to use and understand

Only valid in a predefined
measured region
Extrapolation generally not
applicable

Parameters have often

no physical meaning
Data-collection might be
an issue for the application
and generalization of data-
driven models in
biomanufacturing industry

Mechanistic models

Allows extrapolation and
exploration of conditions
beyond measured results
Acquires process
understanding

Parameters have a physical
meaning

Requires process
understanding in advance
Complex to develop and
hence time and effort
Determination of model
parameters can be difficult

Hybrid models

Eliminate drawbacks of
certain modeling approaches
Improved model accuracy and
extrapolation properties

Less data is required
compared to purely data-
driven models

Requires additional

effort, time and knowledge
to develop hybrid models
Data-collection can be
challenging
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2.2.3.1. Data-driven models

Data-driven or empirical models attempt to describe the input-output relation based upon
observed experiments within a predefined design space, such as artificial neural networks
(ANN), statistical and regression models [64]. The biopharmaceutical industry often makes use
of statistical models, either by executing a predefined set of experiments using DoE and an
appropriate statistical data analysis method, such as response surface methodology (RSM), or
by employing a multivariate data analysis using an existing dataset [67]. RSM is a well-known
empirical model and describes the relation of a response between different tested factors
within a DoE, and produces a model describing the mathematical relationship [32]. This
statistical (black-box) model solely observes the factor-to-response correlation without
gaining fundamental mechanistic (physiochemical) understanding of the estimated
parameters. By making use of DoE and regression analysis through first- and second order
polynomials the optimum input combination can be estimated [68]. However, fitting data to
second order polynomials is a major drawback of RSM, as frequently not all curvatures within
the systems can be described by the second order polynomial [69]. DoE in combination with
empirical modeling has been widely applied to design downstream purification processes in
biopharmaceutical industry and academia [70-72]. The effect of high-salt solution on RNA
precipitation and pDNA recovery was investigated using DoE and linear regression models
[71]. And more recently, Chiang et al. evaluated the impact of chromatographic parameters
on virus clearance when switching from a single to multicolumn operation utilizing DoE [73].
A major limitation of data-driven models is that they are merely valid in a defined region of
measured variables and only able to predict variables within that region, making extrapolation
generally highly inaccurate. Moreover, little process knowledge can be extracted, because the
parameters are often just correlations [74]. On the other hand, data-driven modeling requires
no process understanding in advance and is less time consuming compared to mechanistic

modeling [74].

2.2.3.2. Mechanistic models

Mechanistic, first-principle, or knowledge-driven models attempt to describe the inner
mechanisms and phenomena occurring in a process or system based upon knowledge about
the process. These models consist of material and/or energy balances together with transport
and thermodynamic phenomena and have a fixed structure, meaning the parameters might
have a physical interpretation [74]. The model parameters are estimated by experimental data
or physical correlations. The physical processes occurring during a purification process can be
translated into mathematical simulation models. A validated mechanistic model allows to
explore various conditions in silico and therefore enables to acquire optimum operating

conditions efficiently [75]. The phenomena taking place inside a chromatographic column are
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well described in literature, Ruthven extensively outlined the dynamics and adsorption
processes [76]. Kinetic or rate models are most common in practice, including dispersive
factors, like mass transfer and dispersion effects, and equilibrium factors, such as adsorption
isotherms, ionic dissociation and intermolecular association [41]. The three most prominent
kinetic models are lumped kinetic model, lumped pore model, and general rate model, which
are listed in order of complexity. The main difference between these models is the degree of
covering pore diffusion effects [77]. However, it applies for all mechanistic models that
isotherm parameters are crucial as explained previously in section 2.1.2, for which numerous
binding models exist, such as linear, Langmuir [78], steric mass action [43] and mixed-mode
[39]. The utilization of chromatographic models varies from process synthesis, optimization
and control [79-85] to scale-up, resin selection and robustness checks [86-89]. One step
further is the simulation of a combination of integrated chromatography and other
conditioning steps to find the overall optimum purification process [5, 25, 90-93]. Nowadays,
various commercial software of chromatographic mechanistic models are available, e.g.
GosSilico (now part of Cytivia, and formally known as ChromX) [94], Aspen Chromatography,
DelftChrom, CADET [95] and ChromaTech [96].

Alternative in silico methods for adsorption experiments have been investigated for several
years. Molecular dynamics simulations attempt to describe the interaction between resin-
proteins on a detailed atomic level [97-99]. Quantitative structure activity relationships
(QSAR) combine molecular properties with empirical modeling to find correlations amongst
retention behavior and protein surface properties [100-102]. This kind of molecular modeling
can be used to predict the retention behavior of proteins on resins to reduce process
development times [103]. However, often detailed information is required about each
component, such as amino acid sequence or crystal structure and also a large amount of

experiments [75].

Mechanistic models can explore conditions over a wide range and even beyond the observed
measured results, possessing an increased extrapolation capability compared to data-driven
models [74]. This contributes to process understanding, which is line with the QbD initiative,
although mechanistic modeling also requires physical understanding. The major drawback of
knowledge-based models is their complexity, hence requiring more development time

compared to data-driven models.

2.2.3.3. Hybrid (semi-parametric) models
Hybrid (semi-parametric) modeling combines parametric (i.e. first principle-, mechanistic-,
and knowledge-based models) with nonparametric (i.e. data-driven models) in order to

eliminate drawbacks of individual approaches and get the best out of both [61]. Von Stosch et
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al. extensively reviewed the hybrid semi-parametric modeling framework and the various
applications in (bio)chemical engineering concerning process monitoring, control,
optimization, model-reduction and scale-up. The parametric and nonparametric models can
be configured in series or parallel, depending on the scope of the model. Usually a parallel
mode is recommended when the mechanistic (white-box) model performance is limited or
insufficiently accurate and the addition of a nonparametric (black-box) model may improve
the estimations, Figure 2.4C. A serial approach is often utilized for reducing complexity of
mechanistic models by determining parameters using nonparametric models, Figure 2.4A, or

when the results of mechanistic models function as an input for nonparametric models, Figure

2.4B [61].

A B C

Figure 2. 4. Hybrid modeling configurations, white-boxes represent mechanistic/first-principle models
and black-boxes represent data-driven models [2]. Serial approach (A, B) and parallel mode (C).

The usefulness of hybrid modeling lies within its capability to cost-effectively and efficiently
solve a complex problem and develop a model. Other advantages are an improved model
accuracy, transparency and extrapolation properties, besides gaining a broader process
understanding [74]. However, the challenge is knowing in what manner different type of
models can be combined to develop a hybrid model. Therefore, thorough understanding on
both data-driven and mechanistic models is desired, as well as knowledge to acquire the
correct data. Hybrid modeling is gaining more interest in both industry and academia, and
seems to be a promising approach to overcome deficiencies in data-driven-, and mechanistic

models.

2.3. High Throughput Process Development

2.3.1. Single or double purification steps

Hybrid process development approaches combine experimental and modeling tools to design
a process. After the introduction of the LHS, hybrid approaches gained a special interest as
LHS enabled experimentation in high throughput manner. Utilizing HTE in relation to process

design is known as HTPD, combining HTS with empirical or mechanistic modeling is named
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model-based HTPD [16, 38]. The implementation of HTPD pursues the QbD paradigm in terms
of process and product understanding, hence contributing to high and stable product quality
as well as process robustness [47]. The establishment of HTPD arose about 15 years ago [51,
55, 104, 105] and evolved ever since as an efficient and cost-effective method broadly
acknowledgement by industry [15]. (Model-based) HTPD can be applied in various
development stages and for different purposes, like resin and solubility screenings, design-
space definition, risk-assessment, process robustness and control. In the review of Baumann
and Hubbuch, several commercial miniaturized HT-suitable systems in both up and
downstream process development are described [29]. The technical review of Lacki outlined
the most frequently used chromatography HT equipment, such as microtiter filter plates,
prefilled pipette tips and robocolumns, nowadays ranging from 50-600 uL [52]. Here, HTPD
research from academic and industrial researchers are discussed. One can find more details
on these and other HTPD approaches in Table 2.2. Depending on the purpose of the research
a different HTDP approach is suitable, for example resin selection usually goes together with
the use of empirical models while mechanistic modeling is preferred for an overall process

design including multiple purification steps.

Bhambure and Rathore proved a tremendous increase in productivity (170x higher) utilizing a
HTPD platform (2 and 6 uL resin volume) against the traditional laboratory scale (0.5 mL resin
volume) for defining the characterization space of an ion exchange chromatography step using
DoE [50]. A more practical and general HTPD workflow was developed by Welsh et al. involving
a multistep approach of HT chromatography techniques as a guidance for defining the
operating space [106]. No detailed modeling tools were implemented as accurate
performance predictions were not the aim, only isotherm models to regress the partitioning
coefficient and maximum binding capacity were used. Weigel et al. applied a similar method
as Welsh et al. to investigate the effectiveness of hydrophobic interaction chromatography
(HIC) as a final purification step for a cell culture-derived influenza A and B virus [107]. 96-well
filter plate experiments were used for screening various resins and salt concentrations,
followed by conventional lab-scale columns for dynamic binding capacity characterization.
However, the major reason for choosing a rational step-wise method over mathematical
modeling was the lack of available virus purification data by HIC to be able to determine model
parameters. As vaccine platform processes are barely available yet, Ladd Effio et al. initiated a
capture step as first part of a generic purification platform process for virus-like particles (VLP)
[108]. Ladd Effio et al. established a one-step removal of HCPs and DNA from a complex VLP
feedstock with an anion-exchange membrane capture step by making use of HTE and
mechanistic modeling for in silico optimization purposes [108]. Although equilibrium and

binding capacities of membrane chromatography are often limited, at high flowrates
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membrane chromatography outperforms conventional packed bed chromatography in terms
of productivity and for short residence times also in bed utilization [109]. It is expected that
in the near future membrane materials with higher binding capacities will become available
and therefore could overcome the restriction on surface area per unit volume of resin. The
advancement in membrane chromatography technology is definitely interesting to the

biopharmaceutical industry.

Even though chromatography is one of the main purification techniques for
biopharmaceuticals and vaccines, other downstream process techniques are also HT-suited.
Precipitation is a well-known technique to isolate a desired component such as a protein, DNA
or virus and proven to be HT-suited [110] [22]. This separation technique depends on the
physical and/or chemical interaction between the precipitating agent (e.g. calcium chloride,
ammonium sulfate or PEG) with one or several of the components in which solubility is the
most critical thermodynamic property [111]. Aqueous two-phase systems (ATPs) could also be
an alternative to chromatography as it is based on liquid-liquid extraction employing two
immiscible phases to separate components from mixtures. HT techniques in combination with
statistical [112, 113] or mathematical/thermodynamic [114] models are a convenient method

for characterizing these systems.

Analytics to monitor the process are just as important as the purification techniques itself.
Analytics, however, remain a bottleneck during HTE, and consequently slow down
experimentation considerably. Konstantinidis et al. provided a strategic assay deployment that
helps selecting appropriate analytical methods, while preserving data quality [115].
Nonetheless, finding innovative ways to accelerate the analytical throughput would be of

great merit.
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2.3.2. Overall purification process

The studies described in the previous paragraph focused mainly on applying HTPD to one or
two sequential purification steps, but thereby do not consider the overall purification
workflow. Designing a downstream process by optimizing each unit operation individually
could lead to a suboptimal process design, as small variations in one-unit operation may affect
the performance of subsequent following purification steps. The combination of HT and
model-based optimization approaches for a sequence of unit operations has seldom been
studied. Nfor et al. established a systematic approach to rationally define the protein
purification process utilizing a top-to-bottom approach [90]. The least promising flowsheets
were eliminated at each tree-diagram level by means of flow-sheet selection with the aim of
keeping a minimum number of purification units. Instead of sequential optimization, which
might generate a suboptimal process [25, 26], Huuk et al. presented a simultaneous two-step
ion exchange chromatography process flowsheet optimization, including salt-gradient shapes
and cut-points for fraction collection [25]. Pirrung et al. even proved the feasibility of
simultaneous optimization of an integrated process consisting of three chromatographic steps
(e.g. cation exchange, hydrophobic interaction and mixed-mode), including buffer exchange
steps in between (e.g. ultra- and diafiltration) applied to a complex biological feedstock
purification [5]. First the isotherm parameters were acquired utilizing HT techniques as
illustrated in more detail in their previous work [36], hence other parameters were obtained
by conventional lab-scale experiments. The use of ANN for finding suitable starting conditions
for the local optimization using mechanistic models enabled circumvention of speed-
limitations [5, 27]. These examples to optimize an overall downstream process require a
comprehensive combination of modeling and experimental methods. If more HTPD
approaches are established that combine efficiently all available technologies (e.g. LHS,
modeling-, analytical-, and data-processing tools), this optimization strategy could become

more interesting.
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2.4. Artificial Intelligence in process development

The interest in HTPD raised after the introduction of HT technologies, having the major benefit
to generate more data while consuming less material. Nevertheless, these arising
technologies still face a number of hurdles. Experimentally transferring every item into HT
mode, including analytics, remains a burden and although more data is being produced,
processing and handling these data efficiently is still challenging. Modeling is a promising tool

to close this gap. Further advancements of modeling are discussed in the following paragraph.

While complex mechanistic models attempt to describe the mechanisms and thermodynamic
phenomena, determining certain parameters is rather difficult. Simplifying models could avoid
certain difficulties, however, oversimplifications may cause inaccurate predictions and
meaningless results. The optimal model should be as simple as possible while still gaining high
or sufficient understanding. Moreover, a trade-off between accuracy versus speed has to be
made especially when running optimizations. This led to the question; how to reduce the
computational time effort or simplify complex models while retaining a similar level of

accuracy and/or detail.

Although ANNs were already used in the late 90s to predict retention times in chemical
chromatography [116, 117]. Due to the generation of larger data-sets and better computer
systems in recent years, the use of Al gained popularity in various technology fields, likewise
within the biotechnology area. In 1992, Psichogios and Ungar presented the first hybrid neural
network-first principles approach applied to model a fed-batch bioreactor [118]. This hybrid
model used a neural network model to estimate unknown process parameters serving as an
input to a first principle model, resulting in an improved inter- and extrapolating capability,
and understanding over merely “black-box” neural networks. Von Stosch et al. extensively
reviewed the hybrid semi-parametric modeling framework, as explained in 2.2.3.3., and the
various applications in (bio)chemical engineering concerning process monitoring, control,
optimization, model-reduction and scale-up [61]. Nagrath et al. established an optimization
framework using a serial white- and black-box configuration (Figure 2.4) to find the optimal
design for a chromatographic process applied to a binary and tertiary mixtures [119]. After
obtaining the physical model parameters experimentally, numerous simulations were
performed under various conditions using the physical model (i.e. white-box) for training the
neural network. Finally, the optimal operating conditions for several purity levels were
identified by using the neural network to accelerate the computation. Likewise, Pirrung et al.
used an ANN to accelerate a flowsheet optimization consisting of three chromatography and
UF/DF units [5, 27]. However, here the ANN was used to find adequate starting conditions

during the global optimization to be used for the local optimization, which was performed
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together with a mechanistic model in order to assure realistic and accurate results. A speed
improvement of 70% was found, including training of the networks, compared to using solely
mechanistic models for the optimization. Reducing the computational cost was the main
objective for these latter two examples (Nagrath et al. and Pirrung et al.), and therefore using
ANNs was advantageous. However, the data-driven model, here ANNs, depends on the
accuracy of the mechanistic model and so limits the predictive power of ANNs. Recently, Nikita
et al. showed a novel approach making use of reinforcement learning (RL) to increase
computational efficiency during a continuous chromatography process optimization [120].
Each mechanistic model simulation is rewarded according to a RL-method and consequently
the optimization criteria (design space) are adjusted to accelerate the convergence of
optimization. The optimal flowrate, directly related to yield and purity demands, was found
three times faster using the RL based optimization method compared to conventional trial and
error methods. However, thorough understanding of the RL-principle and mechanistic
modeling is required to develop this RL-method. Apart from using hybrid semi-parametric
modeling for optimization intentions, other research showed the usefulness of black-box
modeling to estimate certain white-box model parameters that are hard to determine. Wang
et al. used neural networks to directly derive mass transfer, isotherm and characteristic charge
parameters from experimental chromatograms, after which these parameters served as input
for the mechanistic model [121]. In this way, time-consuming experimental methods for
determining these parameters were circumvented. However, this approach requires still a
considerable number of experiments. In mechanistic filtration models the flux is a key
parameter, but predicting this parameter accurately might be quite complex. Therefore, Krippl
et al. used an ANN to determine the flux using transmembrane pressure, cross-flow velocity
and concentration as input parameters [122]. Placing the hybrid model in series enabled to
perform a multistep ahead prediction of the concentration over time. In general, data-driven
models combined with white-box models can be advantageous in terms of prediction
accuracy, computing and model development efficiency and enhanced extrapolation

properties [61].

With an eye on the future more applications of hybrid modeling approaches are expected, in
both industry and academia. In order to realize this prospective, more experts in modeling are
needed to develop and maintain these software applications. Moreover, the modeling
techniques utilized in the process development (HTPD) can also be used for process control
and optimization in later development stages and manufacturing processes. One step ahead
is industry 4.0, known as the latest revolution and aiming to digitalize the whole
manufacturing process. From process control to decision-making, all monitored data is

efficiently collected, which in turn is also valuable for process development [123]. In order to
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realize Industry 4.0, digital twins are highly essential, defined as a virtual counterpart of the

physical process and their interconnection [124].

2.5. Summary and Conclusion

Vaccination protects millions of people from infectious diseases and, because a high product
quality is pivotal, the downstream processing is likewise as important. Downstream process
operations in manufacturing have a direct influence on time-to-market, product quality and
cost of goods. Therefore, modernizing the strategies for developing processes could be of
great merit. The urge to decrease the process development timeline of vaccines has raised, as

well as the need for deeper process understanding as stated by the quality by design guideline.

The introduction of high throughput technology accelerated experimental data generation
and allowed to investigate the influence of parameters more thoroughly and systematically.
However, HT also required to enhance data-processing and modeling techniques. Mechanistic
models provide insights on the inner working mechanism of unit operations and are being
increasingly adopted by industry in recent years, proving they add deeper process
understanding and greater application possibilities. The combination of HT and modeling
techniques led to HTPD approaches, acquiring and using data in a more efficient and
purposeful way, thereby also enabling standardized process development approaches. The
future direction in process development is to design and optimize the overall downstream
process in silico, for which only a limited number of model calibration and validation
experiments are needed. Hybrid (semi-parametric) modeling can help to ease the model
development or improve the accuracy by making optimal use of both mechanistic and data-
driven models. Recent research has shown the potential of artificial neural networks in
addition to mechanistic models for circumvention of computational speed limitation or

estimation of parameters.

With these emerging new technologies, it will now be possible to standardize process
development workflows, provided that a proficient combination of experimenting and
modeling techniques is utilized. Creating a generic process development workflow will
enhance process development time and shared knowledge among different departments and

manufacturing sites.
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Chapter 3

Using artificial neural networks to accelerate
flowsheet optimization for downstream
process development

An optimal purification process for biopharmaceutical products is important to meet strict
safety regulations, and for economic benefits. To find the global optimum, it is desirable to
screen the overall design space. Advanced model-based approaches enable to screen a broad
range of the design-space, in contrast to traditional statistical or heuristic-based approaches.
Though, chromatographic mechanistic modeling (MM), one of the advanced model-based
approaches, can be speed-limiting for flowsheet optimization, which evaluates every
purification possibility (e.g., type and order of purification techniques, and their operating
conditions). Therefore, we propose to use Artificial Neural Networks (ANNs) during global
optimization to select the most optimal flowsheets. So, the number of flowsheets for final
local optimization is reduced and consequently the overall optimization time. Employing ANNs
during global optimization proved to reduce the number of flowsheets from fifteen to only
three. From these three, one flowsheet was optimized locally and similar final results were
found when using the global outcome of either the ANN or MM as starting condition.
Moreover, the overall flowsheet optimization time was reduced by 50% when using ANNs
during global optimization. This approach accelerates the early purification process design,

moreover, it is generic, flexible, and regardless of sample material’s type.

Published as: D. Keulen, E. van der Hagen, G. Geldhof, O. Le Bussy, M. Pabst, M. Ottens, Using artificial
neural networks to accelerate flowsheet optimization for downstream process development,
Biotechnology and Bioengineering (2023) 1-14. https://doi.org/https.//doi.orq/10.1002/bit.28454.
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Chapter 3

3.1. Introduction

Purifying biopharmaceuticals is crucial to reduce contaminants to very low levels, which
ensures safety and efficacy of the product. The downstream process consists of a combination
of multiple separation techniques such as filtration, centrifugation, and chromatography.
Chromatography is a powerful separation technique and has been employed in the industrial
bioprocesses for decades; it is generally the most essential technique to achieve high product
purity [1]. A purification process is developed by employing a certain approach, for example,
trial-and-error, design of experiments (DoE), or modeling based. An overview of these
different downstream process development strategies and recent advancements has been
described elsewhere [2]. DoE is based on statistical methods and most commonly applied for
process development in pharmaceutical industry [3, 4]. It provides a multidimensional model
that correlates the effects of various factors on the critical quality attributes (CQA). CQA is an
essential aspect of the Quality-by-Design (QbD) guidelines, which is a strategy of process
development to ensure quality and performance of the final product [5-7]. As statistical
methods provide little process-understanding and extrapolation is not possible, DoE is
inadequate for overall process optimization. Therefore, the pharmaceutical industry is shifting
towards a model-based process development strategy that is compliant with the QbD
guidelines and with the adoption of Industry 4.0. Industry 4.0 desires a full digitalization of
the whole manufacturing process; monitored data are collected and communication between
machines could directly improve the process [8-11]. In this new era, model-based techniques
are essential, involving mathematical mechanistic models (MMs), hybrid modeling, and
artificial intelligence (Al). MMs are based on physical correlations and attempt to describe the
real process [12]. The combination of Al techniques with mechanistic modeling could
eliminate shortcomings in both techniques, and so improve the applicability and usability [13-
15]. The potential of applying Al driven models for process development and their practical

implementations have been discussed elsewhere [16, 17].

Developing a purification process requires making decisions such as type and sequential order
of purification techniques, operating conditions, and costs [18, 19]. Minor variations in
operating conditions may critically impact the performance of subsequent purification steps.
In addition, it should be noted that the most optimal purification process may not consist of
each unit operation performing at its individual optimum. Hence, to find the optimal
purification process, it is pivotal to optimize the entire purification sequence at once by
screening the overall design space. The optimal purification process is defined by certain
process performances such as, yield, purity, productivity, or buffer consumption. However, for
early process designs, the type and order of unit operations have yet to be decided.

Superstructures contain all possible process configurations, each process configuration is also

52



Using artificial neural networks to accelerate flowsheet optimization for downstream process
development

referred as flowsheets. Flowsheet optimization evaluates each flowsheet to find the optimal
sequence for purifying the product, which can support decision-making on early process
designs [20].

Kawajiri described different optimization strategies for chromatographic modeling and
summarized related studies [21]. Moreover, an open-software optimization framework for
modeling conventional and advanced batches and continuous chromatography processes was
developed by Schmalder and Kaspereit [22]. However, both studies are applicable to batch or
continuous chromatography, but not to flowsheet optimization. Nfor et al. applied a top-to-
bottom optimization approach to obtain a minimum number of purification steps in the final
process [19]. As sequential optimization can lead to a suboptimal process, Huuk et al.
simultaneously optimized a two-step ion-exchange chromatography process [18]. A similar
approach was applied by Pirrung et al. simultaneously optimizing an integrated process of
three chromatographic steps (e.g., cation exchange, hydrophobic interaction, and mixed-

mode) including buffer exchange steps if needed (e.g., ultra- and diafiltration) [23].

Many parameters play a role at an early-stage-design, for instance the number, order, and type
of unit operations and their operating conditions. Finding global optima is therefore a complex
task. The main aim of flowsheet optimization, for early process design, is to find the most
effective sequence unit operation(s) and an estimation of their operating conditions. MMs are
very appropriate for flowsheet optimization because of their extrapolation capabilities.
However, these models can be speed-limiting when used for optimization purposes and
therefore, using meta-models, such as Artificial Neural Networks (ANN), as a representation
of the MM can accelerate the optimization. In the early 2000s, Nagrath et al. already
established a hybrid model optimization framework for preparative chromatography, using
ANNs for speed improvement [24]. In the work of Pirrung et al. all flowsheets of a
superstructure were evaluated by a global and local optimizer; the outcomes of the global
optimizer was used as starting conditions for the local optimizer [23, 25]. In this case, ANNs
replaced the mechanistic model during global optimization, however these ANNs were less
precise and therefore unable to always find realistic results. The local optimization took
around 80% of the total optimization time. Another approach would be to focus on the global
optimization and to first find the most promising sequence(s) of unit operations, and only
optimize a selection of best processes locally. In this way the number of flowsheets to be
evaluated during local optimization would be significantly reduced and so the overall
optimization time. In order to realize this, ANNs that function as surrogate models should be
developed and therefore additional input parameters, the mass of each protein, are needed.
However, increasing the number of input parameters for the ANN makes it more challenging

to generate accurate ANNs with a limited number of sample points.
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In this approach, we performed a flowsheet optimization to evaluate the use of ANNs versus
MMs in identifying the overall best process sequence(s) during global optimization. The most
promising process options can be optimized locally, hence saving a time-consuming task in
which no significant better process is obtained. First, we developed ANNs for each
chromatography mode and evaluated their accuracy in terms of R-squared and root mean
squared error (RMSE) values. Secondly, we created a superstructure optimization framework
in which MM and/or ANNs were used. At last, we evaluated, in terms of time and precision, if
and when ANNs would be sufficient for flowsheet optimization purposes. We compared two
optimization frameworks in which only a selection of best processes was evaluated locally; (i)
global and local optimization using MMs and (ii) global optimization using ANNs and local

optimization using MMs.

3.2. Materials & Methods

3.2.1. Flowsheet optimization workflow

In this study a superstructure of three different chromatography modes in a maximum
sequence of three unit operations was evaluated. Only flowsheets satisfying certain
conditions are considered, for example; at least one unit operation is needed for the
purification. To generate a maximum number of structures that confirm defined conditions,

this problem is mathematically formulated as

Y=Y e ¥nl Eq. 3.1
Eq. 3.2

s.t. Zy =1
yi #yj forally; >0 Eqg. 3.3
Fori=23,..,n: Eq. 3.4

if yi >0,theny,_4>0

where yis the process configuration, in which n, in this case n = 3, is the length of the vector.
The variable y; € {0,1, 2,3} represents the value of the it" element of vector y. The first
statement, Eq. 3.1, defines the set of all possible vectors y where each element is number
between 0 to 3, which in this study represents the considered chromatography modes, none,
CEX, AEX, and HIC, respectively. The second statement assures, Eq. 3.2, to have at least one
unit operation present in the sequence. The third statement, Eqg. 3.3, ensures that each mode
can only appear once in the sequence. The conditional constraint in Eqg. 3.4 is applied to all
positions in the sequence, except the first position. This constraint imposes that any occupied
position in the sequence must be preceded by another occupied position. This ensures to have

no isolated modes in the sequence, and requiring all modes to be linked. For example, y =
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[1,3,0] is a two-step chromatography process of CEX followed by HIC. This mathematical

formulation can be easily extended for more and different types of unit operations.

Each flowsheet of the superstructure was optimized according to certain objective(s) and
constraint(s), these are described in section 3.2.5. Case study. The objective is to find an initial
concept of a purification process. Therefore, we focused on the global optimization to select
the best processes. A minor local optimization was performed afterwards, as at the early stage
of the local optimization, using the Nelder-Mead algorithm, the steps can be larger towards
the local minimum and therefore the solution is already closer to the final minimum.
Subsequently, the selected process(es) were further optimized locally using MMs. The
outcome of the foregoing global and local optimization was used as initial guess for the final
local optimization. The overall flowsheet optimization workflow is shown in Figure 3.1, in
which framework A runs the global optimization and minor local optimization using the MM,
while framework B uses the ANN. In this way a fair comparison can be made between using

MMs or ANNs during the flowsheet optimization.

‘ Superstructure ’ ------

- e e - -

Global optimization

structure

Framework A:
Mechanistic model

t Optimize each J

Minor local

1 Framework B: J
optimization

ANN

[ Select ‘best ’ ‘

processes’ Based on WOP ]

Mechanistic model Fir.laI. Ioc;al
optimization

Figure 3. 1. Each flowsheet of the superstructure, upper right figure, is first optimized globally to select
the ‘best processes’. These are further optimized using a final local optimizer. Framework A used MMs
and framework B used ANNs for global optimization.

After the global and minor local optimization according to the set objective, we used the
weighted overall performances (WOP) to select the ‘best processes’. The WOP was

determined as

WOP = 0.5 x purity + 0.3 * yield + 0.2 * (100 — buf fer consumption ), £q.3.5
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where, the purity (%) is determined by dividing the amount of product by the total amount of
proteins present in the product-pool. The yield (%) is determined by the total amount of
product recovered divided by the loaded amount of product. The buffer consumption
(L/gproduct) is approximately between 1 and 50. Subtracting the buffer consumption from 100
ensures the WOP increases when less buffer is consumed. Here, 100 is chosen to be in a similar

range as the purity and yield.
Two other requirements in both global and local optimizers were:

- The next-unit operation could only be evaluated if the previous unit operation
achieved a yield higher than 5%. This prevents the solver from failing because of too
low concentration values.

- Between two unit operations, it was required to adapt the salt concentration to the

conditions of the subsequent unit operation.

3.2.2. Chromatography mechanistic model

To describe the dynamic adsorption behavior in the chromatographic process, we used the

equilibrium transport dispersive model in combination with the linear driving force as follows:

aCl aql _ aCl OZCL Eqg. 3.6

4 Ft= —y—2+p,,—2
ot ot dx Bt gx2

aq; .
a_tl = kovi( Ci— Coqi ) Eq. 3.7

2 _1
ko . = dp + dp Eq. 3.8
ont 6kf,i 60£'pr'1' ’

where C and q are the concentrations in the liquid and solid phase respectively, and C;‘q,i

is
the liquid phase concentration in equilibrium with the solid phase. F is the phase ratio,
defined as F = (1 — &) /¢&p, Where &, is the bed porosity. The interstitial velocity of the
mobile phase is represented by u, and the axial dispersion coefficient by D; . t and x indicate
the time and space respectively. k,,,; is the overall mass transfer coefficient defined as a
summation of the separate film mass transfer resistance and the mass transfer resistance
within the pores [26]. Here, d,, is the particle diameter, ¢, is the intraparticle porosity, and D,
is the effective pore diffusivity coefficient. The first term represents the film mass transfer
resistance, kr = DgSh/d,, in which D is the free diffusivity and Sh is the Sherwood number.
More information on the MM can be found in a previous study [27]. Moreover, we used the
multicomponent mixed-mode isotherm, as formulated by Nfor et al. [28] and described in

Appendix 3.B.

56



Using artificial neural networks to accelerate flowsheet optimization for downstream process
development

3.2.3. Developing Artificial Neural Networks

A complete ANN consists of multiple layers of interconnected nodes, also known as artificial
neurons, in which each neuron of one layer is connected with each neuron in the next layer
[29]. The outcome of each neuron is calculated by its activation function (o), which is
determined by function (z). Commonly used activation functions are Rectified Linear Unit
(ReLU), sigmoid and tangens hyperbolicus [30]. The function (z) is determined by the
weighted sum (w) of their inputs (x) added with a bias (b). The overall outcome of a neuron

is mathematically represented as

j
o(z)=o0 ZWi-Xi+b , £g. 3.9
i=1

where j is the number of neurons for the previous layer and o represents the activation
function. The neural network is trained by minimizing the error between the predicted and
target output, this can be achieved by adjusting the weight and bias parameters of each
neuron. In this work we used a deep neural network consisting of an input layer, two or three
hidden layers, and an output layer. Determining the number of hidden layers, and other
hyperparameters (e.g., batch size, and number of epochs, and neurons), was done by varying
the hyperparameter values and evaluating the effect on the ANN’s accuracy. We used a RelLU
activation function for the hidden layers as it is computationally more efficient, the sigmoid

activation function was used for the output layer [31].

The chromatographic MM performed numerous simulations to generate data that can be used
for creating the neural network. The chosen input variables are the mass of each component,
amount of loading, gradient length, initial and final salt concentrations, and the lower and
upper cut points in percentage of the peak maximum (Figure 3.2). In order to model a
sequence of unit operations, the mass of each protein, volume, and salt concentration present
in the product pool are needed as input for the next unit operation. The mass in the product-
pool varies and thus the mass as input for the next unit operation also varies. Therefore, the
mass of each protein is needed as an input parameter for the ANNs. All output variables were
taken from the product pool; mass of each component, volume, salt concentration and each
cut point in column volume (CV). We noticed that including salt concentration of the product
pool as an output variable increased the ANN’s accuracy. We used the salt concentration as
an output variable, but this value can also be calculated using the initial and final salt
concentration (input parameters) and the cut points in CV (output parameter). Including the

cut points in CV as output, resulted also in a better prediction of the volume.
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Gradient length

Final salt concentration
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- Initial salt concentration
- Loading factor
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ko s Volume
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Figure 3. 2. Input parameters used for the ANN. Initial salt concentration ranging from 5-300 mM for
CEX and AEX, and 100-500 mM for HIC. The final salt concentration ranging from 100-1200 mM for
CEX and AEX, and 5-300 mM for HIC. The gradient length in the range of 1-10 CV, and loading factor
from 0.05-5 CV. The concentration, converted to mass, ranging from 0.001-4 g/L. Both cut points in
percentage of the peak maximum, lower cut point from 1-80% and upper cut points from 20-99%.

We used the Latin hypercube sampling method of the pyDOE package for generating
randomized data. The parameter space was based on prior-knowledge of biopharmaceutical
downstream processes [32]. This was applied to both input- and output parameters and
minimized the ‘black-box’ size. The best ANN was chosen out of 10 trained ANNSs, as each time
the weight and biases are trained in a different way and therefore the accuracy can differ.
Moreover, the data were divided into 70% training, 15% validation and 15% testing data. All
other settings are described in section 2.4. Numerical methods. The used hyperparameters

for each ANN of each chromatography mode are given in Table 3.1.

Table 3. 1. Overview of final hyperparameters for each chromatography mode.

Hyperparameter CEX AEX HIC
Batch size 512 128 512
Epochs 100 200 100
Number of hidden layers 2 3 2
Number of neurons 50 50 50
Learning rate 0.01 0.01 0.01

The ANN performance was assessed by the R?and RMSE value, these are based on the values

predicted by the MM and calculated as follows:
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X -Y)? £q. 3.10
XYY —Y)%

Eg. 3.11
RMSE — /zﬁ(yi —¥)? K
N )

where, Y; is the mechanistic model data and y; the data predicted by the ANN. N is the

R*=1

amount of data points used, and the Y; is the mean of all the mechanistic model data points.
Moreover, plots of the residual values are provided to show the data’s randomness. The R%is
a relative measure of fit and represents the proportion of variance explained by the relation
between two variables. While the RMSE value is an absolute measure of fit that indicates the

absolute mean difference between the predicted and true values.

3.2.4. Numerical methods
All codes are written in Python (version 3.7), which is a free and open-source programming

language. An overview of the used python libraries is given in Appendix 3.A.
Dynamic chromatography column model

The Method of Lines is applied for the spatial discretization to transfer partial differential
equations (PDEs) into ordinary differential equations (ODEs) with respect to time. Moreover,
a fourth-order central difference scheme for both first and second-order derivatives with
respect to space are used. The system of ODEs is solved using the LSODA (Livermore Solver
for Ordinary Differentia Equations) algorithm from the scipy.integrate package. This method
automatically switches between the nonstiff Adams method and the stiff BDF method [33].

Optimization

The scipy.optimize package was used for the optimization; the differential_evolution
algorithm for the global optimization and Nelder-Mead algorithm for the local optimization.
The maximum number of iterations for global optimization was 9 and the population size 10
when using MMs, and for ANNs maxiter was 15 and population size was 20. Latin hypercube
sampling was used to initialize the population. The maximum number of iterations for local
optimization was 20. The relative tolerance for global and local optimization was 1e-2, and the
function tolerance 1e-2. The maximum number of iterations for the final local optimization
was 200. Due to limited accuracy of the ANNs, the mass could be predicted higher or lower,
and so influencing the performance measurements. The predicted mass was set to the mass

injected if it was overpredicted. The boundary condition for the lower cut point was between
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1-80% of the peak maximum, and for the upper cut point between 20-99% of the peak
maximum. The initial salt was between 5-300 mM, and the final salt between 100-1200 mM
for CEX and AEX. For HIC the initial salt was between 100-500 mM and the final salt
concentration between 5-300 mM. The gradient length was varied between 1 and 10 CV. The
computations were performed on a Dell Precision 5820 Tower XCTO having a 3.7G Intel Xeon
processor of 3.7 GHz, 10C, and a 8GB Nvidia Quadro of 8GB. Multiple cores were used to
execute the simulations most efficiently, however the number of cores varied depending on

the simulation.

Artificial Neural Networks

The ANNs are developed using the Keras Module (version 2.4) of Tensorflow (version 2.3),
both are open-source packages available in Python language. The ANN structure was defined
using keras.models.Model and optimized using keras.optimizers.Adam, for which the learning
rate was set to 0.001. Scaling of the data was done using the
sklearn.preprocessing.MinMaxScaler module. The optimizer’s loss function was set to

‘mean_squared_error’, which is commonly applied for regression problems.

3.2.5. Case study

For the case study, the product of interest, a monoclonal antibody (referred further as protein
1), and four impurities (referred further as proteins 2 to 5) were considered, data was taken
from a previous study [34]. The protein names can be found in Appendix 3.B. From the
isotherm parameters it is expected that protein 1 elutes together with protein 5 in CEX, for
AEX it is expected that protein 1 elutes together with protein 2, and partly with 3, and for HIC
protein 1 will likely elute simultaneously with protein 4 and possibly partly with protein 5.
Details of the isotherm and resin parameters can be found in Appendix 3.B. The linear velocity
was set to 150 cm/h. The initial concentration and amount of loaded product were varied for
generating the data for creating ANNs. For the optimization part, the initial concentration of

all proteins was set to 2 g/L with a loading factor of 2.0 CV.

The global and local objective were formulated as

min f(x) = (100 — yield (x)) + 2 * (100 — purity (x)) Eq. 3.12
+ eluent consumption(x)
s.t. h(x) Eq. 3.13
=0 (only applies to MM)
0<x<1, Eq. 3.14
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where f(x) is the objective function to be minimized, and the variables x can be operating or
design parameters. All variables (x) were normalized between 0 and 1 for enhanced
optimization purposes (Eq. 3.14). Moreover, when using the MM, the equality equations h(x)
must be complied, which are mass balances and equilibrium relations (Eq. 3.13). For
optimizing each flowsheet, only operating variables (x) were considered, namely, the length
of the gradient elution, initial and final salt concentration, lower and upper cut point. The
performance measurements (e.g., yield, purity, buffer consumption) are calculated over the
whole purification sequence. Purity was weighted twice as high, as purity is the most
important factor for purifying biopharmaceuticals. By minimizing the buffer consumption, the
costs, batch throughput and productivity are indirectly represented. The cost of lost feed is
related to the yield. Subsequently, the selected best flowsheets and their most optimal
conditions obtained after performing the global and minor local optimization were used as an

input for the final local optimization.

3.3. Results & Discussion

3.3.1. Artificial Neural Networks

The ANNs were used as a meta-model during the global optimization to select the most
promising flowsheet(s). Therefore, high accuracies of the ANNs are desired. Several steps were
performed to build the ANNSs, first high-quality data were generated, second the number of

sample points was determined, and lastly the hyperparameters were optimized.

The accuracy of ANNs is relying on the quality of the data. The range of input variables is key,
having a too broad range could lead to a poor accuracy on the data with lower values, while a
too narrow range could lead to a biased optimization outcome and ANNs lacking flexibility.
Details on the final range of parameters are given in Figure 3.2. The desired accuracy for the
ANNs was an R?> 0.90 and RMSE < 0.04, as a trade-off has to be made between the number
of sample points and the accuracy of the ANN. This RMSE value is normalized, transforming
this value to the absolute value would give an error rate of about 15% on the mass of each
protein, for the predicted volume and salt concentration of the product pool it was less than
15%. The mass input range was quite broad (4.81-10® - 0.02 g), as both the mass and loading
factor are input variables. We posited that an error rate of 15% would be acceptable for
performing the flowsheet optimization, and with certainty identify the most optimal
flowsheets while disregarding the less promising ones. Hence, to obtain this accuracy, the
required number of sample points was evaluated for the product (Figure 3.3 (A, B) for CEX).
Ten ANNs were trained for each number of sample points, and the unseen test data was used

for the boxplots. Increasing the number of sample points resulted in a higher R? and lower
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RMSE value, as expected. Using ANNs instead of MMs for the optimization would only be more
efficient if less simulations are needed to generate the data than to run the optimization with
the MM. Considering a flowsheet optimization of three chromatography modes, and assume
15 flowsheets have to be evaluated 1000 times, this will result in a total of about 33.000
simulations with the MM [25]. The total number of simulations can be derived by summing
over the different types of flowsheets, namely three times one chromatography mode, six
times two chromatography modes, and six times three chromatography modes, which results
in a total of 33.000 MM simulations. Consequently, a maximum of 10.000 simulations for
generating the ANN data for each chromatography mode was desired. Based on this
estimation and on the fact 10.000 sample points reached the desired accuracies, Figure 3.3
(A, B), we decided to continue with 10.000. The optimal ANN structure was identified by
evaluating the effect of several hyperparameters (e.g., batch size, and number of epochs,
hidden layers, and neurons) on the R? and RMSE value, Figure 3.3 (C — F) for CEX. This overall
evaluation for each chromatography mode and each protein can be found in Appendix 3.C.
The final hyperparameters were chosen based upon highest median for R? and lowest median
for RMSE value. Moreover a small interquartile range (IQR) is desired, indicating less variance

in accuracy. The used hyperparameters for each ANN are given in Table 3.1.
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Figure 3. 3. Boxplots A & B show the accuracy (left: R? and right: RMSE value) for different number of
sample points for the CEX chromatography mode using the data of the product. Boxplots C — F show
the effect of varying certain hyperparameters on the R? for protein 1 in CEX chromatography. The
standard hyperparameters were 3 hidden layers each having 50 neurons, a batch size of 128 and epoch
of 200, the number of sample points used was 10.000.
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Table 3. 2. Quantitative evaluation for each chromatography mode and all proteins. The
calculations of each protein are based on the mass. The product pool volume is needed for
connecting the unit operations and calculating the performance measurements during
flowsheet optimization, therefore this parameter is included.

Protein1l Protein2 Protein3 Protein4 Protein5 Volume

CEX R? 0.97 0.08 0.07 0.95 0.97 0.96
RMSE 0.032 0.153 0.176 0.027 0.034 0.029

AEX R? 0.99 0.98 0.97 0.98 0.98 0.96
RMSE 0.022 0.027 0.026 0.009 0.009 0.035

HIC R? 0.97 0.99 0.0 0.96 0.98 0.99
RMSE 0.037 0.025 0.5 0.041 0.028 0.034

The quantitative evaluation of each ANN is shown in Table 3.2, most of the ANNs reached the
desired values of R? > 0.90 and RMSE <0.04. The generated data is focused on the product
peak, and hence some proteins will never elute or be present in the product pool. As these
output values were all very small, it is very hard to train the ANNs accurately, and so the R?
remains low. However, the absolute RMSE is also very low (<1-:107). As we know these proteins
will never be present in the product pool, we could assume they would always be removed.
The generated ANNs have sufficient predictive ability, as shown in Figure 3.4, for proteins 1,
4, and 5 during CEX for unseen test data. The data points are aligned close to the diagonal,
meaning the ANN is able to predict the outcome of the MM. The prediction capabilities for
the other output variables and chromatography modes can be found in Appendix 3.D. In
addition to the R? and RMSE quantification, the residual plots assess the model’s validity by
evaluating the randomness in the residuals. In this case, all ANNs for the presented proteins
show randomly scattered data points around the identity line, except for the proteins that

were never present in the product pool, Figure 3.4 and Appendix 3.D.
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Figure 3. 4. Upper figure: Prediction capabilities for the normalized ANN outcome of mass against the
outcome of MM. Lower figure: Residuals showing the difference between predicted mass values by the
ANN and the MIM. Both plots show unseen test-data (1493 points) for the proteins 1, 4, and 5 for the
CEX mode.

Contour plots for each chromatography mode were made to qualitatively evaluate the ANNs,
Figure 3.5. These contour plots are used to evaluate if certain regions predicted by the ANNs
are overpredicted or underpredicted, meaning the predicted ANN-values are higher,
overprediction, or lower, underprediction, compared to the MM-values. The ANN contour
plots for both AEX and HIC are very similar to the MM contour plots (Figure 3.5 (2a, b and 3a,
b)). However, all ANN contour plots show an over-prediction for a low lower-cut-point and
high upper-cut-point compared to the MM results. While the ANN for CEX underpredicts the
upper part of the lower cut point, hence when the cut point is closer to the end of the product-
peak (Figure 3.5 (1a)). The overprediction by ANNs is due to the standard deviation and results

in an overprediction of the yield, e.g., mass output divided by the mass injected.
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Figure 3. 5. Qualitative analysis of the ANNs compared to the true values of the MMs for each
chromatography mode (CEX, AEX, and HIC). In the first column the predicted results of the ANN for a
varying range of cut points is shown, in the second column the outcome of the MM is shown. In the
last column, the case study is shown including the initial and final salt concentration and gradient
length. The loading factor was 2 CV and the inlet concentration 2.5 g/L or 0.00481 g in mass. The mass
output is normalized to the mass injected (0.00481 g), also known as the yield.

3.3.2. Flowsheet optimization

Optimizing a flowsheet is a multimodal optimization where multiple global optima could be
present [35]. In this optimization problem no information is known about the number of global
optima, and the mathematical characteristics and gradient functions are also unknown.
Therefore, we have chosen a stochastic and heuristic algorithm for the global and local
optimization, respectively (e.g., Differential evolution and Nelder-Mead). This will enhance the
likelihood of finding most of the global optima. To perform the flowsheet optimization within
a reasonable amount of time, the number of function evaluations was defined for which the
details can be found in section 3.2.4. Numerical methods. The global optima are found when
the function evaluations reach a plateau over several iterations, in this study a plateau is

defined that the lowest 50 function evaluations have a maximum difference of 0.1 (Appendix
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3.E). This statement is needed, as often the number of maximum iterations is already reached

before the relative and/or absolute tolerance are satisfied.

The optimization was performed for a superstructure of three chromatography modes and a
maximum sequence of three unit operations, resulting in an evaluation of 15 flowsheets. The
same operating conditions were used for the global optimization using either MMs or ANNs,
which also applies to the optimization settings, except for the number of iterations that was
increased when using ANNs. The flowsheets are evaluated by the WOP, which is based on the
purity, yield, and buffer consumption (section 3.2.1. Flowsheet optimization workflow). The
performance results of the global optimization using either MMs or ANNs is shown in Table
3.3.
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Most of the performance outcomes between MM and ANN are comparable, as well as the
calculated WOP. Only the sequences where CEX is the first unit operation failed to predict a
sufficient purity. As seen in Figure 3.5, the extreme cut points were overpredicted and
underpredicted, so the ANN of CEX is not that accurate in this region. Consequently, the ANN
is not able to find the global optima during the global optimization. However, it is remarkable
that the ANN of CEX shows similar quantitative results as the other two chromatography
modes (Table 3.2). The ANN of CEX can be improved to obtain the desired optimal accuracy,
but that is not within the scope of this study, which aims to show the validity of the overall
optimization approach. Most of the outcomes for sequences with three unit operations,
predicted by the ANNs, imply the global optima were not found yet. The function evaluations
show the plateau has not been reached, so more evaluations are needed to find the global
optima (Appendix 3.E). Due to the ANN’s accuracy it is more difficult to find the global optima,
therefore more evaluations were allowed and even more would be needed for the sequences
with three unit operations. The predictions for single unit operations show very similar results
between MM and ANN, the same can be noticed for the two unit operation sequences starting
with AEX or HIC. Only the predicted concentrations vary between MM and ANN, this could
indicate different global optima were found. However, multiple global optima can be close to
the same optimal objective value, while using different decision variables values. The same
applies to the found global optima when only using MMs. A well-considered trade-off was
made between number of sample points versus the ANN’s accuracy. Even though different
global optima were found between the MM and ANN, a confident decision can be made to
select the most promising flowsheets and disregards the least promising ones. ldeally, a
process employs a minimum number of unit operations. From the WOP results, we can draw
the conclusion that a single unit operation is not sufficient to purify the product, but two unit
operations can be sufficient. As two unit operations would be able to purify the product, the
sequences with three unit operations can be disregarded. Although we considered the HIC
sequences during the global optimization for showing the completeness of this approach, HIC
is undesired to be the first unit operation as a buffer exchange step is needed before and after
the process to increase and decrease the salt concentration. When using MMs, the found
optimal sequences are 1, 3, 6, and 8 for a WOP > 85. For ANNs, the optimal sequences found
are 1, 6, and 8. So, one sequence would be overlooked when only using ANNs for the global
and minor local optimization. Nevertheless, most of the promising sequences to purify the
product of interest are found with the ANNs. The identified sequences correspond to the
results from Nfor et al. [19]. The performance results differ because other process conditions,
objective, and variables were applied. Also, Pirrung et al. performed a similar study in which

the optimal found sequence was CEX — HIC, in this study equal sequence 3 [25]. Although
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different process conditions, objective, and variables were used, higher yield and purity values
for all sequences were obtained in this study compared to the optimized results of Pirrung et
al., when using MMs during he optimization [25]. This can be assigned to different settings or

to the fact that the global optima were not found yet.

As example, the global outcome of AEX-HIC for both MM and ANN was used as starting
conditions to perform a final local optimization, for which similar results were found, Figure
3.6. The range of the initial salt concentration varied between 5-300 mM. As a result, the
predicted optimal conditions show an early elution of the product peak and a few impurities
during the loading. This would be undesirable if more proteins or other impurities are present.
However, the range of the initial salt concentration can be adjusted for both the global
optimization or the final local optimization. An example is shown in Figure 3.6 (MM — 3), where
the maximum initial salt concentration for the final local optimization was adjusted to 150
mM. This also applies to the other input parameters. If the range is significantly different for

the global optimization, it is recommended to train new ANNSs to ensure accuracy.
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Figure 3. 6. Outcome of the final local optimization using either the global outcome of the MM (first
row) or the ANN (second row) as a starting condition. The third row (MM — 3) shows the final local
optimization outcome if the initial salt concentration is adjusted to a maximum of 150 mM. Protein 1
(mAb) is the target protein, to be separated from protein 2- 5 (impurities).

Even though ANNSs can be used for finding the optimal sequences during global optimization,
they also should be beneficial for flowsheet optimization. An overview of time spent for global
optimization using either MMs or ANNs is shown in Table 3.4. As expected for ANNs, about
97% of the total simulation time is spend on data generation, as MMs are used for this task.
The data generation also includes the training of ANNs, however the time required to
complete this task is minimal. Much more optimization evaluations can be performed using
ANNSs, but also more evaluations are required to find sufficient results. The simulation time
for the different length of sequences is similar for both the MM and ANN, Table 3.4. Overall,
ANNs are twice as fast compared to MMs for this flowsheet optimization. To make a fair
comparison, optimal parallelization was excluded for this study, however, both approaches

would benefit from parallelization to decrease the overall simulation time. The minor local
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optimization, included within the overall global optimization time, took about 15 hours for the
mechanistic model and 0.08 hours for the ANNs, which did not have a significant influence on
the overall time. As both frameworks use the MM for the final local optimization, the duration
was also similar for both frameworks.

Table 3. 4. Comparison of time spend for the global optimization when using MMs or ANNs. The data

generation for the ANNs includes simulations of 10.000 sample points for each chromatography mode
and the training of the ANNSs.

Mechanistic model Artificial Neural Network
Data generation: 195 hrs.
Global optimization: 399 hrs. Global optimization: 5.6 hrs.
Local optimization: 2.9 hrs. Local optimization: 6.4 hrs.
Total time: 401.9 hrs. Total time: 207 hrs.
Total global evaluations: 15500 Total global evaluations: 52800
Total local evaluations: 128 Total local evaluations: 308
5% 6%

32%
36%
63% 58%
m 1 unit operation ® 1 unit operation
2 unit operations 2 unit operations
® 3 unit operations ® 3 unit operations

This approach becomes especially advantageous when evaluating larger superstructures,
involving either more unit operation modes and/or larger sequence-lengths. For example,
considering five different resins in a maximum sequence of three unit operations, 85
flowsheets have to be evaluated. This will take approximately 95 days when using MMs. For
ANNSs, the optimization will only take 1.3 days, and generating data for five different resins will
take about 14 days. Hence, using ANNs for this larger superstructure will be 6.4 times faster
than using MMs. For a process design where more proteins are considered, it is expected that

both approaches would need about similar extra simulations time.
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3.4. Conclusions

In this study, we have compared two optimization frameworks for purifying
biopharmaceuticals, by either employing MMs or ANNs for global optimization. The global
optimization outcome was used to pre-select the most optimal process sequences, which
subsequently were optimized locally. Three types of chromatography were considered during
the optimization. First, we built the ANNs for each chromatography mode, most of them
reached an accuracy of R? > 0.95 and RMSE < 0.04. Next, we performed a flowsheet
optimization for a superstructure of 15 flowsheets. Our results proved that ANNs can be used
during global optimization to make a pre-selection for the most optimal process-sequences
according to certain objectives and constraints. The final local optimization results were
comparable when using either the global outcome of the MMs or the ANNs as starting
condition. The overall computation of the global optimization when using MMs took about
400 hours, while using ANNs took about half of the time so 200 hours.

To make ANNs more accurate, the data acquisition has to be tuned, for example, narrowing
the design space of the input parameters. Though, by incorporating more knowledge, ANNs
will also become more biased and less flexible. Another approach is to develop several ANNs
for specific regions of the input parameters. In this study, we chose to make one ANN to
reduce complexity, and a broader range of input parameters to remain flexible and less biased.

Though, at the expense of accuracy.

This study represents a step toward a new model-based application for developing
biopharmaceutical purification processes. This is especially important for early conceptual
process design, when a limited amount of sample material is available and little is known
about the sample’s purification process. This study provides a generic way to develop ANNs
for downstream processes and shows the usefulness of ANNs in accelerating flowsheet
optimizations. In fact, for this case study, using ANNs during flowsheet optimization reduced
the computational time by 50% compared to using only MMs. For larger superstructures ANNs
could even be an order of magnitude times faster than shown for this superstructure

consisting of 15 flowsheets.
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Chapter 4

Comparing in silico flowsheet optimization
strategies in biopharmaceutical downstream
processes

The challenging task of designing biopharmaceutical downstream processes is initially to
select the type of unit operations, followed by optimizing their operating conditions. For
complex flowsheet optimizations, the strategy becomes crucial in terms of duration and
outcome. In this study, we compared three optimization strategies, namely, simultaneous,
top-to-bottom, and superstructure decomposition. Moreover, all strategies were evaluated by
either using chromatographic Mechanistic Models (MMs) or Artificial Neural Networks
(ANNSs). An overall evaluation of 39 flowsheets was performed, including a buffer-exchange
step between the chromatography operations. All strategies identified orthogonal structures
to be optimal, and the weighted overall performance values were generally consistent
between the MMs and ANNs. In terms of time-efficiency, the decomposition method with
MMs stands out when utilizing multiple cores on a multiprocessing system for simulations.
This study analyses the influence of different optimization strategies on flowsheet
optimization and advices on suitable strategies and modeling techniques for specific

scenarios.

This chapter has been submitted for publication: Keulen, D., Apostolidi, M., Geldhof, G., Le Bussy, O.,
Pabst, M., and Ottens, M..
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4.1. Introduction

Downstream processing is of major importance for delivering the required quality and
guantity of a biopharmaceutical product, which has to meet the strict standards by regulatory
authorities [1]. The downstream process is a substantial expense of the overall manufacturing
costs, therefore, an efficient and cost-effective process is crucial. One of the major, most costly,
and essential purification techniques is chromatography, which is capable to achieve very high
product purities [2]. Eventually, the combination of purification steps will determine the
overall process performance. Therefore, developing a purification process is a challenging
task, involving many variables, such as type and sequential order of purification techniques,
operating conditions, and costs [3, 4]. A comprehensive overview of the different strategies in
downstream process development together with the latest breakthroughs was given recently
by Keulen et al. [5]. Finding an optimal purification process at an early stage of the process
design is desirable in terms of costs, quality, and development time. Flowsheet optimization
evaluates all process possibilities in-silico, which can support the decision-making for an early
process design. For many years, flowsheet optimization has been applied to design chemical

processes, therefore, it is well-known in the field of process systems engineering [6, 7].

Around the 1970s, the first articles were published about process design synthesis [8, 9].
Sirrola et al. developed a general computer-aided process synthesizer that was able to select
process equipment and the system configurations [8]. Umeda et al. presented an integrated
optimization approach to optimize two alternative routes for a distillation system [9]. Over the
past five decades, the field of superstructure-based optimizations has evolved greatly, along
with the intensified computing possibilities [10]. Mencarelli et al. provides an adequate
overview of superstructure-based optimization history, superstructure representation types,
and modeling strategies [6]. Most superstructure-based optimizations applied in chemical
engineering are related to reactor networks [11], distillation processes [12], and heat
exchangers [13]. Several programs are available to perform a chemical superstructure-based
optimization, for example, P-graph [14], Pyosyn [15], and Super-O [16]. As most of these
chemical process simulations are based on first-principle models this can be computationally
time-consuming, therefore the interest in employing surrogate models for optimization
purposes increased. In 1998, Altissimi et al. already showed the value of replacing a first-
principle model with a surrogate model for optimization purposes [17]. Afterwards, more
research followed on using surrogate or meta-models for superstructure or complex

optimization purposes [18-22].

Despite the biopharmaceutical industry only emerged about 40 years ago, this industry is

advancing rapidly and shifting towards Industry 4.0 [23-25]. Industry 4.0 desires to entirely
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digitalize the manufacturing process, aiming to implement and combine model-based process
development techniques with efficiently stored monitored data. Hence, realizing the
utilization of Digital Twins, which are digital models of the real process and enable to directly
control the real process [26, 27]. In this way, more knowledge can be acquired about the
processes, which is in compliance with the Quality by Design guidelines [28, 29]. A general
biopharmaceutical process consists of an upstream and downstream part, in which the
downstream part focuses on the purification of the biopharmaceutical. The purification steps
can be subdivided into capture, intermediate, and polishing steps as shown in Figure 4.1. The
main purpose of the capture and intermediate steps is to concentrate, isolate, and stabilize
the product, and remove the majority of the impurities. While the subsequent polishing steps

target high purity values [2].

Capture Intermediate Polishing
A L I3

Figure 4. 1. Simplified schematic overview of the chromatography steps in a biopharmaceutical
downstream process, the sequence can also have less or more chromatography operations depending
on the process. The capture step aims to concentrate, isolate, and stabilize the product, together with
the Intermediate step, their target is to remove the bulk impurities. The main purpose of the polishing
step is to attain high product purities.

Chromatographic MMs have been around for several years, and industry is gradually adopting
these methods [30, 31]. Lately, advances have been made to faster and more efficiently
determine the adsorption isotherms, which are needed as input parameters for the
mechanistic model [32-34]. Likewise, several research has been published to determine
adsorption isotherms for complex mixtures [35-37]. And more recently, Disela et al.
characterized the host cell proteome of two universal E. coli strains based on mass
spectrometry data, which approach can be used for initial decision-making on process
development [38]. Not only the techniques and methods to determine the adsorption
isotherm are making progress, also the MMs are advancing in terms of speed and accuracy.
Meyer et al. applied a computational more efficient method for the spatial discretization and
obtained a speed-improvement of at least 20 times, for higher precision it even improves over
100 times compared to the open-software CADET [39, 40]. Their chromatography model was

recently extended by Breuer et al., which applied a similar method to the particle mass
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balance [41]. Rao et al. developed a 3D model to simulate the chromatography process with
very high precision to acquire knowledge about the complex transport mechanism [42].
Moreover, hybrid modeling, using artificial intelligence (Al) in combination with mechanistic
modeling, can overcome certain limitations of both modeling techniques [43, 44]. Narayanan
et al. employed artificial neural networks (ANNs) for fitting the solid-phase mass balance,
which reduced the model complexity, and an improved accuracy compared to the
conventional mechanistic model was observed [45]. Accordingly, this progress in
experimentally determining model-parameters, improving the MMs, and making use of hybrid
modeling, is advantageous for digitalization of the downstream process and likewise for

optimization purposes.

As described previously, flowsheet optimization enables to screen the overall design space
and finding the optimal purification process at an early development stage. Process systems
engineering recognized the added value of superstructure-based optimization for chemical
processes. Also for biochemical processes, it is essential to optimize the integrated processing
steps to discover the most optimal process globally [46]. Liu and Papageorgiou developed a
data-driven optimization framework to find the best process according to economical and
certain performance objectives [47]. However, the data for each optional processing steps is
already provided and not generated internally. This type of optimization is known as
biopharmaceutical manufacturing process optimization, usually based on mixed integer
programming techniques [48-51]. Though, these optimizations do not use detailed
mechanistic modeling techniques, they are either data-driven or using surrogate models to
represent the unit operations. In the work of Nfor et al.,, a top-to-bottom optimization
approach is performed that evaluates the performance of each unit operation at each level
and disregards the least promising options [3]. As the influence of sequential steps is not
incorporated in this approach, it might overlook the most promising sequence(s). Therefore,
Huuk et al. performed an integrated two-step ion-exchange chromatography optimization [4].
Subsequently, Pirrung et al. performed a flowsheet optimization having a maximum of three
chromatography steps (e.g., cation exchange, hydrophobic interaction, and mixed-mode)
including a buffer exchange if needed, and simultaneously optimizing each flowsheet [52]. In
their work, ANNs functioned as surrogate model for the MMs during the global optimization
to find starting conditions for the local optimization, and so reducing the overall optimization
time. However, the ANNs were infrequently able to find realistic results and for the
subsequent local optimization the MMs were used, which was the most time-consuming part
of the overall optimization [52, 53]. In our previous work, we extended this method by
including the mass of each component as a variable and using more data to increase the ANN

accuracy [54]. Subsequently, we compared ANNs, functioning as surrogate models, versus
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MMs for flowsheet optimization to select the ‘most promising sequences’ during the global
optimization. Only the ‘most promising sequences’ were further optimized through local
optimization using MMs. The ANNs selected three out of four best flowsheets and reduced
the overall computational time by 50%. However, for more complex flowsheet optimizations
(e.g., including more unit operations and/or larger sequences) or when considering more
components, not only the modelling technique (e.g., MMs or surrogate models) matters, but
also the optimization strategy might play a significant role in the overall flowsheet
optimization. Hence, what optimization strategy is most useful in terms of outcome,

complexity, and time-efficiency?

In this chapter, we compared three different optimization strategies: simultaneous
optimization, top-to-bottom approach, and superstructure decomposition, to evaluate which
strategy would be most beneficial in terms of outcome, complexity, and time-efficiency when
performing a complex flowsheet optimization. Simultaneous optimization involves optimizing
all parameters simultaneously, top-to-bottom approach optimizes parameters sequentially
from the initial to the final unit operation, and decomposition of the superstructure involves
breaking down the process into smaller parts and optimizing each part separately. These
strategies were chosen based on the difference in number of unit operations being optimized
simultaneously and so the overall considered possibilities within the design space as indicated
in Figure 4.2. For example, the top-to-bottom approach might overlook promising sequences,
as it lacks a focus on optimizing the connections between chromatography steps. Additionally,
for each optimization strategy the MMs and the ANNs are employed to evaluate their
performance on a more complex optimization. In this complex flowsheet optimization, we
included an optional buffer exchange between the chromatography steps, described by a

filtration MM. This gives a total combination of 39 flowsheets to be evaluated.
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Simultaneous

Decomposition

Top-to-bottom

Considered possibilities
within the design space

i

Number of unit operations
optimized simultaneously

Figure 4. 2. Visualization of the difference between the chosen optimization strategies; top-to-bottom,
superstructure decomposition, and the simultaneous strategy. The x-axis shows the number of unit
operations being optimized simultaneously during flowsheet optimization. While, the y-axis
correspondingly shows that more options in the design space are explored when the connection
between chromatography steps is also considered, which is not taken into account for the top-to-
bottom approach as it individually optimizes each chromatography step.

4.2. Materials & Methods

4.2.1. Flowsheet optimization workflow

First, the superstructure was generated considering a maximum of three chromatography
steps and a dilution or buffer exchange by Tangential Flow Filtration (TFF) between the
chromatography operations. This gives a maximum sequence of five unit operations, and at
least one unit operation is needed for the purification. To generate this superstructure,

confirming the defined conditions, the mathematical problem is formulated as

Y =[Y1,Y2 Yl Eq. 4.15

s. t. y>1 Eq. 4.2
Foriis odd: Eq. 4.3
Vi = 1, 2, 3

Yi #Yiyz forally; >0

Foriis even: Eq. 4.4
Vi = 4‘, 5
Fori=2,3,..,n: Eq. 4.5

if yi >0,theny,_4 >0,

where yis the process configuration, in which n, in this case n = 5, is the length of the vector.
The variable y; € {0, 1, 2, 3,4, 5} represents the value of the it" element of vector y. The first

statement, Eq. 4.1, defines the set of all possible vectors y where each element is an integer
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number between 0 to 5, which in this study represents the considered unit operations; none,
CEX, AEX, HIC, dilution, and filtration, respectively. The second statement, Eq. 4.2, guarantees
that the sequence includes at least one unit operation. The third and fourth statements,
Eqg. 4.3 and Eq. 4.4, specify that only at odd positions in the sequence, a chromatography step
is present, while for even number positions, either a dilution or filtration step is employed.
Furthermore, statement three ensures that each chromatography mode appears only once in
the sequence. The conditional constraint in Eq. 4.4 is applicable to all positions in the
sequence, except the first position. It enforces that any occupied position in the sequence
must be preceded by another occupied position. This guarantees that there are no isolated

modes in the sequence and requires all modes to be connected.

The flowsheets consisting of a filtration operation to perform the buffer exchange step are
modelled as a nested optimization, which means that the outer optimization involves
matching the chromatography steps with their respective variables, while the inner
optimization focuses on optimizing the filtration step [55]. So, for each evaluation of the outer
optimization, the filtration step is always optimized internally. As the filtration model is less
complex and described by ordinary differential equations (ODEs) with respect to time, it has
a significantly shorter solving time compared to the chromatography model. The same
flowsheet optimization workflow, as presented in our previous paper [54], was applied as
shown in Figure 4.3. First, a global and minor local optimization was performed according to
certain objective(s) and constraint(s), these are described in 4.2.5. Case study. For this part,
either MMs or ANNs were used for the chromatography steps. After this global and minor
local optimization, the most promising sequences were selected based on the weighted

overall performance (WOP), which is described as follows:

WOP = 0.5 * purity + 0.3 * yield + 0.2 * (100 — buffer consumption ), £q.4.6

where the calculation of purity (%) involves dividing the product amount by the total amount
of proteins present in the product-pool. The yield (%) is determined by the total amount of
product recovered divided by the loaded amount of product. The buffer consumption typically
ranges from 1 to 50 (L/gproduct). Subtracting this buffer consumption from 100 aligns it with the

purity and yield ranges, and ensures that higher WOP values indicate less buffer consumption.
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[ Superstructure ] m

. e Optimize each M
Framework A: Global optimization P
Mechanistic model structure

Framework B: .
Minor local
ANN ..
optimization

[ select bes,‘t ] [ Based on WOP ]
processes
[ Mechanistic model ] FI(IaI_Ioc.aI
optimization

Figure 4. 3. Within the superstructure, as depicted in the upper right figure, each flowsheet is initially
optimized globally to identify the most optimal processes. F / D indicates the option to have either a
filtration (F) or dilution step (D). Subsequently, these selected processes are finetuned using a final
local optimization step. For the global optimization, Framework A uses MMs and Framework B uses
ANN .

The selected processes were further locally optimized using the simultaneous strategy with
MMs, the outcome of preceding minor local optimization was used as initial guess for the final
local optimization. This flowsheet optimization workflow was applied to all three optimization
strategies, the difference is the manner of solving the superstructure. Each strategy was
evaluated for using either the MMs or ANNs for the global and minor local optimization. The
strategies (e.g., simultaneous optimization, top-to-bottom approach, and decomposition of

the superstructure) are separately described in the following sections.

4.2.1.1. Strategy |: Simultaneous flowsheet optimization

The simultaneous flowsheet optimization is the same as applied in Keulen et al. [54]. In this
strategy, all parameters are optimized simultaneously, which means that the total number of
variables linearly increases with the number of chromatography steps present in the
sequence, as shown in Figure 4.4. For example, if five optimization variables are considered
and the sequence consists of two chromatography steps, ten variables have to be optimized

in total. For three unit operations, this will lead to 15 variables to be optimized.
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4.2.1.2. Strategy Il: Top-to-bottom approach

The top-to-bottom approach, based on the work of Nfor et al. [3], evaluates the
superstructure by each level, see Figure 4.4. The first level optimizes the first unit operation
individually. After optimizing the first level, the initial constraint assesses whether the optimal
process has been achieved (e.g., purity > 99% and yield > 95%). The second constraint assesses
if the optimized unit operation satisfies the minimal requirements (e.g., purity > 20% and yield
> 40%) to continue to the next level, otherwise the flowsheets, starting with this type of unit
operation, will be disregarded. All options present in the second level are also optimized
individually. Subsequently, the overall sequence of two chromatography steps, including the
dilution or the filtration operation, are simulated. The outcome of these flowsheets is
evaluated by the previously described constraints, however, the second constraint is only
satisfied if the purity and yield are higher than 40%. If the optimal process has not been
identified yet, the optimization will continue to the third level, which operates in the same
manner as the second level. If the optimal performance is not achieved after three levels, the
best out of all these evaluated flowsheets can still be chosen, as all outcomes are stored. The
constraints between the levels can be easily adapted to a different number and/or different

performance measurements to be assessed.

4.2.1.3. Strategy lll: Superstructure decomposition

In the previous study, we observed that approximately 60% of the total optimization time,
whether employing MMs or ANNs, was dedicated to optimizing sequences of three unit
operations [54]. This aligns with the fact that the maximum number of function evaluations
increases with the number of variables to be optimized [56]. Accordingly, the question raised;
does the third unit operation have a significant impact on the previous unit operations?
Followed by, is it really necessary to optimize the whole process simultaneously or can we
decompose the superstructure when optimizing larger sequences? In chemical engineering,
different formats of decomposing the superstructure have been applied [6, 57-59]. In this
study, this strategy is a combination of the simultaneous and top-to-bottom approach as
shown in Figure 4.4. The superstructure is ordered in such a way that the sequences consisting
of the same first three unit operations are sequential in order of length. The sequence
consisting of three unit operations is optimized first, subsequently, the outcome of the third
unit operation (e.g., second chromatography step) is used as input for the last
chromatography step, which is optimized individually. After individually optimizing the third
chromatography step, the overall sequence of five unit operations is simulated, similar to the
workflow of top-to-bottom approach. In this way, only a maximum of two chromatography
steps is optimized simultaneously, making the overall optimization more time-efficient

compared to simultaneous optimization.
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4.2.2. Chromatography
4.2.2.1. Mechanistic model

The same chromatographic MM from previous work was used [54]. The equilibrium transport
dispersive model in combination with the linear driving force described the dynamic

adsorption behavior during the chromatographic separation process as

oG  L0qi . 9G 0% Eq. 4.7
ot at dx Lt gx2’
daq; .
a_tl = kovi(Ci — Cogi) Eq. 4.8
2 _1
P R Eq. 4.9
ovt 6ks;  60e,Dp |

where C; is the concentration in the liquid phase, g; the concentration in the solid phase, and

*

eq,i 1S the liquid phase concentration in equilibrium with the solid phase. The phase ratio, F,

is defined as F = (1 — ¢p)/¢&p, Where g, is the bed porosity. u represents the interstitial
velocity of the mobile phase and D; is the axial dispersion coefficient. Time and space are
indicated by t and x respectively. k,, ; is the overall mass transfer coefficient defined as a
summation of the separate film mass transfer resistance and the mass transfer resistance
within the pores [60]. Here, d,, is the particle diameter, &, is the intraparticle porosity, and D,
is the effective pore diffusivity coefficient. The first term represents the film mass transfer
resistance, k; = DfSh/dp, in which Dy is the free diffusivity and Sh is the Sherwood number.
More information on the MM can be found in a previous study [61]. Moreover, we used the
linear multicomponent mixed-mode isotherm, as formulated by Nfor et al. [62] and described
in Appendix 3.B. The input parameters used in this chapter are given in Appendix 4.A and
4.2.5. Case study.

4.2.2.2. Artificial Neural Networks

The ANNs were created as described previously [54]. In this work, we applied the same input
variables (e.g., mass of each component, amount of loading in column volume (CV), gradient
length, initial and final salt concentrations, and the lower and upper cut points in percentage
of the peak maximum) and output variables (e.g., mass of each component, volume, salt
concentration and each cut point in CV, salt concentration). The parameter space was based
on prior-knowledge of biopharmaceutical downstream processes [63]. The data consisted of
10.000 sample points divided into 70% for training, 15% for validation, and 15% for testing.
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Based on previous work, the same hyperparameters were used as starting point for
developing the ANNs. Out of ten trained, validated, and tested ANNs, the best one was chosen
based on R2 and root mean squared error (RMSE) values. An overview of the final used

hyperparameters and applied parameter space is given in Table 4.1.
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Table 4. 1. Overview of hyperparameters for each chromatography mode and the applied parameter
space.

CEX AEX HIC
Hyperparameters
Batch size 512 512 512
Epochs 200 500 500
Number of hidden layers 2 2 2
Number of neurons 50 50 50
Learning rate 0.01 0.01 0.01
Parameter space
Gradient length (CV) 1-10 1-10 1-10
Loading factor (CV) 0.05-5 0.05-5 0.05-5
Mass (g) 2e-5-0.39 2e-5-0.39 2e-5-0.39
Initial salt concentration (mM) 1-200 1-200 350 - 500
Final salt concentration (mM) 100-1200 100-1200 5-200
Lower cut point (%) 1-80 1-80 1-80
Upper cut point (%) 20-99 20-99 20-99

4.2.3. Filtration mathematical model

An ultrafiltration / diafiltration (UF/DF) mathematical model was developed to describe the
buffer exchange if a filtration step was used between the chromatography steps. This model
consists of first-order differential equations involving the feed solution volume (V) and added
diluent volume (14,) over time, and the solute concentrations (C;) and the salt concentration
(C5) over time [64]. The system of mass balances for which the proteins are completely

retained by the membrane is written as follows:

dv
E — (a - 1)JA, Eq. 4.10
dv, Eqg. 4.11
— = qJA, . 4.
dt
dCi Ci Eq, 4.12
- 7(01 — a)JA,
dcC C
dts _ 7s (0, — a)JA, Eqg. 4.13

where | is the permeate flux and A is the membrane area. 0; and g, are the rejection
coefficients, in this work all proteins were significantly larger than the membrane pores, hence
o; was equal to one. While the salts could flow through and therefore g5 was equal to zero. a

is the ratio between the diluent flowrate (u) and the permeate flowrate and given as

91



Chapter 4

- Eq. 4.14
JA
The operation was performed in an ultrafiltration with variable volume diafiltration (UFVVD),

a

therefore a can range between 0 and 1. A value close to zero indicates to operate in an UF

mode, while close to one DF occurs. The flux was defined by the osmotic pressure model as

f* Ry
where Ant denotes the osmotic pressure difference and u is the solution viscosity. APr,, is the

transmembrane pressure, which denotes the pressure difference between both sides of the
membranes and acts as the driving force for the flux through the membrane. In the osmotic
pressure model, the solute wall concentration is considered as a variable and increases usually
over time, therefore the osmotic pressure changes, which directly impacts the flux negatively
over time. The initial solute wall concentration, C;,, o, is predicted by solving the following

equation:

ko ln Ci,W,O — APTym _AT[’ Eq 4.16
Cio UR,,
where C;, represent the initial concentrations in solution and k, is the initial mass transfer

coefficient. The change of the wall concentration over time was included in the mass balance

systems as

ke Ciw dk Eq.4.17
dliw _ G G d¢; 4G
dt ko + 1 A dt’

Ci,w :uRm dCi,W
where the change of osmotic pressure is found by differentiating Eq. 4.17 with respect to C; ,,,
[64]. Similarly, differentiating the mass transfer to C; gives dk/dc;. The mass transfer

coefficient is viscosity dependent and given as follows [64]:

L Eqg. 4.18
k=ko (&) °,
Ho

where p is the solution viscosity and p, is the viscosity of the pure solvent. In Appendix 4.B,
additional information is provided on the transmembrane pressure, osmotic pressure, second
virial coefficient (B22), the mass transfer correlations, and determination of the initial
membrane resistance through a water flux wet experiment. Moreover, the filtration model
was validated for an UF/DF wet experiment using a Bovine Serum Albumin (BSA) solution,

more information can also be found in Appendix 4.B.
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4.2.4. Numerical methods

The same numerical methods as applied in previous work were used, only minor adjustments
were made [54]. All codes are written in Python (version 3.8). An overview of the Python
libraries used is provided in Appendix 3.A. The computations were performed on a Dell
Precision 5820 Tower XCTO having a 3.7G Intel Xeon processor of 3.7 GHz, 10C, and a 8GB
Nvidia Quadro. Multiple cores were used to execute the simulations most efficiently; however,

the number of cores varied depending on the simulation.
Dynamic chromatography column model

The Method of Lines is applied for the spatial discretization, using a fourth-order central
difference scheme for both first and second-order derivatives with respect to space, to
transfer partial differential equations into ODEs with respect to time. The LSODA (Livermore
Solver for Ordinary Differentia Equations) algorithm from the scipy.integrate package is used
to solve the ODEs, this method automatically switches between the nonstiff Adams method
and the stiff BDF method [65].

Optimization

The scipy.optimize package was employed for the optimization, whereas the
differential_evolution algorithm was used for the global optimization and Nelder-Mead
algorithm for the local optimization. For global optimization, the maximum number of
iterations was 6 and a population size of 5 for MMs, while for ANNs, the maximum number of
iterations was 8 with a population size of 8. Latin hypercube sampling was used to initialize
the population. The initial local optimization had a maximum of 5 iterations. The relative and
function tolerances for both global and local optimizations were set to 1e-2. The final local
optimization allowed a maximum of 50 iterations. Limited ANN accuracy can lead to varied
mass predictions and affect the performance measurements. Overpredicted masses were set
to the injected mass. The lower cut point ranged from 1-80% of the peak maximum, while the
upper cut point ranged from 20-99% of the peak maximum. Initial salt concentrations were
between 1-150 mM for CEX and AEX, 100-500 mM for HIC using MM, and 350-500 mM for
HIC using ANN. Final salt concentrations were between 160-1200 mM for CEX and AEX, 5—
300 mM for HIC using MM, and 5-200 mM mM for ANN. The gradient length varied from 1 to
10 CV. For optimizing the filtration operation, the Nelder-Mead algorithm with standard

settings was employed.
Artificial Neural Networks

The Keras Module (version 2.10.0) of TensorFlow (version 2.10.1) were used to create the

ANNSs, these are open-source libraries compatible with the Python programming language.
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The ANN structure, optimized with a learning rate of 0.01 using keras.optimizers.Adam and
defined using keras.models.Model, employed data scaling via the
sklearn.preprocessing.MinMaxScaler module. The optimizer loss function used the
‘mean_squared_error’ metric. Randomized data was generated by applying the Latin

hypercube sampling method from the pyDOE package.

4.2.5. Case study

The case study focused on a monoclonal antibody product of interest and referred to as
protein 1, and eight impurities (referred to as proteins 2 to 9), using data from a prior study
[35] and additional artificial data as shown in Table 4.2. No data was available for BSA on HIC-
resin, based on performed column gradient experiments, we estimated the isotherm
parameters to be equal to protein 3 (Chitotriosidase), as both proteins elute at the end of the
gradient. More details can be found in Appendix 4.A, as well as details about the resin
parameters. The artificial data ensured at least three chromatography modes were required
to purify the product of interest. Accordingly, a comprehensive comparison between the
different optimization strategies could be accomplished. The chromatography column size
(20.1 mL) was set in compliance to the size of the filtration unit operation. The linear flowrate

of the chromatography process was 150 cm/h and the loading factor was 2.0 CV.
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The validated filtration model for BSA was used to make valid assumptions for the simulation
of other proteins during the overall flowsheet optimization. All proteins had similar or higher
molecular weights compared to BSA, therefore full retention by the membrane was assumed
for all proteins. The yield of the filtration operation was set to 95% for compensation of the
lost material by adding an additional unit operation. The same constants for determining the
B22 value, as given in Appendix 4.B, were assumed for the other proteins. However, due to the
low protein concentrations evaluated in this case study, the B22 has no significant influence
on the DF operation. Here, a DF mode (a=0.99) was employed to exchange buffers, e.g., adapt
salt conditions, between the chromatography steps. Therefore, only the time is a variable and

the optimization problem was formulated as

min f(t) = |Cs,m0del(t) - Cs,desiredl £q.4.19
s.t. V(to) =Vo; Ci(to) = Cip; Cs(to) = Csp, Eq.4.20
where t is the time variable to be optimized. C 0401 is the model-predicted final salt
concentration to be equalized to the desired final salt concentration, Cs gesireq- The desired

final salt concentration is in this case the initial salt concentration of the next chromatography

operation.

For the flowsheet optimization, the global and local objective were formulated as

min f(x) = (100 — yield (x)) + 2 = (100 — purity (x)) Eq. 4.21
+ eluent consumption(x)
s.t. h(x) Eq. 4.22
=0 (only applies to MM)
0<x<1, Eqg. 4.23

where f(x) is the objective function to be minimized, all variables (x) were normalized
between 0 and 1 for enhanced optimization purposes (Eq. 4.23). Additionally applicable when
using MMs is to satisfy the equality equations h(x), such as the mass balances and
equilibrium relations (Eq. 4.22). The optimizing variables (x) for the chromatography steps
were: the gradient elution length, initial and final salt concentrations, and the lower and upper
cut points. The performance measurements (e.g., yield, purity, buffer consumption) were
evaluated across the entire purification process, with purity being assigned twice the weight
due to its critical importance in biopharmaceutical purifications. Minimizing buffer
consumption indirectly addresses the costs, batch throughput, and productivity concerns. The
cost of lost feed is related to yield. Finally, the selected optimal flowsheets and their conditions
from the global and minor local optimization were used as input for the final local

optimization.

For both the global and local optimizers the following requirements were applied:
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- Evaluation of the subsequent unit operation is only performed if the prior unit
operation exceeds a yield of 5%, preventing solver failure due to excessively low
concentration values.

- If the product pool’s salt concentration is larger than the initial salt concentration of
the next unit operation, either a dilution or filtration step is performed, depending on
the flowsheet being evaluated.

- If the product pool’s salt concentration is smaller than the initial salt concentration of
the next unit operation, a spiking dilution step using a salt stock concentration of 5 M
is performed.

- When using ANNs, the loading factor should be within the range of 0.05 and 5 CV to
ensure compatibility with the data range for which the ANNs were developed.

Otherwise, this option is indicated with not-a-number (Nan).

4.3. Results & Discussion

4.3.1. Filtration model validation
The filtration model was validated for the UF/DF experiment of BSA as shown in Figure 4.5. A

good agreement between the experimental protein concentration and the model was found,
R? =0.99 and a low standard deviation of 0.03. Also the salt reduction over time is accurately
predicted, R?> = 0.97 and a standard deviation of 6.25. The alpha parameter was fitted to be
0.405, instead of the initial determined 0.7, as the permeate flowrate appeared to be not

entirely constant throughout the process.
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Figure 4. 5. Left: model prediction of the protein concentration, containing BSA, over time compared to
the experimental values. Right: model prediction of the salt concentration over time compared to the
experimental values. The initial protein concentration was 0.3 kg/m>, the initial salt concentration
contained 175 mM NaCl. The initial volume was 100 ml, the flowrate was 20 mL/min. The
transmembrane pressure was 0.142 MPa.
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4.3.2. Artificial Neural Networks

The quantitative evaluations showed that the desired values of RZ > 0.90 and RMSE < 0.04,
based on previous research [54], were reached for almost all ANNs (Table 4.3). Converting the
normalized RMSE values into absolute RMSE values gives an error value between 9.3-14.1%
for protein 1, and for the volume between 3.6—11%. As justified in previous research, we
considered an error rate of 15% to be acceptable, and to confidently identify the most optimal
flowsheets while disregarding the less promising ones during flowsheet optimization. The
generated data is focused around the product peak, resulting in some proteins that never
elute or appear in the product pool. Therefore, training accurate ANNs is challenging due to
their consistently low output values, inducing low R? values. Nevertheless, the absolute RMSE
values also remain low (<8:107). Given our understanding that these proteins will never be
present in the product pool, we can assume they would always be removed. The most
challenging proteins to remove are the ones eluting around the product peak, and therefore
these are considered as the critical proteins for that chromatography mode. For AEX these are
the proteins: 2, 3, 7, and 8, while for CEX these are the proteins: 5, 6, 7, 8, and 9, and for HIC
the proteins: 4, 8, and 9.

Table 4. 3. Quantitative evaluation for all proteins and volume on each chromatography mode. The
RMSE is given as a normalized number. The product pool volume and salt concentration are included

as these are needed for connecting the unit operations and calculating certain performance
measurements.

AEX CEX HIC

R? RMSE R? RMSE R? RMSE
Protein 1 0.99 0.016 0.99 0.020 0.98 0.022
Protein 2 0.99 0.020 -0.10 0.028 0.00 0.005
Protein 3 0.94 0.028 0.00 0.052 -0.14 0.328
Protein 4 -0.41 0.018 0.61 0.021 0.98 0.024
Protein 5 -1.08 0.014 0.99 0.021 0.00 0.010
Protein 6 -1.11 0.006 0.99 0.023 0.03 0.327
Protein 7 0.99 0.020 0.98 0.026 0.03 0.019
Protein 8 0.99 0.017 0.93 0.021 0.98 0.025
Protein 9 0.55 0.006 0.98 0.024 0.97 0.029
Volume 0.93 0.052 0.94 0.042 0.89 0.035
Salt 0.98 0.018 0.98 0.02 0.97 0.022

4.3.3. Flowsheet optimization

The flowsheet optimization workflow is designed to initially identify the global optima for each
flowsheet. Subsequently, the most promising candidates can be further optimized locally,
while the less promising ones may be disregarded. In this way, the number of flowsheets to

be evaluated locally can be drastically reduced and correspondingly decreasing the overall
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optimization time. Optimizing a complex flowsheet involves finding global optima, therefore,
a stochastic and heuristic algorithm was employed to increase the chance of finding most of
the global optima [66].

We compared three optimization strategies, namely, simultaneous, top-to-bottom, and
decomposition, in terms of time-efficiency, complexity, and final results. Each optimization
strategy was executed following the optimization workflow, as described in 4.2.1. Flowsheet
optimization workflow, by either using MMs or ANNs. The flowsheet optimization was
performed for a superstructure of three chromatography modes with a dilution or a filtration
operation between the chromatography steps to function as a buffer exchange. In total, 39
flowsheets were evaluated. The maximum number of iterations using MMs was reduced
compared to previous work to perform the flowsheet optimization within a reasonable
amount of time, details can be found in 4.2.4. Numerical methods [54]. Similarly for ANNs,
the number of iterations was adapted to guarantee a fair comparison between both
workflows. The overall performance of each flowsheet is evaluated using the WOP value as
described in 4.2.1. Flowsheet optimization workflow. In this work, the WOP is determined by
the purity, yield, and buffer consumption. Based on the highest WOP value for all strategies
using MMs, two best flowsheets were selected for which both MM and ANN results are shown
in Table 4.4. All results of the global optimized flowsheet for all strategies, using MMs or ANNSs,
can be found in Appendix 4.D. Note, when the salt concentration in the pool is lower than the
initial salt concentration of the subsequent chromatography step, a dilution with a stock salt
solution is performed, as described in 4.2.5. Case study. This also applies to flowsheets
positioned with a filtration step, and can be confirmed by evaluating the optimized variables
for the salt conditions. Moreover, in the top-to-bottom strategy using ANNs, Nan occurred
when the loading factor of a second or third chromatography step was out-of-range for the

ANNSs, as stated in the requirements in 4.2.5. Case study.
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The strategies top-to-bottom and decomposition found the same best flowsheet (AEX — D —
HIC — D — CEX), while the simultaneous strategy found a different one (CEX— D — HIC-D —
AEX), as highlighted in Table 4.4. The flowsheet (AEX — D — HIC — D — CEX) was selected as an
optimal candidate in all strategies when using ANNs. In overall, the ANNs found more optimal
flowsheets (WOP>96) compared to MM results. This is mainly appointed to an overestimation
of the yield, which depends on the ANN accuracies for each protein (Appendix 4.D). The
Swarmplot, in Figure 4.6, shows the WOP values for the structures of one, two, or three
chromatography steps in a sequence by either using MMs or ANNs. The different strategy
outcomes are merged into the number of chromatography steps. Moreover, we clearly
observe the same increasing trend when considering more chromatography steps for both
ANNs and MMs. For one and two chromatography steps, the WOP value is a bit overestimated
by the ANNs, mainly due to the overestimation of the yield as pointed out previously. The
range for WOP values of three chromatography steps is about equal, only more flowsheets

were estimated with a higher WOP value when using ANNs.
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Figure 4. 6. The WOP value of each flowsheet determined by each optimization strategy is compared
for one, two, and three chromatography steps, and between using either MMs or ANNs as modeling
workflow.

The selected best flowsheets, for each optimization strategy with MMs, were further locally
optimized using the simultaneous strategy with MMs, as shown in Figure 4.7. Noticeably, the
solver objective is to discover the ideal salt conditions within sequential chromatography
steps, thereby eliminating the need for filtration and so obtaining enhanced yields and
reducing buffer consumptions. Often, an orthogonal structure is applied in industrial

processes, meaning that ion exchange and hydrophobic interaction chromatography are
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alternated [2]. Here, the two selected best flowsheets also have an orthogonal structure.
However, from the global optimization results, other promising sequences, with a WOP>96,
are not necessarily orthogonal. For the final local optimization, a maximum number of 50
iterations was set to minimize the computational time, which took about eight hours. From
the final results in Figure 4.7, it can be observed that there is a clear trade-off between purity
and yield, for example the purity result of the simultaneous strategy is reduced, while the yield
increases, when comparing to the global optimized results. The buffer consumption was
reduced in all strategies, but the overall WOP value was not improved for all strategies. So, to
really improve the outcome, more iterations are needed. Or if a certain performance
measurement, such as the purity, is a severe constraint (>99%), this can be applied to only

local or both global and local optimization.
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For comparing the overall computational effort, the total amount of hours for each strategy
and workflow (MMs or ANNs) are evaluated and shown in Figure 4.8. However, the overall
flowsheet optimization workflow applied parallelization whenever possible. The ANN-time
involves the data-generation (using MMs), ANN development, and running the optimization,
though, 99% of the time is devoted to the data-generation. The MM only includes the
optimization time. The simultaneous strategy with MMs is obviously the most
computationally intensive, whereas the top-to-bottom with MMs requires the least amount
of computational effort.

- MM
ANN
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o

-
(=)
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Computational effort (hours)

400

200

Simultaneous Top-te-bottom Decomposition
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Figure 4. 8. Comparison of the overall computational effort between the optimization strategies and
modeling workflows. The computational hours represent the total (sequential) amount of hours needed
for each strategy.

Nowadays, more advanced computers consist of at least 10 or even 20 cores, and as a
consequence the simultaneous and decomposition strategy can be executed way more time-
efficiently. The decomposition can be parallelized maximally 15 times, as sequences of three
chromatography steps depend on the two-chromatography step sequences. Whereas, the
simultaneous strategy can be split into the number of flowsheets to be evaluated, in this case
39. Similarly for the ANN workflow, where, in principle, infinite codes can run simultaneously
to generate data. Only the top-to-bottom strategy with MMs cannot be parallelized, as
decisions are made sequentially between the various levels of chromatography steps. Figure
4.9 shows the effect of using 10 or 20 cores on each strategy and workflow. The decomposition
strategy with MMs is the most time-efficient when making optimal use of the cores. In this
case study, ANNs are significantly more time-efficient for the simultaneous strategy and for

the top-to-bottom strategy when using 20 cores.
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Figure 4. 9. Comparing the computational hours for each optimization strategy and modeling workflow
when using 10 or 20 cores.

Evidentially, the optimization strategy plays a significant role in the overall computational
effort. But, if the optimization strategy and workflow are parallelized most efficiently, the
difference in computational time between the strategies decreases, ranging from about 1 to
7 days. In this case study, all strategies found multiple and similar optimal flowsheets.
However, to obtain the most optimal conditions when connecting several unit operations, the
simultaneous strategy is still recommended. In this flowsheet optimization evaluation, ANNs
did not appeared to be more time-efficient. Presumably, if more resins and/or larger
sequences are considered and at least 20 cores can be used, it is expected that the ANNs
exceeds the time-efficiency compared to MMs. This would be an interesting evaluation for a
follow-up. Moreover, ANNs are very fast in executing the flowsheet optimization, which can
be advantageous when evaluating different scenarios for the optimization problem. In
general, multiple factors determine which optimization strategy and workflow (MMs or ANNs)
might be optimal for a specific case study, such as, the objective(s) and constraint(s), the size
of the superstructure, and/or the computer power. The overview in Table 4.5 can help to make

decisions for a flowsheet optimization approach.
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Table 4. 5. Suggestions for deciding the type of optimization strategy and/or modeling workflow (ANNs

or MMis) for certain scenarios/case studies.

Optimization problem

Optimization objectives and constraints
e Objective(s) and constraint(s) are clear:
MMs, however, depending on
superstructure size
e Different objective(s) and constraint(s)
to be evaluated:
ANNs

Superstructure size

Number of chromatography modes (type of
resins) to be considered:

e 3 chromatography modes: MMs

e 4 chromatography modes: ANNs + MMs
e 5 chromatography modes: ANNs + MMs

Time
Depending on available number of cores.
If multiple cores can be used:
e Limited time:
Decomposition strategy
e Extended time:
Simultaneous strategy

Flexibility of method

Optimizing variables

e Decided variables:
MMs and/or ANNs

e Undecided variables:
MMs easier to use,
or make more general ANNs with
various input variables, or generate
multiple ANNs

Apply different objectives for different steps
Decomposition strategy, this strategy can
apply different objectives for the first step
(capture step) and second and/or third steps
(polishing steps).
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Complexity

In terms of coding and knowledge
e All optimization strategies are about equal in
development complexity, as the general
optimization workflow is similar to all of
them for both ANNs and MMs
e Developing the ANNs adds more complexity
to the overall approach
e Advanced knowledge is required on the
various MMs employed, the overall
optimization workflow, developing the
ANNs, all the algorithms/solvers used for the
optimization and ANNs
In terms of solving
e Least complex:
Top-to-bottom, as it individually solves
each unit operation
e Most complex:
Simultaneous, challenging to find the
optimal solution for a sequence of more
than 3 unit operations having at least 5
variables per unit operation. Increasing
the number of unit operations in the
sequence or the number of variables will
significantly increase the complexity to
solve the problem
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4.4. Conclusions

In this study, we compared three optimization strategies to determine the most effective
approach for complex flowsheet optimization based on their outcomes, time-efficiency, and
complexity. Each strategy, e.g., simultaneous, top-to-bottom, and decomposition of the
superstructure, was evaluated by either using MMs or ANNs for the global optimization. This
complex flowsheet optimization consisted of 39 flowsheets, including an optional buffer
exchange between the chromatography steps. The filtration mathematical model was
validated for an UF/DF step using BSA. The protein concentration achieved an R? of 0.99 and
a standard deviation of 0.03, and the salt concentration achieved an R? of 0.97 and a standard
deviation of 6.25. Therefore, this model was assumed to be valid and applicable to the other
proteins during flowsheet optimization, which had a similar or higher molecular weight than
BSA. For the ANNSs, all critical proteins, which are present around the product peak, reached
an R?2>0.93, and the product of interest achieved an R? > 0.98 and RMSE < 0.022.

Subsequently, flowsheet optimization using MMs identified the same optimal flowsheet (AEX
— D —HIC—-D - CEX) for both top-to-bottom and decomposition strategies, the ANNs predicted
the same WOP for this sequence. The simultaneous strategy with MMs identified a different
sequence (CEX — D — HIC — D — AEX), which was not selected as one of the best by the other
two strategies, giving a WOP threshold of at least 96. In general, the WOP values were
predicted within a similar range when using either ANNs or MMs. In the case of orthogonal
sequences, the solver often determined the optimal salt conditions to exclude the filtration
step and instead employed a dilution / spiking step, and so reducing buffer consumptions and
enhancing yields. Leveraging the multi-core processing capabilities, commonly available in
contemporary computers, minimizes the duration of the flowsheet optimization between the
strategies. When using multiple cores, the superstructure decomposition method employed
with MMs is the most time-efficient approach. Utilizing ANNs is only significantly more time-
efficient when employing the simultaneous strategy, and top-to-bottom approach when
utilizing 20 cores. Furthermore, if various optimization problems want to be evaluated, ANNs
are valuable for their fast flowsheet optimization, taking under an hour with multiple cores.
All strategies are about equal in terms of complexity to develop the software. However, the
combination with ANNs adds a layer of complexity because more knowledge is required on

different aspects.

This study points out the importance of different optimization strategies and modeling
techniques for complex flowsheet optimizations. Since numerous factors play a role, the
decision-making table can support to find the most suitable type of strategy and modeling

technique for a certain case study. Flowsheet optimization is crucial during the early
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conceptual process design to decrease costs and development time. Moreover, at the initial
stage of a development process, limited sample material is available and knowledge about the
sample purification has yet to be acquired. All strategies, whether employing MMs and ANNs,
successfully identified multiple optimal flowsheets. Moreover, due to efficient parallelization,
the difference in computational time between the strategies was minimized. Though, the
decomposition of the superstructure strategy with MMs proved to be most time-efficient.
Furthermore, it has the advantage to apply different objectives for specific steps during the
purification process, enhancing its versatility and utility in biopharmaceutical process

development.
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