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Abstract

During the manufacturing of biopharmaceuticals, a multistep
puri�cation strategy is employed to remove process-related impurities
and product variants, to achieve high product quality, assuring patients’
safety. To guarantee that biopharmaceuticals are safe and to accomplish
quality, strict policies were established by regulatory agencies as well as
guiding principles, such as �ality by Design and process analytical
technology. To make the manufacturing process economical, relatively
high product yield and productivity are also desirable.
�e removal of product variants o�en poses a challenge in downstream
processing due to their structural similarity to the product resulting in
similar behavior. One way of overcoming this issue is to employ
additional monitoring tools capable to distinguish between the product
and product variants.
�is thesis demonstrates the development of novel monitoring tools,
based on existing monitoring and modeling approaches, to facilitate
downstream processing.
Existing techniques are evaluated and critically compared toward
meeting the requirements on monitoring quality a�ributes in
downstream processing.
A mechanistic model-based monitoring tool was established for a
reversed phase chromatography polishing step of insulin to predict the
elution pro�le of insulin and two insulin variants. By relying on
model-based monitoring a signi�cant increase in product yield was
achieved.
Further, multi-wavelength �uorescence spectroscopy coupled with the
multi-way algorithm parallel factor analysis was utilized to monitor
product variants of biopharmaceuticals in downstream processing. �is
monitoring tool capitalizes on a shi� in �uorescence emission between
the product and its variant. Developed for monitoring aggregates during
antibody puri�cation, the transferability of the approach to other
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relevant biopharmaceuticals, such as factor VIII and erythropoietin, has
been con�rmed.
�e monitoring tools developed in this thesis, extend existing monitoring
tools for downstream processing of biopharmaceuticals. When
implementing these monitoring tools into the di�erent phases of
biopharmaceuticals’ lifespan, their potential could range from optimizing
downstream processes during puri�cation strategy development to
supporting manufacturing by facilitating process decisions.

II



Populärvetenskaplig
sammanfattning

I tillverkningsprocesser för framställning av läkemedelsproteiner ingår
�era reningssteg som tar bort föroreningar för a� uppnå en säker
produkt för patienterna. Föroreningarna utgörs antingen av varianter av
läkemedelsproteinet eller av andra föroreningar från tillsatser som görs
eller uppkommer i tillverkningsprocessen. Strikta regelverk, standarder
och riktlinjer, som �ality by Design och Process Analytical Technology,
som utfärdas av läkemedelsverk och andra organisationer säkerställer a�
tillverkningen av läkemedelsproteiner uppnår tillräckligt hög kvalitet för
a� kunna godkännas för behandling av patienter. För a� dessutom
uppnå en kostnadse�ektiv tillverkningsprocess behöver man också
uppnå högt produktutbyte och hög produktivitet.
E�ektiv bor�agning av produktvarianter förutsä�er väl fungerade
reningssteg i tillverkningsprocessen e�ersom produkten och
produktvarianten är strukturellt lika varandra. För a� vara framgångsrik
med det har man stor ny�a av analytiska verktyg som snabbt och
tillförlitligt kan särskilja och kvanti�era produkt och produktvarianter
och på så vis övervaka e�ektiviteten i reningsprocessens förlopp.
Den här avhandlingen handlar om utveckling av sådana analysverktyg
för övervakning. Som utgångspunkt i avhandlingsarbetet har existerande
analys- och modelleringsmetoder för proteiner ingående utvärderats och
kritiskt jämförts mot de krav som ställs på monitorering av viktiga
kvalitetsegenskaper vid proteinrening.
I e� av avhandlingens arbeten har en mekanistisk modell för
kromatogra� använts för monitorering av e� reningssteg i en
insulintillverkningsprocess. Den mekanistiska modellen kunde förutsäga
förekomsten av insulin och två insulinvarianter och underlä�ade a� ta
processbeslut som gav en betydande ökning av produktutbytet.
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I avhandlingen har även e� annat analysverktyg utvecklats för
monitorering av produktvarianter som bygger på
�uorescensspektroskopi i kombination med den kemometriska metoden
parallel factor analysis. Analysverktyget utny�jar förändringar i
�uorescensemission mellan produkt och produktvariant. Metodiken
utvecklades först för övervakning av proteinaggregat vid en
reningsprocess för i antikroppstillverkning. Däre�er användes
analysverktygen framgångsrikt för analys av varianter från
läkemedelsproteinerna faktor VIII och erytropoetin.
Analysverktygen som utvecklats i avhandlingen tillför nya möjligheter
för övervakning av biotekniska reningsprocesser för
läkemedelsproteiner. Om verktygen tillämpas industriellt för
processutveckling och produktion av läkemedelsproteiner, �nns goda
förutsä�ningar a� förbä�ra optimering av reningsprocesser och a�
underlä�a viktiga processbeslut i tillverkningsprocessen.
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Chapter 1

Introduction

1.1 Biopharmaceutical downstream processing

Today’s biopharmaceutical industry faces increased competition due to
generic products and greater regulatory demands [1]. �e development
of new biopharmaceuticals to treat diseases and improve quality of life is
time-consuming and expensive. Modeling has been used early on to
evaluate process economics or optimize bioprocesses [2, 3] and modeling
approaches should be further exploited to support the development
phase and manufacturing of biopharmaceuticals.
�e manufacturing of biopharmaceuticals consists of upstream and
downstream processing. First, the desired product is produced in
genetically engineered host cells and then the product is puri�ed by
separating undesired impurities. Impurities comprise, for example,
cellular debris, other proteins or product variants which are structurally
similar to the product but might cause adverse e�ects [4].
�e aim of downstream processing (DSP) is to obtain a product of
pre-de�ned quality and purity that ful�lls regulatory requirements,
guaranteeing patient’s safety.
Biopharmaceutical production can be focused on achieving end-product
quality or on ensuring product quality at all stages of the production. �e
la�er has been emphasized in the last 20 years and focuses on product
and process understanding.

1.2 Monitoring tools

Monitoring tools aim to provide additional information about the process
of interest and to support decision making and control.
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CHAPTER 1. INTRODUCTION

Monitoring tools incorporate hardware sensors whose signals are
processed by a model, or monitoring tools can solely rely on
mathematical models. Models are a simpli�cation of the real system
aiming to understand the system, gain insight and predict its behavior.
Mechanistic models mathematically describe underlying mechanisms
and phenomena of the system. �ose models represent knowledge of the
system and its model parameters have physical, chemical or biological
meaning.
Data-driven models process measured data by ��ing a generic model to
describe the input-output relationship of a system. Additional
information on an a�ribute that cannot easily be measured directly
thereby can be accessed.
Monitoring tools are evaluated toward their ability to monitor the
a�ribute of interest, their accuracy and time to provide the desired
information.

1.3 Aim and scope

�e aim of this thesis is the advancement of process monitoring in
biopharmaceutical downstream processing. �e focus lies on monitoring
of chromatography and the objective of each paper contributing to this
thesis, is indicated in Figure 1.1.
An important part of this thesis was to identify a�ributes of interest to
monitor in biopharmaceutical downstream processing and to �nd as well
as critically compare analytical techniques capable to measure those
a�ributes (Paper I).
�is thesis seeks to develop new monitoring tools based on existing
monitoring techniques and modeling approaches. Mechanistic
model-based monitoring was developed for a chromatography polishing
step of insulin. �e approach was evaluated with industrial material and
the pooling decision based on the mechanistic model was compared to
current practices (Paper II).
Secondly, a monitoring tool was developed, comprising of
multi-wavelength �uorescence spectroscopy and the data-driven model
parallel factor analysis (PARAFAC). �is monitoring tool was developed
for an immunoglobulin G (IgG) puri�cation process (Paper III). Paper IV
expands this research by investigating the transferability of this
methodology to monitor other biopharmaceuticals.
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1.3. AIM AND SCOPE

�e thesis commences by providing a background to the
biopharmaceutical industry, describing the need for monitoring in the
biopharmaceutical industry and further how monitoring aligns with the
�ality by Design (QbD) principle. Important a�ributes to monitor are
discussed and the goal of how to ultimately implement monitoring tools
into downstream processing is outlined. Fundamentals of the di�erent
modeling approaches and their evaluation and validation are provided.
Further, the concepts of the developed novel monitoring tools are
presented and compared. �en the main �ndings are summarized, put in
perspective and future work is considered.

Figure 1.1: Overview of the papers comprised in this thesis. Paper I answers why
monitoring of downstream processing should be considered, what to monitor and
how it can be achieved. Paper II describes a mechanistic modeling approach to
monitor chromatography. Paper III and IV utilize �uorescence spectroscopy and
a data-driven modeling approach for monitoring.

3



CHAPTER 1. INTRODUCTION

4



Chapter 2

�e need for monitoring in
the biopharmaceutical
industry

2.1 Biopharmaceutical industry in general

�e biopharmaceutical industry derives drug substances from living
organisms whereas the traditional pharmaceutical industry produces
drug substances by chemical synthesis.
Among the most successful biopharmaceuticals is the monoclonal
antibody Adalimumab [5], distributed under the brand name Humira, to
treat arthritis and Crohn’s disease.
Of utmost priority in the biopharmaceutical industry is to guarantee
patient safety by ensuring high product quality. �is is enhanced by
demands and control actions from pharmaceutical regulatory agencies.
�e biopharmaceutical industry also desires e�cient and cost-e�ective
manufacturing due to increasing competition. Downstream processing,
including chromatography, is considered to be the major bo�leneck in
manufacturing and is requiring substantial technological improvements
[6]. Biopharmaceutical trends to tackle downstream bo�lenecks include
the use of continuous processes, more e�cient bioprocessing in terms of
yield as well as increased automation, monitoring and control [7, 8].
�e QbD principle supports the development of monitoring and control
strategies for the biopharmaceutical industry and is encouraged by the
U.S. Food and Drug Administration (FDA) and other regulatory agencies.
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CHAPTER 2. THE NEED FOR MONITORING IN THE
BIOPHARMACEUTICAL INDUSTRY

QbD emphasizes product and process understanding to ensure product
quality throughout biopharmaceutical development and manufacturing to
mitigate potential risks [9].

2.2 Production of recombinant proteins

Recombinant proteins are expressed by genetically engineered host
organisms. Appropriate vectors to express the protein of interest are
developed and transfected into the host cell organism. �e cells are then
cultured in carefully controlled conditions to produce the protein
product during upstream processing (USP) [10, 11].
Depending on the protein of interest, requirements for functional activity
and the desired yield, di�erent host cell organisms are chosen. Bacteria,
yeast, and mammalian cells are commonly used to produce recombinant
proteins. Each system has its own advantages and challenges [12].
�e choice of production system also in�uences the subsequent
downstream processing. Each production system entails di�erent
challenges in the puri�cation of the protein product [13].

2.3 Puri�cation of recombinant proteins

Downstream processing consists of recovery and puri�cation unit
operations that isolate and separate the protein product. �e aim is to
deliver a protein product of pre-de�ned quality and purity.
During recovery, the product is isolated from the production system.
Centrifugation and �ltration are typical recovery unit operations. If the
protein product is produced intracellularly, cell disruption is required as
well as potentially protein refolding [13, 14].
Puri�cation aims to separate the protein product from impurities and to
reduce all impurities to acceptable levels. Membrane-based techniques,
such as tangential �ow �ltration, and chromatography can be employed
with the la�er being the most common unit operation [15].
�e type and sequence of unit operations depend on the protein product
and the production system. Each unit operation is optimized to handle
the product intermediate from the previous step. �e product purity is
increased with each unit operation, but also product losses occur.
�erefore, optimizing the product yield of each unit operation is of
interest. While the product yield can be compromised throughout the
downstream process, product purity cannot. Process- and product-
related impurities need to be removed to ensure patient safety [15].
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2.3. PURIFICATION OF RECOMBINANT PROTEINS

2.3.1 Chromatography

Chromatography is extensively used to separate the protein product
from bulk impurities such as DNA or host cell proteins (HCPs). It is also
applied for more challenging separations, such as product variants which
have similar properties as the protein product but might cause adverse
e�ects for patients [16]. Protein variants are, for example, fragments,
aggregates, charge variants, or the protein product with di�erent
post-translational modi�cations.
Chromatography can achieve separation while preserving the structure
and activity of the protein. O�en multiple steps of chromatography are
executed throughout a downstream process. Initially, a capturing step is
performed to isolate, stabilize and concentrate the protein product. In an
intermediate puri�cation step, bulk impurities are removed and in
subsequent polishing steps, trace impurities are separated requiring
su�cient selectivity of the chromatographic technique [15].
Chromatographic techniques exploit di�erences in protein size,
physicochemical properties, such as charge, hydrophobicity, and a�nity
to achieve protein separation [15]. �e underlying physical principles are
mass transfer through the chromatographic column where the proteins
are transported within the mobile phase through the stationary phase.
�e proteins disperse axially and di�use into the pores of the stationary
phase (Figure 2.1). Subsequently, interactions between the proteins and
the stationary phase occur resulting in protein separation.

Figure 2.1: �e principle of chromatography. �e proteins, contained in the
mobile phase, are transported through the column, di�use into the pores of the
stationary phase and interact with the stationary phase.
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BIOPHARMACEUTICAL INDUSTRY

2.3.2 Process decisions in chromatography

A critical operational procedure in chromatography is to collect the
eluted product for the subsequent process step. �is so-called pooling
aims to achieve high product purity while also recovering as much
product as possible.
Commonly, the decision on how to pool is based on the on-line
monitoring of UV absorbance at 280 nm, at the chromatography column
outlet [14]. �e advantage of UV-based pooling is its simplicity and when
the entire eluted peak is collected, it works well (Figure 2.2a). When
di�erent proteins elute from the chromatography column, there is o�en
an overlapping elution area (Figure 2.2b). �is results in collecting just a
part of the elution peak, which contains the product, to exclude
impurities. �e disadvantage of UV-based pooling is that product and
impurities with similar absorbance pro�les cannot be di�erentiated.
Usually, UV-based pooling decisions in manufacturing processes are
established with a safety margin to account for possible process
variability. �ereby product purity is ensured but consequently, the
product yield is compromised.

Figure 2.2: UV absorbance signal used to monitor the chromatography column
outlet. a) Product elutes in one peak, b) Product coelutes with impurity.

2.3.3 Process- and product-related impurities

Impurities occurring during the puri�cation of biopharmaceuticals can
be di�erentiated into process- and product-related impurities.
Process-related impurities are derived from e.g. the host cell organism,
processing agents or materials. Examples are HCPs, DNA, endotoxins for
gram-negative bacterial production systems or viruses for mammalian
production systems. Impurities related to processing agents or materials
are for example chemical additives such as surfactants or USP media
components. Other example are leachables or extractables from used
materials [13].
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2.4. QUALITY BY DESIGN

Product-related impurities are variants of the product whose properties
di�er from those of the product. Multimers, aggregates, fragments are
common product-related impurities. Further, deamidated, oxidized,
misfolded forms or incomplete pos�ranslational modi�cations are
examples of variants of the product. Product variants can occur in
upstream processing due to the heterogeneity of the biological systems,
but variants can also arise throughout the entire manufacturing process
or due to storage conditions [17, 18].
Product- and process-related impurities represent potential safety risks
to the patient and therefore need to be removed or reduced below a
certain limit. Product-related impurities are typically more challenging
to separate from the product than process-related impurities due to their
similar physicochemical properties resulting in similar behavior.

2.3.4 Process variability

�ere are many sources of variation in the production and puri�cation
process of biopharmaceuticals that can lead to variability throughout the
process and potentially impact product quality. Already minor variability
can a�ect the properties of the product [19]. Variability can occur in raw
materials, through changes in the process, process equipment, operating
conditions, and human factors. When process variability negatively
impacts product quality, the product of a production batch cannot be
released to the market. �erefore, the goal is to design robust processes
that are capable to tolerate expected variability without compromising
product quality.

2.4 �ality by Design

�ality by Design is a systematic approach that emphasizes product and
process understanding as well as process control to ensure product safety
and e�cacy [9].
Historically, pharmaceutical production focused on end-product quality
which was achieved by complying with established and
regulatory-approved process boundaries. Since those approvals by
regulatory agencies did not allow any changes to the process and
product, there was a reluctance to use new technology which could
improve the processes because new approval would have been required.
�e QbD principle was introduced to the pharmaceutical industry by the
International Conference on Harmonisation and major regulatory
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CHAPTER 2. THE NEED FOR MONITORING IN THE
BIOPHARMACEUTICAL INDUSTRY

agencies through a series of policies and guidelines in the 2000s [20–24].
�is indicated a change in the biopharmaceutical industry from focusing
on end-product quality toward building quality into the process. �e
science and risk-based approach fundamentally links patient
requirements to the pharmaceutical product. QbD aims to ensure product
quality at all stages of a product’s lifespan from product development,
third party suppliers to the manufacturing by understanding processes
and mechanisms that contribute to product quality [25].
�e QbD principle is illustrated in Figure 2.3. �e quality target pro�le
de�nes the characteristics of the product such as e�cacy, patient safety,
dosage, route of administration. Critical quality a�ributes (CQAs) and
critical process parameters (CPPs) de�ne the desired product and process
performance. Risk assessment allows identifying potential sources of
variability which could a�ect CQAs and CPPs. �e interactions of CPPs
on CQAs can be characterized by design of experiments (DOEs) allowing
the setup of a design space to provide quality assurance. Working within
the established design space will deliver the desired product quality,
variability can be handled within the design space and process changes
can be addressed faster. By developing control strategies for the
manufacturing process, consistent quality can be assured over time.
Continuous improvements are enabled through reporting and data
management [9].
Each of these QbD elements is based on scienti�c knowledge,
pharmaceutical quality system and quality risk and knowledge
management. QbD is supported by modeling approaches such as DOEs
or multivariate data analysis (MVDA). Process analytical technology
(PAT) enables QbD. PAT comprises the identi�cation of the a�ribute of
interest, process monitoring techniques, such as sensors to measure the
a�ribute, process modeling of the data generated by process monitoring
technique and the control of the process [9].
In the following, elements of QbD particularly relevant for this thesis are
discussed.

2.4.1 Critical quality attributes

CQAs are physical, chemical, biological or microbiological properties
that describe the product quality according to the patient’s needs [21].
Such needs are requirements regarding product purity, potency,
immunogenicity, stability, etc. which are not just de�ned for the �nal
product but also for intermediate products.
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2.4. QUALITY BY DESIGN

CQAs can be impacted by variability in process conditions and raw
material properties. �ose conditions and properties need to be identi�ed
and their functional relationship with CQAs need to be investigated. If a
CQA is not within its acceptable range or limit, the product cannot be
released to the market because patient safety cannot be ensured. �is
underlines the need to establish monitoring and control strategies for the
production process to be able to account for process variability which
may a�ect critical quality a�ributes.

Figure 2.3: Illustration of the �ality by Design principle and the process
analytical technology elements (redrawn from [9]).

2.4.2 Process analytical technology

QbD and PAT share similar goals of gaining process understanding to
establish well-controlled manufacturing processes that ensure consistent
product quality. PAT is required to accomplish the QbD principle and
serves as a tool to ensure robust process performance by designing,
analyzing, and controlling manufacturing processes. �is requires PAT
tools that provide timely measurements of critical quality and
performance a�ributes [21].
As illustrated in Figure 2.3, PAT performs several important actions. �e
starting point is the identi�cation of the a�ribute of interest which
de�nes the purpose. �is is followed by implementing suitable process
monitoring techniques that measure signals of the process and convert
the signals into data. �en process modeling uses the data of the process

11



CHAPTER 2. THE NEED FOR MONITORING IN THE
BIOPHARMACEUTICAL INDUSTRY

monitoring techniques as input to model the a�ribute of interest by
employing e.g. MVDA. Mechanistic models also show the potential to
serve as PAT tools [26]. �e combination of process monitoring
techniques and process models can be referred to as monitoring tools.
Finally, the process control consists of a control model and a control
system. �e control model generates actionable commands, e.g. setpoints
for CPPs, based on the output of the process model, e.g. for
chromatographic separation [27, 28]. �e control system then executes
the commands causing the process to operate in the desired manner. �e
process control facilitates the QbD control strategy. Another element of
PAT, not mentioned in Figure 2.3, is reporting and data management
which enables continuous improvement of the process [9].
PAT enables a higher degree of process control and reduces the risk of
batch failure. But monitoring tools capable to measure and predict
critical quality and performance a�ributes in real-time, need to be
developed.

2.5 Examples of recombinant proteins

�e recombinant proteins investigated in this thesis, are described below.
�e list of biopharmaceuticals approved by the FDA in 2018 contains
various recombinant antibodies, clo�ing factors, and hormones [5],
underpinning the importance of focusing research e�orts on proteins,
such as monoclonal antibodies, insulin and factor VIII.

Monoclonal antibody IgG

�e antibody IgG consists of two heavy and two light chains and has a
molecular weight (MW) of approximately 150 kDa. Several subclasses
exist of this monoclonal antibody. IgG is the most common antibody
found in human blood [29]. Due to its high speci�city, recombinant IgG
can be used in diagnostics [30] and treatment of various diseases, such as
cancer [31].
Commonly, this glycosylated protein is recombinantly produced in
Chinese hamster ovary (CHO) cell cultures. �e puri�cation platform of
IgG usually comprises a capturing step (e.g. Protein A chromatography)
and polishing steps, such as cation exchange (CEX) and anion exchange
(AEX) chromatography. Virus removal and inactivation steps are
included to ful�ll regulatory requirements [32, 33]. During the
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2.5. EXAMPLES OF RECOMBINANT PROTEINS

puri�cation of monoclonal antibodies, di�erent conditions of the
di�erent process steps, e.g. elution at low pH, can lead to antibody
aggregation [34].

Insulin

Insulin is a relatively small protein with an MW of 6 kDa. �is protein
regulates glucose metabolism [35]. When patients do not produce
enough insulin, insulin injections are required. Previously converted
from pig insulin, nowadays insulin is produced recombinantly [36].
�ere are several production and puri�cation processes established,
usually involving refolding and a large number of process steps [37].

Factor VIII

Factor VIII is a blood clo�ing factor and is de�cient in patients with
hemophilia. Factor VIII is produced by isolating it from human blood
serum or it can be recombinantly produced in mammalian cell cultures
[38]. �e protein has an MW of 166 kDa and is glycosylated.

Erythropoietin

Erythropoietin (EPO) plays a key role in the production of red blood cells.
�ough intended to treat anemia, it might be more known as a doping
agent. Recombinant EPO is produced by mammalian cell culture [39, 40].
�is protein is heavily glycosylated which accounts for 40 to 50 % of its
MW [41]. �e unglycosylated EPO has an MW of 18 kDa.

Human growth hormone

Human growth hormone stimulates growth during human development.
Children with growth disorder or adults with growth hormone
de�ciency can be treated by administering human growth hormone [42].
Recombinant growth hormone (MW 22 kDa) is produced in bacteria cell
cultures [43].

�e above-mentioned recombinant proteins were used in this thesis to
develop monitoring tools capable to support their respective downstream
processes.
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Chapter 3

Current practices and future
possibilities in downstream
process monitoring

In Paper I of this thesis, existing analytical techniques are critically
compared toward their potential as monitoring alternatives in
downstream processing. �e comparison is primarily based on
bioanalytical relevance, sensitivity, selectivity and response time of the
analytical techniques. �e potential impact of implementing monitoring
tools in downstream processing is evaluated as well. Importantly, before
evaluating what analytical techniques or sensors could be used for
monitoring, it is necessary to answer the question: What a�ributes
should be monitored?

3.1 Attributes of interest

More a�ention has been paid to monitoring of upstream processing for
optimizing the production of biopharmaceuticals to achieve a
high-production titer [44]. Monitoring of DSP has become more
important to reduce manufacturing costs and to tackle bo�lenecks in
downstream processing.
A major interest is to monitor the product throughout the puri�cation
train. Other a�ributes of interest are listed in Table 3.1 according to their
relevance. �e importance of impurity and process performance
a�ributes varies depending on the product, production system and unit
operation. While there are process-related impurities of high relevance
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(e.g. resin leakage), Table 3.1 underlines that various product-related
impurities are more critical than process-related impurities or process
performance a�ributes. �e similarities between product and
product-related impurities pose a challenge for downstream processing
itself to achieve su�cient separation but also present a challenge for
developing monitoring tools.

Table 3.1: Process- and product-related impurities, and process performance
a�ributes of interest in DSP monitoring ordered by relevance (adapted from [45]).

Process-related impurities Product-related impurities Process performance

Resin leakage*** Insu�cient glycosylation*** Membrane integrity**
Bioburden*** Aggregates*** Column recovery*
HCP** Precursors*** Binding capacity over time*
DNA** Cleaved forms***
Endotoxins** Oxidized forms***
Introduced chemicals/ enzymes** Di�erent isoforms***
Proteases** Multimers**
Viruses** Fragments**
USP media components** Deamidation**

*** highly important; ** important; * less important

3.2 Monitoring techniques

Monitoring techniques are methods to monitor the a�ribute of interest.
Typically, a measuring system or sensor is incorporated and used to
generate signals. �ose signals can be univariate where only one variable
is examined at a time [9]. Examples of such sensors widely used in
bioprocessing are for temperature or pH measurements [46]. �ose
signals do not require any further data processing.
Other sensors can measure physical properties or chemical compositions
and provide multivariate signals which then are linked to process
variables by a process model. Common multivariate sensors in USP and
DSP are spectroscopic techniques such as infrared or UV/VIS
spectroscopy [47–49].
To be able to control processes, measurements and modeling need to be
performed in a timely manner [50]. Measurements can be performed
o�-line where a sample is removed from the process and the analysis
may take several days. When at-line measurements are performed, a
sample is removed as well, but the analysis only takes minutes and is
usually performed in close proximity to the process [51]. On-line
measurements are carried out directly in the process and usually take
seconds [46].
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In process chromatography, several on-line sensors, such as UV
absorbance, pH, conductivity or pressure sensors, are available to
monitor the process (Table 3.2). While those univariate sensors are
su�cient to run the chromatography step and can provide information
on the product, they give insu�cient information on process- and
product-related impurities [52]. A chromatographic separation can be
a�ected by variability in e.g. the biological feed material, the bu�er
composition or by changes in column performance over time. UV
absorbance is used to monitor the column outlet and provides
information on protein concentration and is the main source to take
pooling decisions unless extensive o�-line analytics are performed to
quantify CQAs resulting in process downtime. UV absorbance is too
unspeci�c to di�erentiate between product and product variants,
especially if product variants occur in low abundance and have a similar
absorbance pro�le.
To monitor the product and product-related impurities additional
techniques are required. Ideally, those techniques provide rapid
measurements, are non-destructive and do not require sample
preparation. During the development of monitoring tools, those goals
should be kept in mind but might not need to be realizable from the
beginning.

Table 3.2: Summary of common on-line sensors in process chromatography, as
well as sources of variability and critical process decisions.

Common sensors Variability sources Process decision

UV absorbance Biological feed material Product pooling
pH Bu�er composition
Conductivity Column performance (over time)
Pressure

3.2.1 Spectroscopy

Spectroscopy is a powerful tool for monitoring of processes because of
its fast response time, possible elimination of sample taking and its
tendency to maintain sample integrity [53, 54].
Di�erent spectroscopic techniques provide complementary information
and can be used to monitor di�erent a�ributes [55].
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Depending on the wavelength regions of the electromagnetic spectrum,
di�erent information on the physical and electronic structure can be
assessed when electromagnetic radiation interacts with ma�er, in our
case proteins. �e electromagnetic radiation is characterized by its
energy. At lower wavelength ranges, such as in the UV or visible range,
the energy is higher compared to the higher wavelength regions of the
mid- and far-infrared range due to the indirect relationship of energy and
wavelength [56]. �e response time spans from seconds to a few minutes
depending on the technique and setup. Usually, data analysis is employed
to process the spectroscopic signals. �e time to process or model, adds
to the response time until the desired information is provided.
A variety of spectroscopic techniques can provide information on
primary, secondary, tertiary or quaternary protein structure. �is makes
spectroscopy essential when investigating protein structure and an
interesting option to explore its suitability for monitoring.
Spectroscopic techniques utilized for downstream process monitoring
comprise, for example, UV/VIS, infrared, �uorescence and light
sca�ering: UV/VIS spectroscopy has been demonstrated as a monitoring
tool for quanti�cation of a monoclonal antibody (mAb) and its high and
low molecular weight impurities in a CEX chromatography step [57] as
well as in a mAb polishing step by variable pathlength UV/VIS
spectroscopy [58]. Further, the column loading of a mAb onto a Protein
A chromatography step has been controlled by UV/VIS spectroscopy
[59]. Fourier transform infrared (FTIR) spectroscopy has been used to
monitor a mAb product in several downstream process units, as well as
aggregates and host cell proteins at higher concentrations [60, 61]. As an
in-line monitoring tool, FTIR distinguished proteins in mixtures as well
as process-related impurities, such as Triton [62]. Also, cleaning-in-place
(CIP) of an a�nity chromatography column has been monitored by FTIR
[63]. Fluorescence spectroscopy has been applied for at-line monitoring
of a hydrophobic interaction chromatography step to take pooling
decisions and separate correctly folded from misfolded protein [64].
Light sca�ering has been employed to monitor protein refolding and
aggregation of a fusion protein [65] and to take pooling decisions and
separate aggregates from the mAb product [66].

Multi-wavelength �uorescence spectroscopy

Multi-wavelength �uorescence spectroscopy can be employed to obtain
information on protein conformation. Of the three aromatic amino acids
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(tryptophan, tyrosine, and phenylalanine) contributing to the intrinsic
�uorescence of proteins, tryptophan residues usually dominate the signal
[67, 68]. Tryptophan residues also show a high sensitivity to their local
chemical environment [69, 70]. When structural changes that a�ect the
local environment of tryptophan residues, occur in a protein, those
would be detectable by �uorescence spectroscopy. �is makes
multi-wavelength �uorescence spectroscopy an excellent candidate to
monitor product variants, structures slightly di�erent than the product.
In multi-wavelength �uorescence spectroscopy, the protein sample is
excited at a range of excitation wavelengths and the emission from the
sample is scanned at a higher wavelength range.
Figure 3.1 depicts a typical �uorescence signal of a protein. In
Figure 3.1a, the original signal is shown which also includes Rayleigh
and Raman sca�ering. Data preprocessing can be applied to remove the
sca�ering and interpolate the deleted data to reveal the entire
�uorescence signal (Figure 3.1b). With an excitation maximum of 280 nm
and an emission maximum of approximately 350 nm, the tryptophan
residues of this protein are the main contributor to the �uorescence
signal. To extract more information from the �uorescence signal, MVDA
needs to be applied which will be discussed in the following chapter.

Figure 3.1: Example of multi-wavelength �uorescence signal a) original b)
preprocessed to remove Raman and Rayleigh sca�ering.

3.3 �e so� sensor concept for downstream process
monitoring

A so� sensor combines one or several hardware sensors that deliver data,
with an estimator which models the data to derive new information. �e
hardware sensor is placed in e.g. the outlet stream of a bioprocess unit
operation to perform on-line measurements. �e delivered signals are
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converted to data and the data are then processed by a ’so�ware’ model
to estimate variables (Figure 3.2).
�e idea is to estimate process variables that are di�cult to measure
directly, by modeling more easily accessible on-line data which can be
linked to the desired process variables [71, 72].
Di�erent kinds of hardware sensors are mentioned in section 3.2 and in
Paper I. �e key point is that the measurements need to take place
rapidly and continuously. �en the model can estimate the variables in a
timely manner, capture occurring changes and can facilitate process
decisions.
�e estimator can be an advanced mechanistic model, MVDA, or a
combination of both to estimate variables [73–75]. Both approaches,
mechanistic and data-driven modeling are discussed in the next chapter.
Developing so� sensors for downstream processing requires a response
time of seconds for the sensor and the model due to the fast nature of e.g.
chromatographic elutions. In upstream processing response times of
minutes or more might be acceptable depending on the growth of the
host cell organisms and the rapidness of occurring changes.

Figure 3.2: �e so� sensor concept illustrated at the outlet of a bioprocess unit
operation. �e so� sensor contains one hardware sensor whose measured data is
modeled by an estimator to estimate a process variable. (adapted from [76]).

3.4 Impact of monitoring on quality and process
economy

�e di�erent stages of biopharmaceutical development can bene�t from
process monitoring and modeling [44]. During early process
development, parameter interactions can be characterized and their
impact on the product can be monitored when evaluating alternative
production and puri�cation strategies.
In the later stage, the implementation of monitoring tools can facilitate
achieving high product quality and yield. By providing more information
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about the process, process understanding can be gained, and process
control strategies enabled [77].
During manufacturing, process operations can become more e�cient,
process downtime can be reduced, and the risk of batch failure can be
decreased which may improve the production economy. However, the
initial investment costs of monitoring techniques and the operation and
maintenance costs, require �nancial commitment [53].
Moreover, implementing monitoring tools during biopharmaceutical
development and manufacturing is strongly supported by regulatory
authorities, as highlighted in the PAT initiative. When monitoring tools
are used to take process decisions, regulatory approval of the
methodology is required. �is might hamper the implementation of
monitoring tools into already approved processes but can still provide
additional process understanding and support for troubleshooting.
For the development of new biopharmaceuticals, monitoring tools could
be developed in parallel and the approval for the process could be �led
together with the approval of the monitoring tool.

�is thesis focuses on developing monitoring tools for downstream
processing of biopharmaceuticals.
Product variants were identi�ed as a�ributes of interest through the
evaluation in Paper I and discussions with industrial collaborators.
Di�erent biopharmaceuticals and their respective product variants were
studied.
Monitoring tools based on mechanistic modeling and data-driven
modeling of multi-wavelength �uorescence spectral data were developed
to provide additional means for enabling �ality by Design.
Each monitoring tool was demonstrated at one or several unit operations
of the downstream process of the respective biopharmaceutical.
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Chapter 4

Modeling approaches to
enhance downstream
processing

In this chapter, the fundamentals of the di�erent modeling approaches
which are used in this thesis, are described. �e mechanistic model
approach is utilized in Paper II. Paper III and IV rely on a data-driven
approach, in particular, PARAFAC.

4.1 Mechanistic models

Mechanistic models describe underlying mechanisms and phenomena
occurring in the system of interest. �ose mechanisms can be physical,
chemical or biological. For the model, assumptions are made,
interactions identi�ed, and a complex system is simpli�ed to describe it
by mathematical equations. Mechanistic models require to understand
the behavior of each elementary part contributing to the system.

4.1.1 Chromatography models

In the case of modeling chromatography, the mass transfer through the
column and the interaction with the stationary phase need to be
described.
�e mass transfer speci�es the transport of the solute contained within
the mobile phase through the stationary phase where the solute
disperses axially and di�uses into the pores of the stationary phase
depending on their size. Adsorption and desorption interactions between

23



CHAPTER 4. MODELING APPROACHES TO ENHANCE
DOWNSTREAM PROCESSING

the solute in the mobile phase and the stationary phase need to be
described to assess the binding and elution behavior of the solute.

Mass transfer

�e elementary parts contributing to mass transfer are the convective
�ow through the column, axial dispersion, which is the di�usion along
the axial column dimension, mass transfer through the external �lm of
the mobile phase surrounding the stationary phase and di�usion of the
solute within the stationary phase’s particle pores [78, 79]. �ere are
various models describing chromatography systems. Simpler models
only consider convective �ow whereas more advanced models consider
additional physical terms.
�e question arises how detailed the model needs to be, to obtain a good
approximation of the real system? In principle the simplest
approximation representing the system adequately is desirable.

Adsorption

�e adsorption term in a chromatography model describes the
interactions of ligands of the stationary phase with the solute in the
mobile phase. In the simplest description, a linear relationship between
the solute concentration in the stationary phase and the solute
concentration in the mobile phase is assumed [80]. �is assumption of a
large number of free binding sites is only accurate when low amounts of
solute are loaded onto the chromatography column. At high amounts,
the saturation of the stationary phase needs to be considered. When
more than one solute is modeled, the competition for binding sites needs
to be included. �e adsorption and desorption of the solute also depend
on the mobile phase modi�er, such as pH or counter ions concentration,
depending on the kind of chromatography system used. To approximate
the adsorption term, one usually relies on experimentally correlated
equations due to the complexity of protein adsorption [80, 81].

4.1.2 Modeling reversed phase chromatography

In this thesis, a kinetic dispersive model with a modi�ed Langmuir
isotherm was used to monitor the reversed phase chromatography (RPC)
separation of insulin and two product variants (Paper II).
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�e model is based on previous work by Degerman, Jakobsson and
Nilsson [82] and describes convective �ow, axial dispersion, and
adsorption kinetics. �e mass transfer can be expressed as follows:

dci
dt

= Dax
∂2ci
∂x2

− νapp
∂ci
∂x

− 1 − εc
εc + (1 − εc)εp

∂qi
∂t

(Equation 4.1)

where ci is the concentration of component i within the mobile phase,
Dax is the dispersion coe�cient and the Peclet number Pe (Equation 4.2)
is used to calculate Dax. νapp represents the apparent interstitial velocity,
εc is the bed porosity, εp is the particle porosity of the column and qi is the
concentration of component i in the stationary phase. t represents time
and x describes the axial coordinate of the column.

Pe =
νappdp
Dax

(Equation 4.2)

where dp is particle diameter of the stationary phase.

�e adsorption is described by a modi�ed Langmuir isotherm
(Equation 4.3)

dqi
dt

= kkin

(
ciHi exp

(
γicEtOH

)(
1−

N∑
i=1

qi
qmax,i

)
−qi

)
(Equation 4.3)

where kkin is the adsorption rate constant, Hi is the Henry’s constant
and γi is the mobile phase modi�er of component i, cEtOH is the
concentration of the ethanol modi�er and qmax,i is the maximal
concentration of component i in the stationary phase.

Commonly, concentration di�erences along the radial dimension of the
column are neglected and boundary conditions, such as Robin and von
Neumann conditions [80], are set for the column inlet and outlet. Initial
conditions usually assume the mobile phase concentration of the
equilibration bu�er and no adsorption of protein at the start of the
simulation.

Some parameters easily can be experimentally determined, extracted
from literature or based on previous experience. Examples are bed and
particle porosity or maximum binding capacity. Other parameters need
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to be ��ed to experimental data during model calibration to assure that
the model approximates the real system accurately.
�e model can be solved by discretizing the partial di�erential equations
into a set of ordinary di�erential equations (ODEs) which can be solved
by an ODE solver. �e structure of the mechanistic model to calibrate the
model parameters is depicted in Figure 4.1. �e model contains the mass
transfer and adsorption isotherms which incorporate the model
parameters that need to be determined by an optimization algorithm.
�e ODE solver solves the isotherms (Equation 4.1 and Equation 4.3).
�en an optimization algorithm, e.g. least squares curve ��ing, compares
the modeled response with the experimental data, usually the UV
absorbance signal, and minimizes their di�erence by adjusting the model
parameters. For the reversed phase chromatography model, the Henry’s
constant Hi and the mobile phase modi�er γi are determined by least
squares curve ��ing.

Figure 4.1: Structure of mechanistic model to calibrate model parameters to
experimental data (adapted from [83]).

4.1.3 Model sensitivity

A�er the calibration of the mechanistic model, the model parameters are
determined. �e model relies on those �xed values as well as the other
parameter values obtained from literature, experience, and experiments
to not change over time.
But the chromatographic separation itself can be in�uenced by changes
in protein concentration, bu�er composition or temperature [84, 85], to
name a few. System errors or human errors can impact the experimental
part which can lead to a discrepancy between model and experiment.
Model parameter uncertainty can be due to experimental uncertainties or
due to the calibration of the model [86]. �e model performance can be
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studied with regard to parameter uncertainty by analyzing the model’s
sensitivity. �e idea is to identify the impact of parameter uncertainty on
the model outcome and identify which parameters and interactions of
parameters have the greatest e�ect on the model performance [87].
�is can be achieved by a full or fractional factorial analysis where the
parameters investigated are systematically varied within a prede�ned
range [88, 89]. A full factorial analysis investigates all possible
combinations of parameters at set parameter levels. Usually, two or three
levels are investigated for each parameter [90]. A 2-level full factorial
design of three parameters can be depicted as in Figure 4.2. �e level ’-1’
could, for example, correspond to a parameter’s value minus 5 % and the
level ’1’ could correspond to the parameter’s value plus 5 %. Total
number of simulations for studying k factors corresponds to 2k,
therefore eight simulations would need to be conducted for the
mentioned example.
A�er the mechanistic model simulated all possible combinations of levels
for all parameters investigated, the impact of each parameter and
parameter interaction on the model performance can be ranked. �e
results of the sensitivity analysis of the reversed phase chromatography
model are presented in the next chapter.

Figure 4.2: Illustration of 2-level full factorial design with three
parameters A, B, C.

4.2 Data-driven models

Data-driven models �t a generic model to measured data by describing
the input-output relationship. �ose models �nd structure in huge
datasets, obtained by e.g. sensor measurements, and correlate it with
reference data. �e models are o�en used to estimate a�ributes that are
not easily measured directly but rely on data that can be correlated to the
desired a�ribute.
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4.2.1 Multivariate data analysis

Data are multivariate when multiple variables are measured, at multiple
time points or multiple samples. An example of univariate data is the UV
absorbance measurement at a single variable e.g. at the wavelength of
280 nm. �e data becomes multivariate when instead measuring an
absorbance spectrum at multiple wavelengths.
More information can be obtained from accessing multivariate data
simultaneously than from analyzing each variable individually [91, 92].
MVDA extracts relevant information from large datasets by reducing the
data. Hidden pa�erns and parameter relationships can be identi�ed.
Variables containing similar information are compressed and by
separating data with relevant information from data without relevant
information, noise can be reduced [92, 93].
MVDA can be used for classi�cation or quanti�cation. Classi�cation is a
qualitative assessment that identi�es groups of similar observations.
Principal component analysis (PCA) is commonly used for classi�cation.
When the observations are correlated with reference data e.g.
concentration data, then principal component regression (PCR) and
partial least squares (PLS) regression can be useful tools [93].
Here, MVDA is employed for analyzing data from process monitoring
techniques to enhance PAT. Other areas of use are e.g. early fault
detection, quality control, identi�cation of structure-property-
relationships or image analysis [93].

4.2.2 Principal component analysis, principal component
regression and partial least squares regression

Principal component analysis transforms the given dataset into a new
coordinate system and �nds new components that maximize the
variance. To simplify, an absorbance spectrum measured at two
wavelengths can be pictured (Figure 4.3a). �en the spectrum is
transformed into a new coordinate system where each coordinate axis
represents a wavelength. When K-wavelengths of a spectrum have been
measured, the spectrum is transformed into a K-dimensional coordinate
system. In the example, the spectrum with two wavelengths is
transformed into a two-dimensional coordinate system (Figure 4.3b). If
spectra were acquired for several samples, a data cloud in the
K-dimensional coordinate system is obtained (Figure 4.3c). �e main part
of PCA is to �nd new components that describe this data cloud. �e �rst
component captures the maximal variation, the second component is
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orthogonal to the �rst one and is identi�ed in the direction of second
biggest variation (Figure 4.3d) [93]. Also, additional principal
components are orthogonal to the preceding ones. Signi�cant systematic
variation in the data and random noise or measurement errors are
described by various principal components. But the main information in
the variables (wavelengths in the example) is expressed in the �rst couple
of principal components. Whereas principal components describing
noise are eliminated, reducing the dimensionality of complex problems.
�e PCA model can be expressed as follows:

X = TP T + E (Equation 4.4)

where X is the original data, T represents the score matrix, P T is the
transposed loading matrix and E is the residual matrix [94].

Figure 4.3: Simpli�cation of PCA principle. a) Absorbance spectrum measured
at two wavelengths λ1 and λ2. b) Spectrum transformed into one data point
in two-dimensional space which is de�ned by the two measured wavelengths.
c) Additional spectra of dataset transformed into two-dimensional space. d) �e
main part of PCA where the principal components (PCs) are identi�ed in direction
of biggest variation in the dataset (adapted from [95]).

�e original data X is of the size I x J where I represents the number of
samples and J is the number of variables. �e scores are new coordinate
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values which are obtained by projecting each datapoint of the
K-dimensional space onto the principal component. �e loadings
describe the importance of each variable to approximate X . �e matrix
product of TP T models the structure of the original data X and E
contains non-relevant information, such as noise [92, 93].
To obtain a useful model, data is o�en pre-treated. For example, the
removal of background signals or sca�ering might be necessary.
PCA forms the basis of other models such as PCR or PLS regression
which are quantitative models allowing the prediction of e.g. sample
concentrations based on the samples’ absorbance spectrum.
In PCR, PCA is performed �rst and then the PCA scores are correlated to
the dependent reference data (Equation 4.5) by estimating the regression
coe�cient (Equation 4.6).

Y = βT (Equation 4.5)
where Y represents the reference data, β is the regression coe�cient and
T is the score matrix of the PCA which might be extended with a column
of ones if an intercept is estimated.

β̂ = T TY (T TT )−1 (Equation 4.6)
where β̂ is the estimated regression coe�cient, T T is the transposed
score matrix (including a column of ones for the intercept) [92].

Comparing PCR to PLS regression, the information in Y is not actively
used in PCR. In PLS regression, the relation between the two data
matrices, X and Y , is modeled. PLS regression does not use principal
components that are not relevant for Y . By maximizing the covariance
between the score vectors T and U (Equation 4.7 and Equation 4.8), the
impact of irrelevant variation in X is limited [96].
In PLS regression, PCA is performed simultaneously for X and Y while
aligning both models.

X = TP T + E (Equation 4.7)

Y = UCT + F (Equation 4.8)
where X and Y are the original input and reference data. T and U are
the score matrices, P T and CT are the transposed loading matrices andE
and F are the residuals [93].
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PLS regression has a stronger tendency to over�t than PCR [96]. For each
model, it is essential to evaluate the model, to �nd the correct number of
components and to perform model validation. �is will be addressed in
section 4.3.

4.2.3 Parallel factor analysis

PCA, PCR, and PLS require the original data to be two-dimensional (size
I x J ). When the original data are of higher dimension, the data can be
unfolded to be two-dimensional, but this might lead to the loss of
information and less interpretable models [97]. Otherwise multi-way
algorithms can be employed which are capable to handle three- or higher
dimensional data.
PARAFAC is an example of a multi-way algorithm and represents a
generalization of PCA [97].
Multi-way data are, for example, multi-wavelength �uorescence spectra
measured for several samples. �e data can be arranged in a data cube of
the size I x J x K where I represents the number of samples, J the
emission and K the excitation wavelengths. PARAFAC decomposes this
three-way data cube into one score vector and two loading vectors for
each component. A two-component PARAFAC model is illustrated in
Figure 4.4 and can be expressed as follows:

xijk =

N∑
n=1

ainbjnckn + eijk (Equation 4.9)

where xijk are the elements of the original dataX arranged in a three-way
array. ain, bjn, ckn are the elements of the score matrix A and the loading
matricesB andC , respectively. n representing the number of components
and eijk represents the elements of the residual matrix E.

Figure 4.4: Illustration of two-component PARAFAC model [97].

�e PARAFAC scores contain relative concentration information and can
be further used in a regression model, similar to PCR, which is one way of
obtaining quantitative information.
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PARAFAC can resolve highly convolved signals and elucidate accurate
estimates of the underlying physical phenomena when the right number
of components has been chosen [92]. Multi-wavelength �uorescence
spectra of proteins are an example of overlapping signals due to the
overlapping emission ranges of the aromatic amino acids.
In this thesis, PARAFAC was employed to reveal underlying physical
phenomena of multi-wavelength �uorescence spectra to elucidate
emission shi�s of biopharmaceuticals occurring upon product variant
formation (Paper III and IV).

To obtain a su�cient model, it is essential to choose the correct number
of components. �is is important for all data-driven models. For
PARAFAC the estimated loadings can be visually inspected and
compared to expected underlying physical phenomena. For di�erent
models, slightly di�erent diagnostic tools are available to determine the
correct number of components. Generally speaking, variance explained
by each component should be considered and the model should be
validated, either by cross-validation or preferably with an independent
dataset.

4.3 Model validation and limitations

To evaluate if the calibrated model is an accurate approximation of the
real system, the model has to be validated. In the case of data-driven
models, cross-validation can be performed, where part of the dataset is
le� out of the model calibration and then predicted. If the input data
which will be predicted in the future, are expected to be highly similar to
the calibration data, cross-validation might be suitable. But biological
systems usually display a fair amount of variation. To generate more
robust models, validation with independent data is preferred.
Residuals and model errors between predicted and actual response can
be calculated to evaluate the model, e.g. the root mean square error of
calibration (RMSEC) and prediction (RMSEP). �e goodness of �t R2,
indicating how well the model represents the calibration data, can be
calculated as well as the goodness of prediction Q2 which shows how
well the model can predict new data.
To know if a model can be trusted, model validation and knowing the
model’s limitations is important. Models are desired to be simple
approximations of the real system because increased model complexity
may lead to less intuitive models, longer computation times and might be
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more error-prone. But by simplifying, information is le� out and one
needs to be sure that no essential information is missing. Models might
be developed for test systems portraying already a simpli�cation of the
real system. �is can lead to a model not being able to account for
’unexpected’ variation, such as an unaccounted analyte. Simpli�cations
such as a homogeneous concentration in the radial column dimension or
the assumption that no conformational changes of proteins occur in the
column are common when modeling chromatography. But by
oversimplifying the mass �ow to only the convective �ow or assuming a
linear relationship between solute concentration in mobile and
stationary phase, the model might be ine�cient. It has to be decided
which simpli�cations are acceptable.
�e uncertainty present in the measured data, e.g. for HPLC the error
from injection, separation, detection and signal processing add up to the
total error of the measured data and contributes to the error of the model
as well [98]. Model uncertainty can be addressed by analyzing the
sensitivity of the model or using large datasets for calibration.
How ’good’ a model is, also depends on its intended use. Models can be
evaluated according to their capability to capture the relevant
information of a real system and regarding their accuracy within a
de�ned range. Model complexity and computational time might also be
considered.

4.4 A comparison of mechanistic and data-driven
models

To summarize, mechanistic models approximate a system by describing
its underlying mechanisms and phenomena with mathematical equations
(Figure 4.5). Data-driven models are ��ed to describe input-output
relationships, typically without their parameters having a physical
meaning. PARAFAC represents an exception of the data-driven models
since its components can identify underlying physical phenomena when
the correct number of components is identi�ed.
Contrary to data-driven models where the number of components or
model parameters is not �xed, the number of model parameters is
predetermined in mechanistic models. In both cases, the model
parameters are estimated from calibration data (or are based on prior
knowledge for mechanistic models). Mechanistic models are o�en
described by ordinary or partial di�erential equations to approximate a
system that changes in regard to time and space. �e data-driven model

33



CHAPTER 4. MODELING APPROACHES TO ENHANCE
DOWNSTREAM PROCESSING

in this thesis relies on a static model correlating input and output.
Data-driven models require broad and representative datasets for model
calibration because they can only predict within the ranges they have
been calibrated. Because mechanistic models describe physical
phenomena, those models can be extrapolated if the physical phenomena
are accurately described [99, 100].
Data-driven models bene�t from large datasets, whereas a small number
of experiments can be su�cient to estimate the mechanistic model
parameters. Usually, the computation of data-driven models is less time
consuming than mechanistic models.
Mechanistic and data-driven approaches can also be combined to bene�t
from each of their advantages [101]. As illustrated in Figure 4.5, the
mechanistic model does not require input data a�er the model
parameters have been calibrated. In this thesis, the protein
concentrations of the feed material were provided to the mechanistic
model nevertheless because of the concentration variation in the feed.
�e monitoring tools which were developed in this thesis, incorporate
mechanistic and data-driven approaches and are presented in the next
chapter.

Figure 4.5: Comparison of mechanistic and data-driven modeling approaches as
used in this thesis.
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Chapter 5

Novel tools based on existing
monitoring and modeling
approaches to monitor
downstream processing

In this thesis, two monitoring tools have been developed. One is based
on a mechanistic model approach and has been implemented for a
reversed phase chromatography polishing step of insulin (Paper II). �e
other monitoring tool relies on �uorescence spectroscopy coupled with
PARAFAC to monitor the product and variant and has been
demonstrated for several biopharmaceuticals (Paper III and IV).
Monitoring tools of chromatographic separations aim to facilitate
pooling decisions. Model-based pooling has been compared to current
practice pooling and showed a yield increase while maintaining purity
(Paper II).
For the applicability of these monitoring tools in the biopharmaceutical
industry, their transferability to other products and processes needs to be
demonstrated as well (Paper IV).
Both monitoring tools are critically compared regarding the criteria
established in Paper I.

5.1 Mechanistic model-based monitoring

Mechanistic models can provide valuable insight into protein separation
that can support process development. Mechanistic models allow the
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simulation of process running conditions to identify optimal operation
which can result in saving experimental time and cost.
In Paper II is demonstrated, how to employ mechanistic models for
monitoring of a chromatographic separation in a bioprocess and the
concept is illustrated in Figure 5.1. �e mechanistic model is calibrated to
concentration data obtained from speci�c quality control analytics,
instead of calibration to the unspeci�c UV absorbance data. �is allows
the simulation of low abundant and low concentrated product variants.
�e variation in biological feed material is addressed by providing the
inlet concentration to the model. �e model predicts the concentration of
the product and its variants which subsequently can be used to take
critical pooling decisions.

Figure 5.1: Concept of mechanistic model-based monitoring.

�e mechanistic model-based monitoring tool was developed for an
industrial reversed phase polishing step of insulin. �is step aims to
remove variant forms of insulin that are structurally very close to the
product. �e UV Absorbance at 280 nm displayed no clear shoulders in
that puri�cation step (Figure 5.2a), solely a peak tail hints to the elution
of variants.
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Figure 5.2: Validation run with a) UV Absorbance at 280 nm and b) mechanistic
model-based monitoring. �e modeled (solid lines) and experimental (dashed/
do�ed lines) elution pro�les are compared for insulin (blue), Variant A (yellow)
and Variant B (green). �e model-based pooling decision is indicated (ν∗1 and ν∗2 )
[83].

�e model was simultaneously calibrated to quality control data from
three puri�cation runs to estimate the model parameters, as described in
Chapter 4. To validate the accuracy of the model, the elution pro�les of
insulin and its two variants were simulated and compared to the
experimental data of the independent validation run (Figure 5.2b). �e
elution pro�le of insulin is well captured. �e peak maximum of

37



CHAPTER 5. NOVEL TOOLS BASED ON EXISTING MONITORING
AND MODELING APPROACHES TO MONITOR DOWNSTREAM

PROCESSING

Variant A is skewed while the peak base is well predicted. �e
experimental and modeled elution start and end of Variant B coincide
while its shoulder and main peak are partly underestimated.
�e goal of implementing mechanistic model-based monitoring is to take
pooling decisions which can be based on objective functions [102, 103].
Current practice when performing pooling decisions relies on extensive
and time-consuming o�-line quality control analytics. Furthermore,
safety margins are applied to the established pooling criteria. �is
assures that if variation occurs, the pooled product will still meet its
purity requirements but limits the product yield.
�e pooling decisions taken by the mechanistic model-based monitoring
tool are indicated in Figure 5.2b and compared to current practice
pooling. A yield increase of 4.7 % was revealed [83]. By relying on
mechanistic model-based monitoring, process downtime can potentially
be decreased, and the product yield can be increased while ensuring
product purity.

Chromatography can be a�ected by variation e.g. in bu�er compositions
or protein concentrations. Experimental variation might a�ect the
mechanistic model describing the system. �erefore, a sensitivity
analysis should be performed to identify how parameter uncertainty
in�uences the model response.
�e uncertainties of loading concentration of insulin, Variant A and
Variant B as well as the ethanol concentration in the equilibration and
elution bu�er were investigated. Furthermore, uncertainties in the �ow
rate, column length, and bed porosity were considered. �e investigated
parameters are referred to as Θ1−8 (Table 5.1). Variations of ± 1% of the
set values were investigated for each parameter. �e model response
e�ect when the parameters were varied, was compared to the model
response e�ect at set values. �e sum of squared error served as response
e�ect for the full factorial analysis.
�e response e�ect is higher at high level than at low level for the
parameters Θ1 and Θ6 (Figure 5.3). Reversely, the e�ect is higher at low
level than at high level for parameters Θ5, Θ7 and Θ8. For the
parameters Θ2 to Θ4 no change in e�ect was observed between high-
and low-level parameter se�ings. In other words, increased insulin
concentration and increased ethanol concentration in the elution bu�er
decrease the accuracy of the model. Also, lower ethanol concentration in
the equilibration bu�er, decreased column length and a lower bed
porosity contribute to model inaccuracy.
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Table 5.1: Parameters investigated for model sensitivity analysis.

Abbreviation Parameter Unit Set value

Θ1 Insulin loading concentration mol/m3 0.09
Θ2 Variant A loading concentration mol/m3 7.10x10−4

Θ3 Variant B loading concentration mol/m3 1.77x10−4

Θ4 Flow rate m3/s 2.17x10−8

Θ5 Ethanol concentration in equilibration bu�er w/w 0.08
Θ6 Ethanol concentration in elution bu�er w/w 0.54
Θ7 Column length m 232x10−3

Θ8 Bed porosity - 0.33

Figure 5.3: Main e�ect plots of parameters Θ1 to Θ8 with sum of squared error
as response e�ect.

�e main e�ects only provide information on each individual parameter.
But a combination of parameter uncertainties could impact the model as
well (Figure 5.4). Parameter interactions occur when the e�ect of one
parameter depends on the level of the other parameter [90]. Parameter
interactions were observed for parameter Θ1 interacting with Θ5, Θ6, Θ7

and Θ8. Furthermore, parameter Θ5 interacted with Θ6, Θ7 and Θ8.
Parameter Θ6 interacted with Θ7 and Θ8. Also, parameter interactions
were observed between the parameters Θ7 and Θ8. �e interaction
between parameter Θ6 and Θ7, namely ethanol concentration in elution
bu�er and column length, had by far the most impact on the model
(Figure 5.5). Further interactions with a considerable e�ect were between
parameters Θ5 and Θ7, ethanol concentration in equilibration bu�er and
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column length; between parameter Θ5 and Θ6, ethanol concentration in
equilibration and elution bu�er; as well as between Θ7 and Θ8, column
length and bed porosity. �ose interactions a�ected the model far more
than any individual parameter. �ird-order and higher-order interactions
were also investigated but did not display any signi�cant e�ect.

Figure 5.4: Two-parameter interaction plots between parameters Θ1 to Θ8. �e
response e�ect (sum of squared error) ranges from 70 to 85 unless otherwise
indicated.

�e most signi�cant interactions occurred when there was uncertainty in
the ethanol concentration of the equilibration and elution bu�er and the
column length. Column length might be considered as not changing over
time, but a reduction of column length was observed in this study a�er
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cleaning-in-place of the column. �ese �ndings are in agreement with
the results of Borg et al. [104] where the model was most sensitive to
uncertainty in the ethanol concentration of the elution bu�er of the
investigated parameters total protein concentration, ethanol
concentration and feed material purity.

Figure 5.5: Ranking of model response e�ects of main e�ects and two-parameter
interactions of the parameters Θ1 to Θ8.

�e sensitivity analysis of the model demonstrated that speci�c
parameters’ uncertainty has a more signi�cant impact on the model than
others. But one should keep in mind that only minor variations of the
parameters, in the margin of ± 1%, were investigated. Bigger variations
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may occur e.g. in the loading concentrations due to the nature of
biological systems. �erefore, the loading concentrations of the product
and variant were quanti�ed and provided to the mechanistic model for
each run.
To implement mechanistic model-based monitoring for the reversed
phase chromatography polishing step of insulin, the equilibration and
elution bu�er need to be prepared precisely. Furthermore, the column
length should be reevaluated a�er CIP.

Mechanistic models of the various chromatography systems, such as ion
exchange, hydrophobic interaction, and a�nity, have been extensively
published for process development [105–114]. Also, reversed phase
chromatography and the separation of insulin on RPC have been
modeled to evaluate column material, bu�ers and temperature e�ects
[115–117]. Usually, mechanistic models are calibrated to the UV
absorbance which needs to display a well-pronounced shoulder to model
the impurity [82, 118]. �e mechanistic model utilized here, models low
concentrated variants by calibrating the mechanistic model to quality
control analytics, instead of to the unspeci�c UV absorbance spectrum.
�e presented monitoring tool emphasizes using mechanistic models as
monitoring tools and relying on quality control data to predict variants
accurately. �e availability of mechanistic models of various
chromatographic systems should facilitate their implementation as
monitoring tools. Reliable analytical data needs to be available for the
product and more importantly its variants. For each new
chromatographic system, protein product, and additional variant of
interest, the model needs to be calibrated and validated.

5.2 PARAFAC-based multi-wavelength �uorescence
monitoring

�e PARAFAC-based multi-wavelength �uorescence spectroscopy
monitoring tool capitalizes on slight di�erences in the �uorescence of
product variants compared to the product. PARAFAC reveals those
�uorescence emission shi�s and by extending the model to a PARAFAC
regression model, quantitative information can be obtained.
For model calibration, the �uorescence spectra of the calibration data are
arranged in a multi-way data cube. Preprocessing is performed to remove
Raman and Rayleigh sca�ering. �e data is modeled by PARAFAC which
decomposes the data into scores, loadings and residuals (Figure 5.6).
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Figure 5.6: Concept of PARAFAC regression model.
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�e PARAFAC model is established by comparing the emission and
excitation mode loadings to single wavelength experiments of the
analytes. �e explained variance is considered as well as the core
consistency and split-half analysis to establish the correct number of
components. �e scores of the PARAFAC model serve as the input of the
regression model together with the reference concentration data to
determine the regression coe�cient. Once the regression coe�cient has
been determined, concentrations can be predicted.
For the validation of the model, independent data are generated which
are preprocessed and modeled by the established PARAFAC model. �e
obtained scores are then further processed by the previously generated
regression model to obtain the predicted concentrations of the validation
data. By comparing the predicted concentrations to the actual ones,
model error (RMSEC and RMSEP), as well as model �t and predictability
can be evaluated.
�is monitoring tool was �rst developed for an IgG protein test system
where immunoglobulin A (IgA) represented an IgG dimer (Paper III).
A�er successfully developing the monitoring tool for the test system, its
adaption to monitor the chromatographic column outlets of three
consecutive chromatography steps of an IgG puri�cation allowed the
evaluation of the monitoring tool for the real system (Figure 5.7).

Figure 5.7: Development of PARAFAC-based �uorescence spectroscopy
monitoring tool, �rst for a test system and then for chromatography system.
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�e transferability of the monitoring tool was investigated by adapting
the methodology from monitoring IgG and its aggregates to monitoring
factor VIII, EPO, human growth hormone (Figure 5.8) and their
respective variants (Paper IV). �e methodology can be adapted to
various proteins when the local environment of the tryptophan residues
is a�ected upon variant formation. �is change in the local tryptophan
environment leading to �uorescence emission shi�s is a requirement of
the methodology. When the local environment of tryptophan is not
a�ected in the product variant, as was the case for human growth
hormone, the methodology could not be transferred.

Figure 5.8: Protein structures with highlighted tryptophan residues of the
investigated biopharmaceuticals. �e structures were obtained from the RCSB
data bank [119–122] and visualized with PyMOL Molecular Graphics System
(Version 2.0, Schrödinger, LLC, NY, USA).

When adapting the monitoring tool from a test system to the real system,
the lack of availability of pure variant has to be considered. �e IgG test
system included pure monomeric product and IgA as a representation for
dimeric IgG. In the IgG a�nity system, the factor VIII and EPO test
system only pure monomer and samples containing both monomer and
variant were available but not solely product variants. Comparing the
IgG test system to the IgG a�nity system as well as the factor VIII and
EPO test system, PARAFAC was capable to identify the underlying
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components, independent of the presence of pure aggregate forms
(Figure 5.9). But comparing the regression model of the monomer of each
system, more sca�ering occurred in the IgG a�nity system, the factor
VIII and the EPO test system than in the IgG/ IgA test system. �e
goodness of �t R2 = 0.99 for the monomer in the IgG/ IgA test system and
was 0.95 for the IgG a�nity chromatography, the factor VIII and EPO
test system, respectively (Table 5.2). �e RMSEC of the monomer in the
IgG test system is signi�cantly smaller compared to the a�nity
chromatography system which also can be due to the smaller
concentration range covered by the IgG test system. �e concentration
range of the variant is similar for each system. Increased sca�ering is
observed in the systems where no pure aggregates were included (IgG
a�nity, factor VIII and EPO test system) (Figure 5.9). For the variant, the
R2 is 0.99, 0.83, 0.74 and 0.23 for the IgG test, the IgG a�nity, the factor
VIII and EPO test system, respectively. �e RMSEC of the variant is
highest for the EPO test system and lowest for the IgG/IgA test system.
�erefore, the best �t and lowest model error of a product variant were
obtained when samples solely consisting of product variants were
included for model calibration.
PARAFAC itself identi�ed underlying components, even at low
concentrations, from pure monomer and sample mixtures. But the
regression model could bene�t from including pure variant samples if
those can be generated su�ciently.

While the PARAFAC-based monitoring tool was implemented into an
actual IgG puri�cation process, the approach was developed only for the
test system of factor VIII and EPO. �e next step (Figure 5.7) would be to
implement the approach into the downstream process of factor VIII and
EPO where a wide concentration range should be covered, and pure
variants might be generated to improve the regression model.
Subsequently, pooling decisions of PARAFAC-based �uorescence
monitoring could be compared to current practice pooling decisions to
show the full potential of this monitoring tool.
Fluorescence spectroscopy has been used extensively in USP, e.g. to
monitor biomass [47]. Also, the PARAFAC algorithm has been
implemented for USP monitoring [123–127]. While the potential of
�uorescence spectroscopy has been recognized for DSP monitoring [48],
examples are rare [64, 128, 129]. For chromatography, PARAFAC has
been used for handling retention shi�s [130] or overlapping peaks [131].
In this thesis, PARAFAC is used to analyze �uorescence spectra of
product variants for downstream process monitoring.
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Figure 5.9: Comparison of PARAFAC emission mode loadings and regression
models for monomer and variant of the IgG/ IgA test system, the IgG a�nity
chromatography system, the factor VIII and EPO test system. Component 1
(dashed line), component 2 (dashed-do�ed line), calibration data (open circles),
validation data (�lled triangles).

Table 5.2: Comparison of IgG/ IgA test system, IgG a�nity chromatography
system, factor VIII and EPO test system regarding the goodness of �t (R2) of
the calibration data and the root mean square error (RMSEC) for monomer and
variant.

R2 RMSEC [µM]
Monomer Variant Monomer Variant

IgG/IgA test system 0.99 0.99 0.016 0.009
IgG a�nity system 0.95 0.83 0.685 0.020
Factor VIII test system 0.95 0.74 0.640 0.013
EPO test system 0.95 0.23 0.012 0.045
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5.3 A comparison of the developed monitoring tools

�e two monitoring tools established in this thesis were developed for
product variants that are of importance as a�ributes of interest in
bioprocesses. Each monitoring tool was developed for a di�erent
biopharmaceutical and their respective variants. �e mechanistic
model-based monitoring tool focused on insulin and two of its variants
for monitoring of a reversed phase chromatography polishing step. �e
PARAFAC-based �uorescence spectroscopy monitoring tool was
developed for the antibody IgG and its aggregates and subsequently, for
factor VIII and EPO as well.
Even though both monitoring tools rely on di�erent approaches,
mechanistic and data-driven modeling, the monitoring tools can be
compared regarding their performance (Table 5.3) as illustrated in
Paper I. Both monitoring tools are of high biological relevance since both
monitor product variants which are important and di�cult to separate in
biopharmaceutical downstream processing. �e sensitivity of the
mechanistic model-based monitoring tool is evaluated as higher than the
PARAFAC-based �uorescence spectroscopy monitoring tool. Because the
mechanistic model-based monitoring tool distinguishes between two
di�erent variants it also has a higher selectivity. Ways of improving the
regression model of the PARAFAC-based monitoring tool have been
discussed, but since not yet addressed, resulting in medium model
accuracy. �e accuracy of the mechanistic model-based monitoring tool
is also evaluated as medium due to the model sensitivity toward
uncertainty in the ethanol concentration of the bu�ers and column
length.
To implement PARAFAC-based �uorescence spectroscopy monitoring, a
multi-wavelength �uorescence spectrometer and an HPLC setup are
required as well as so�ware such as MATLAB (MathWorks, USA) with a
toolbox containing PARAFAC. All of those are commercially available
and user-friendly, making this monitoring tool ready for industrial
practice. While there is modeling so�ware available, those were not used
to model the insulin reversed phase chromatography polishing step,
making the development very time consuming and displaying lower
user-friendliness. �e computation time of the mechanistic model
amounted to 15 seconds which makes it highly suitable to meet the so�
sensor demands. �e �uorescence spectral acquisition time of the
PARAFAC-based monitoring tool was 5 minutes for only one sample.
�is analysis time would need to be signi�cantly reduced to be feasible
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for a so� sensor setup, but the monitoring tool can be easily used for
at-line monitoring. �e amount of data required to calibrate the
mechanistic model parameters was only a few experiments while the
data-driven approach bene�ts from large datasets. Mechanistic
model-based monitoring was used to establish pooling decisions that
performed be�er than current practice but this was not evaluated for the
PARAFAC-based monitoring tool. Similarly, the transferability of the
methodology was only evaluated for PARAFAC-based �uorescence
spectroscopy which indicates future work.

Table 5.3: A critical comparison of the developed monitoring tools regarding
their characteristics, performance, and criteria, according to the author’s
experience.

Characteristics, performance,
criteria

Mechanistic
model-based
monitoring tool

PARAFAC-based
�uorescence
monitoring tool

Product Insulin IgG
Variants 2 insulin variants Aggregates
Chromatography step RPC A�nity, AEX, CEX
Biological relevance +++ +++
Sensitivity +++ ++
Selectivity +++ ++
Response time +++ ++
Accuracy ++ ++
Reproducibility n.d. n.d.
Readiness for industrial practice ++ +++
Suitability as so� sensor +++ +
Instrumentation required HPLC HPLC, multi-wavelength

�uorescence spectrometer
Model required Mechanistic model of

RPC
PARAFAC, linear
regression

Computation/ measurement time 15 s 5 min
Data amount + +++
Model user-friendliness + +++
Time investment for
development

+++ ++

Pooling performance compared
to current practice

+++ n.d.

Transferability n.d. +++

+ low; ++ medium; +++ high
n.d. - not determined
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In comparison, the mechanistic model-based monitoring tool showed a
be�er performance than the PARAFAC-based �uorescence spectroscopy
monitoring tool, but on the other hand, is also more time-consuming to
develop than the la�er.
For both monitoring tools, their advantages, drawbacks, as well as
possible improvements were identi�ed. Ultimately, the decision of what
monitoring tool to choose will depend on the biopharmaceutical of
interest and the intended use.
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Chapter 6

Conclusion and outlook

�e main objective of this thesis is to enhance monitoring of
biopharmaceutical downstream processing. �e advantages of
monitoring in downstream processing are discussed and critical
a�ributes to monitor are highlighted. Further, analytical techniques that
could be incorporated into monitoring tools are evaluated.
Product variants are identi�ed as a�ributes of interest in this study. With
these a�ributes in mind, monitoring tools and methodologies are
developed based on existing monitoring and modeling approaches to be
applicable for the biopharmaceutical industry.
For monitoring tools to be interesting to industry, valuable additional
information should be provided, and real process improvements should
be demonstrated. Methodologies applicable to various processes and
di�erent biopharmaceuticals might be desirable.
Di�erent modeling approaches were utilized in this study, in particular,
mechanistic and data-driven models. By modeling the process itself or
data describing the process, understanding can be increased if the model
accurately describes the relevant information of the process.
Two monitoring tools for chromatography were developed within this
study to predict product variants of biopharmaceuticals. One utilized a
mechanistic model describing reversed phase chromatography and by
calibrating the model to quality control data instead of the unspeci�c UV
absorbance, insulin and insulin variants were predicted. Product yield
improvements were demonstrated when comparing the mechanistic
model-based monitoring tool to current practice.
�e second monitoring tool utilized the monitoring technique
multi-wavelength �uorescence spectroscopy combined with parallel
factor analysis regression. �is monitoring tool was developed for
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monitoring aggregates in an antibody downstream process. �e
methodology was transferred to two additional biopharmaceuticals
addressing the issue of developing more generic methodologies that
demonstrate broader usefulness.

In future work, the mechanistic model-based monitoring tool could be
extended to include additional variants, experimental errors causing
model parameter uncertainty and model errors should be further studied
to set up robust pooling decisions. �e transferability to other
chromatographic steps and biopharmaceuticals could be investigated.
�e data-driven approach would bene�t from being adapted to industrial
material of monoclonal antibodies, factor VIII and EPO. �e regression
model could be improved by including pure product variants and by
covering a wide concentration range which would also allow assessing
the linearity of the methodology. While the methodology provides
additional information, the following step should be to evaluate process
improvement by taking process decisions established by
PARAFAC-based multi-wavelength �uorescence monitoring in
comparison to current practice. To implement this methodology at a
chromatography outlet, the analysis time needs to be reduced
signi�cantly and an on-line setup developed.
�ose monitoring tools were developed at lab-scale, even though
industrial material was used in one of the cases. When implementing
monitoring tools into industrial se�ings, rigorous testing, quali�cation,
extended validation, and veri�cation are required.
Monitoring tools can support di�erent phases of biopharmaceuticals’
lifespan. In the process development phase at lab-scale and during
scale-up, the additional information provided by the monitoring tools
can be used to optimize the process and increase process understanding.
At the later stage of manufacturing, the additional information can be
used for troubleshooting. When monitoring tools are permanently
installed, process control can be enabled.
Monitoring tools can be applied as part of process analytical technology
to enable �ality by Design and thereby increase process understanding,
take process decisions, enable process control as well as allowing for
continuous improvements. While this thesis focused on the
biopharmaceutical industry, the monitoring tools described could also be
applicable in other areas involving protein or virus puri�cation or e.g.
chemical process industries.
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With the capability to distinguish between product and product variant,
the developed monitoring tools, based on mechanistic and data-driven
modeling approaches, are stepping stones to face the current challenges
of the biopharmaceutical industry.
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