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Abstract

The biopharmaceutical industry has long relied on the work of microbiologists to per-

form labour intensive experiments in bioprocess development. Real time information

on the specific dynamics of each experiment would represent a major breakthrough

in understanding bioprocesses. This would lead to higher productivity, shortened de-

velopment cycles, ultimately resulting in cheaper drugs reaching the clinic faster with

potentially improved safety and efficacy.

The purpose of this thesis is to expedite the biopharmaceutical development by

combining automation and near infrared spectroscopy in the early stages of bioprocess

development. It develops the first automated spectroscopic system for automated small-

volume bioreactors. After describing the hardware, software, optimization and testing

of this new tool, various advantages and challenges that come with such system are

discussed.

The advantages of automation when put to use into spectroscopy are quickly ap-

parent. The automated approach can collect a - highly replicable - calibration dataset

six times faster than the traditional approach, eliminating human error. Multivariate

data analysis, including PCA and PLS, proved that valid real time measurements of

analytes of interest in the fermentation media can be obtained.

The use of the developed models for extrapolation showed limited success. Better

results were obtained when an endogenous calibration dataset was prepared through

means of automation. This exercise allowed the identification of critical success areas

for developing a spectroscopy-based measuring system for small automated bioreactors.

In the end, a roadmap for future implementation of an automated NIR system is

provided that summarises the key lessons drawn from this thesis.
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Chapter 1. Introduction

The global biopharmaceutical market continues to increase, and its value might

reach more than $500 billion by the year 2025 (Deloitte, 2018). Biopharmaceuticals

are revolutionary therapies, but they are also the most complex to develop and manu-

facture. They are obtained through bioprocesses, i.e. the culture of biological systems

such as bacteria, yeasts or mammalian cell lines. Due to the highly sensitive nature of

the cells, their physiology varies with culture conditions in the bioreactor.

The industry has long depended on the work of microbiologists to perform exhaus-

tive experiments involved in bioprocess development. During its development, and to

reach a feasible process, microbiologists must run a large number of experiments. Due

to their dynamic nature, bioprocesses need to be closely monitored. However, to date,

only process variables, such as pH and oxygen levels, are routinely measured online, i.e.

in real time. The availability of real-time information could represent a significant step

in the bioprocessing industry, as a deeper knowledge of the bioprocess would result in

cheaper drugs reaching the clinic faster.

Industry is in continuous demand for new and improved technologies to reduce costs

and increase efficiency. Process Analytical technology (PAT), firstly conceptualised by

the FDA in 2004 in a Guidance for Industry, was one of these new tools. In this doc-

ument, the FDA considers PAT as ”a system for designing, analyzing, and controlling

manufacturing through timely measurements (i.e., during processing) of critical qual-

ity and performance attributes of raw and in-process materials and processes, with the

goal of ensuring final product quality” (FDA, 2004, p4). It also encouraged the phar-

maceutical industry to pursue the implementation of this type of tools as they should

allow for monitoring and control of the process, while maintaining high product quality

during manufacturing operations. The ongoing trend of ”more automation, monitoring

and process control” (BioPlan, 2017) is more relevant than ever and provides fertile

ground for PAT to develop further.

The growing interest in automated single-use systems in Biopharma is one example

of this. Likewise, continuous manufacturing might enter the world of bioprocessing

and Process Analytical Technology (PAT) solutions might see further development

and investment in its implementation because they are essential in these developing
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technologies.

In an age of ever-increasing automation, ”Industry 4.0” is now on the horizon, man-

ual errors and variability can be greatly reduced in Pharmaceutical Industry. Tests in

laboratory environments have been responsible for an increase in productivity between

30 to 40 percent, while a full range of improvements could lead to reduction of overall

quality-costs in more than 50 percent (Makarova et al., 2019). In combination with the

digitalisation required in Industry 4.0, prevention of major compliance issues can worth

millions in cost savings while reducing the quality control lead times by 60 to 70 percent

to eventually, real time releases. Tools such as the Ambr® systems from Sartorius Ste-

dim have been in increasing demand in the biotechnology industry. These automated

single-use bioreactor systems deal with volumes in a highly accurate, reproducible,

and sterile manner (Xu et al., 2017). Design of Experiments (DoE) methodologies, as

advised on ICH guideline Q11 FDA (2012), are also efficiently followed.

The routine operation of spectroscopy (such as NIR) could also benefit from this

wave of automation. The concretisation of spectroscopy in automated single-use minia-

turized bioreactors and PAT would represent a major breakthrough in bioprocess de-

velopment. The information generated by PAT will improve safety and efficiency, while

the use of automation will drastically reduce the ’time-to-market’, ultimately result-

ing in cheaper drugs. In addition, the fusion of PAT, automation and bioreactors

(e.g., Ambr®), can allow the end-users of Ambr® systems (R&D scientists) to ob-

tain real-time information about the metabolites in the medium, without knowledge on

chemometrics. This would critically depend on the development of new data analysis

methodologies.

The purpose of this thesis is to expedite the biopharmaceutical development using

spectroscopic methods in early stages of development. The abilities of spectroscopy

such as Near Infrared (NIR) on monitoring valuable components of a bioprocess have

long been proven. However, there are still hurdles for its adoption and particularly its

implementation into early stages of bioprocess development.

Through the use of automation, novel methodologies for the routine use of NIR

in such bioreactors can be investigated and subsequently employed. The challenges of
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such implementation are threefold: calibration, integration and cost.

Calibration is the first step involved in the application of NIR measurements. For

the specific case of bioprocesses, known data is used to determine the relationship

between the observed spectral variation and the corresponding levels of relevant com-

ponents, i.e. analytes, in the media inside the bioreactor. Once the bioprocess is fully

developed, it is then largely consistent and reproducible and thus calibration method-

ology is straightforward, and it varies around a central point. On the contrary, at early

stages of bioprocess development many experiments need to be conducted to define the

best culture conditions or to select the best clone. Hence a response to this challenge

is to develop approaches that do not rely on processes already established, but in-

stead solutions that function across a range of conditions without extensive calibration

methods.

For the integration of NIR in the automated bioreactors the challenges lie in the

approach used for the type of configuration with the constraints of small-volume vessels

and space available for instrumentation.

Lastly, the cost challenge is one of economies of scale. Currently, only certain phar-

maceutical companies with sufficient output are able to employ spectroscopy profitably.

To change this reality, less expensive instruments need to be produced to also be used

in small volume. To apply this type of instruments, the challenge lies in analysing

degraded data through improved chemometrics.

Commercial deployment of NIRS based solutions depends upon the capacity to

be confident in the measurements derived from NIRS, and the applicability of NIRS

across a broad analyte range. A much better understanding of how different sources of

variability impact upon the spectra is required. This in turn will affect the ability of

the constructed models to better predict analyte levels.

This thesis aims to propose the appropriate strategy for integration of NIR measure-

ments in the early stages of bioprocess development into small, automated bioreactor

systems, in a cost effective and reproducible manner. This would represent the first

tool that unlocks the full potential of spectroscopy to the use of biopharma.

In doing so, this thesis identifies and aims to tackle various challenges, e.g. related
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to dealing with various sources of variability, constructing valid models for analyte de-

termination, choice of the appropriate instrument, the hardware development, method-

ology and consequent analysis. These challenges are apparent in the build-up of this

thesis, which is as follows:

� Chapter 2 Literature Review discusses the related literature on the topics of bio-

processing, spectroscopic methods and chemometrics. It provides further back-

ground on how current technological developments in the pharmaceutical industry

provide fertile ground for revolutionary methodologies such as the implementation

of NIR in the early stages of bioprocess development.

� Chapter 3 Characterization of the Fermentation Matrix by NIR Spectroscopy gives

a background on sources of variability in NIR measurements from fermentation

matrices and uses data collected through the use of two different instruments.

� Chapter 4 Symbiosis of Automation and NIR Spectroscopy discusses sources of

variability when the sample is delivered to a NIR instrument in an automated

manner. The predictive capability of the developed prototype is tested through

an extensive exploratory data analysis. It concludes on the synergistic benefits

of combining an automated system with NIR measurements.

� Chapter 5 Realisation of NIR in Automated Bioreactor Systems tests the mod-

els developed in Chapter 4 in the context of samples collected from the Ambr

automated bioreactors. This chapter culminates in a roadmap for the final im-

plementation of NIR into these bioreactors.

� Chapter 6 Conclusions and Latest Developments reviews the lessons of the previ-

ous chapters and finishes with a look at the latest developments, as the prototype

developed in Chapter 4 became a reality and it is now an available commercial

tool.

In the end, this thesis aims to contribute to the further implementation of PAT in

the biopharmaceutical industry.
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2.1 Introduction

Biopharmaceuticals are the class of drugs produced by biological organisms for treating

or preventing diseases or for diagnostic purposes. In 2012, the biopharmaceuticals world

market already represented more than $145 billion in sales (Coggins et al., 2012). By

2024, biopharmaceuticals should represent half of the pharmaceutical market amount-

ing to US$178 billion (Reh, 2020).

The majority of the approved biopharmaceuticals for therapeutic applications are

proteins that have been produced by different cell factories (expression systems) by

means of recombinant DNA technology (Berlec and Strukelj, 2013; Walsh, 2010). In

most cases, they are used to compensate a deficiency or lack of body proteins relevant for

the normal functioning of the organism. There are different biopharmaceutical types:

blood factors, thrombolytics and anticoagulants, hormones, enzymes, growth factors,

interferons and interleukins, vaccines and monoclonal antibodies (Walsh, 2010). Due to

these recombinant therapeutic proteins, innovative and effective therapies for numerous

previously refractory illnesses are today being provided and treatments are currently

available for diseases ranging from cancers to infertility (Jayapal et al., 2007).

Despite being the most potent type of drugs ever developed, biopharmaceuticals

also constitute the most complex and expensive ones to manufacture. The cost of the

product development stage alone can be estimated as approximately 30 to 35% of the

total cost of developing a new drug (Suresh and Basu, 2008). Any time reduction

in the development stage of biopharmaceuticals will therefore have a major impact

on the drug economics (Walsh, 2014). For this to happen, the understanding of the

protein expression system’s metabolism throughout the upstream phase needs to be

enhanced. Even though fermentation technology has made advances in recent years,

there is considerable room to improve our ability to understand and control in real

time the metabolism of cell culture systems (Henriques et al., 2009). This could have

a major impact in the bioprocessing industry, improving productivity and shortening

development cycles, leading to cheaper drugs reaching the clinic faster with potentially

improved safety and efficacy (Fazenda et al., 2013).
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Successful operation of a bioprocess depends on measuring culture conditions and

the response of the organism to these conditions. A wide range of chemical parameters

modulate cell physiology but few are routinely measured on-line such as temperature,

pressure, dissolved oxygen, pH, stirring speed, and gas and liquid flow rates, which

are commonly referred to as process variables (Schügerl, 2001). Real-time monitoring

sensors for bioreactors are ideally fast response, sensitive, specific, non-destructive and

robust (Classen et al., 2017). These should generate multi-analyte data without ana-

lyte consumption, not require sampling, not interfere with culture metabolism and be

resistant (Vojinović et al., 2006).

The interaction between molecular bonds and electromagnetic waves can be de-

tected and give useful information. Specifically for bioprocess monitoring and control,

these spectroscopic sensors are typically in the spectral ranges from UV to MIR, which

also includes Raman and fluorescence spectroscopy. Each spectral technique excites

different molecule types. UV/Vis, NIR, and MIR spectroscopy primarily provide mea-

surement of the light absorption of molecules, as well as their light scattering. Flu-

orescence spectroscopy uses the light emitted from excited fluorophores, and Raman

spectroscopy uses rare inelastic scattering effects. Using the whole spectrum makes

nearly all important physical, biological, and chemical variables of a bioprocess acces-

sible by spectroscopy. However, despite the improved performance and reliability of

these kind of sensors, most are still highly priced and come with high maintenance

requirements (Simon et al., 2015). For these reasons, their applicability to monitoring

bioprocesses faces many challenges.

The first step of bioprocess development is to determine the most adequate expres-

sion system to be used. The most commonly used expression systems are bacteria,

yeasts, and mammalian cells (Berlec and Strukelj, 2013). However, insect cells (such as

Spodoptera and Trichoplusia), algae and fungal cells are also available. The selection of

the most appropriate system is based on the best trade-off between the manipulation

(cultivation) of the organism and the obtained quality and quantity of product. Thus,

extended knowledge about the expression systems physiology is essential for its ade-

quate cultivation, to which follows further purification of the pharmaceutical product.
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The sustained growth of the biopharmaceutical market stimulates the investment

in developing tools for a deeper understanding of the bioprocess (Classen et al., 2017).

PAT (Process Analytical Technology) is a concept introduced by the Food and Drug

Administration (FDA) to increase the efficiency and control of the production of phar-

maceuticals (FDA 2004). Spectroscopic methods can be ideal for process monitoring as

they are non-invasive, non-destructive, can be implemented in different configurations

and give (potentially real-time) information about several variables. The complexity

of biological molecules and processes create big challenges in the application of PAT

to biopharmaceutical manufacturing. However, the number and diversity of studies on

the topic should guarantee its successful application (Hong et al., 2018).

This chapter is structured as follows: expression systems are reviewed, spectroscopic

methods are discussed, chemometric methods are presented and sources of variability

are approached.

2.2 Expression Systems

2.2.1 Escherichia coli

Escherichia coli (E. coli) strains are one of the most commonly used industrial bacteria

for fermentation processes and they can be grown to high cell densities (up to 190 g/L

dry cell mass) through aerobic cultivations (Nakano et al., 1997).

E. coli is the least demanding expression system since it is cheap and simple, and

possibly the most studied organism, which makes its physiology very well known (Berlec

and Strukelj, 2013). Moreover, process fluids for E. coli are of low viscosity and behave

in a Newtonian fashion, thus being optically simpler than, for example, filamentous

cultures (Scarff et al. 2006). The drawbacks of this system are related to not being

an eukaryotic one and thus not executing the appropriate protein folding and other

post-translational modifications (Berlec and Strukelj, 2013).

E. coli has been employed to produce industrial enzymes (e.g. rennin, amylases,

proteases and cellulases) but also therapeutic proteins (e.g. filgrastim, insulin, growth

hormones, and interferons) (Eiteman and Altman, 2006).
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2.2.1.1 Physiology

There are different environments where E. coli can be grown. In an anaerobic environ-

ment E. coli can still extract energy from substrates through fermentation (Iuchi and

Weiner, 1996).

In E. coli, recombinant proteins are often expressed in the bacterial cytoplasm but

they can be directed to other compartments such as the periplasm or, more rarely,

secreted to the growth medium (Berlec and Strukelj, 2013). Different approaches for

recombinant protein expression are necessary for each location.

High-cell density cultures are able to provide high concentrations of producing cells

and thus high production of the protein of interest. Furthermore, these systems are

cost-effective and environmentally friendly (Berlec and Strukelj, 2013). In order to

achieve high concentrations levels, the growth medium composition has to be controlled

to prevent unwanted metabolic effects, which requires real time process control (Berlec

and Strukelj, 2013; Scarff et al., 2006). However, these high cell density systems can lead

to filamentation, having an impact in the viscosity of the liquid phase, which implies

vigorously aerated and agitated systems at industrial scale and, therefore, constituting

a highly challenging area for spectroscopic applications (Berlec and Strukelj, 2013).

2.2.1.2 Cultivation Process

E. coli can be grown in different modes: batch, fed-batch and continuous-fermentation

(Berlec and Strukelj, 2013). The nutrient feeding strategy during a fed phase is crucial

for high cell density cultures. Different feeding strategies include a constant feed rate,

an increased feed or an exponential feeding profile (Choi et al., 2006).

2.2.1.3 Process Monitoring

The primary analytes that should be monitored in order to obtain an understanding of

metabolic state of E. coli fermentations are the carbon source (glucose, glycerol) and

potentially toxic by-products (such as ammonium, and acetic acid concentrations). In a

batch medium, the nitrogen source is usually an ammonium salt and/or as ammonium
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hydroxide when in a feed. It is possible to obtain faster growth rates on ammonium

than on most amino acids with the exception of glutamine (Macaloney et al. 1997).

However, it has been shown that ammonium ion can inhibit E. coli growth when present

in concentrations larger than 170 mM (Thompson et al., 1985).

Acetic acid is a common by-product in E. coli processes that reduces the biomass

yielded from carbon source, as well as the growth rate. Ultimately this leads to lower

product synthesis (Pan et al., 1987; Bech Jensen and Carlsen, 1990).

2.2.2 Yeasts

Yeasts are eukaryotic cells that are widely used for the expression of several proteins in

vaccine and pharmaceutical production. The mechanism of protein expression in these

microorganisms is close to the ones in mammalian cells. Compared with bacteria,

yeast cells have significant advantages including growth speed, post-translational mod-

ification, secretory expression, and easy genetic manipulation. Furthermore, linearized

foreign DNA can be inserted in a chromosome in high efficiency via cross recombina-

tion phenomena to generate stable cell lines (Daly & Hearn, 2005). Yeasts are able to

produce high yields of proteins at low cost. They are able to produce proteins larger

than 50 kDa, remove signal sequences and perform glycosylation (Sekhon, 2010). The

most used yeasts are Saccharomyces cerevisiae and Pichia pastoris.

2.2.2.1 Saccharomyces Cerevisiae

S.cerevisiae is a known expression system. It can be grown in low cost media and

involves simple genetic manipulation. It also brings the advantages of being an eukary-

ote: S.cerevisiae is able to do proteolytic processing, folding, disulphide bond forma-

tion, and post translational modifications without carboxylation. Since it has been a

part of the human diet for centuries, this yeast is accepted as ”generally recognized as

safe”(GRAS), which facilitates regulation procedures. Saccharomyces cerevisiae is used

in the manufacture of hepatitis B and human papillomavirus vaccines, both of which

produce a protective immune response against wild-type viruses (Karbalaei et al., 2020).

Regarding its disadvantages, S.cerevisiae is unable to reach high cell densities and
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exhibits limited secretion and irregular glycosylation (Berlec and Strukelj, 2013).

Instead of concentrating in a single protein or group of proteins, future studies

on this yeast will rely on an ’omics approach (genome-, proteome-, transcriptome-,

and/or metabolome- wide information) (Berlec and Strukelj, 2013).). High-throughput

screening is already used to analyse cDNA over-expression libraries to identify, which

gene may contribute to secretion of the biopharmaceuticals (Wentz and Shusta, 2007).

2.2.2.2 Pichia pastoris

Pichia pastoris (P. pastoris; syn.Komagataella phaffii) is an effective and versatile

expression system used in the biopharmaceutical industry. More than 500 heterologous

proteins have been expressed in P.pastoris which is licensed to more than 160 companies

(Julien, 2006). It can synthesize proteins at high levels and achieve very high cell

densities (>130 g/L), (Cereghino and Cregg, 2000; Berlec and Strukelj, 2013) and

secrete the recombinant proteins, making the purification easier. P.pastoris is also

able to perform post-translational modifications such as glycosylation, formation of

disulphide bonds and proteolytic processing (Karbalaei et al., 2020).

This species exhibits many of the advantages normally associated with Escherichia

coli expression systems (Morton and Potter, 2000) while overcoming many of the de-

ficiencies associated with Saccharomyces cerevisiae systems. P.pastoris shows shorter

and less immunogenic glycans, higher density cell growth and higher secreted protein

yields than S. cerevisiae (Tran et al., 2017). Overall the main advantage of P.pastoris

is the availability of engineered strains capable to perform humanized glycosylation, its

better protein secretion efficiency, the high biomass yield and the existence of promot-

ers such as pAOX1, which enables a tightly controlled methanol–inducible transgene

expression (Niu et al., 2013).

Prior to humanized strains being developed, biopharmaceuticals produced by P.pastoris

were already in the market. They were either not glycosylated (human serum albu-

min) or the glycosylation needed were just to attribute the proper folding (e.g. sev-

eral vaccines). The availability of P.pastoris strains with human-type N-glycosylation

constituted a major breakthrough (De Schutter et al., 2009). Up to that date, only
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mammalian hosts could be used to produce proteins with humanlike N-glycosylation

(Hamilton et al., 2006). However, as protein expression systems, yeasts present many

advantages over mammalian cells, such as higher recombinant protein titers, shorter

fermentation times, the ability to grow in chemically defined media instead of a complex

one and, finally, they are also easier to manipulate (Hamilton et al., 2006; Macauley-

Patrick et al., 2005). With these engineered strains, it is possible to obtain the correct

glycosylation with the advantages of using yeast as expression system.

Some obstacles arise in P.pastoris application to large-scale such as the cost of

downstream purification, the fact that certain recombinant proteins suffer proteolytic

degradation, and the storage and handling of large amounts of methanol (Potvin et al.,

2012).

2.2.2.2.1 Physiology

Methanol Metabolism

P.pastoris is a methylotrophic yeast, therefore it can be grown with methanol as

the unique source of carbon and energy, as shown first by (Ogata et al., 1969). The first

step of methanol utilisation pathway (Figure 2.1) of all methylotrophic microorganisms

is catalysed by the enzyme alcohol oxidase (AOX) (Schenk et al., 2007). AOX has

a poor affinity for oxygen and so must be expressed at high levels by the cell: this

enzyme accounts for up to 35% of the total cell proteins and it is undetectable in cells

that grow on glucose, ethanol or glycerol (Sreekrishna et al., 1997). This specificity

and high levels have been exploited to express foreign proteins in P.pastoris, through

isolation of the gene and promoter for AOX (Schenk et al., 2007).

As shown in Figure 2.1, the first step in the methanol pathway (MUT) that takes

place in the peroxisome, is the oxidation of methanol to formaldehyde and hydrogen

peroxide. The enzymes AOX and catalase, which degrades hydrogen peroxide to oxygen

and water, are located within the peroxisome. A portion of the generated formaldehyde

leaves the peroxisome and further oxidized to formic acid and carbon dioxide by two

cytoplasmic dehydrogenases. These reactions are the source of energy for cells that

grow on methanol.
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The formaldehyde remaining in the peroxisome is assimilated to form cellular con-

stituents by a cyclic pathway that starts with a reaction catalysed by the enzyme

dihydroxyacetone synthase (DHAS).

Figure 2.1: The methanol pathway (MUT) in Pichia pastoris. 1-alcohol oxidase (AOX);
2 – catalase; 3 – formaldehyde dehydrogenase; 4 – formate dehydrogenase; 5 – dihydrox-
yacetone synthase (DHAS); 6 – dihydroxyacetone kinase; 7 – fructose 1,6-biphosphate
aldolase; 8 – fructose 1,6-bisphosphatase. From Cereghino and Cregg (2000).

Other Promoters

The glyceraldehyde 3-phosphate dehydrogenase (GAP) promoter (pGAP) can also

be used to express heterologous proteins (Cos et al., 2006). However, this promoter

is constitutively expressed which means that it constitutes an option only for proteins

that are not toxic for the cell (Cereghino and Cregg, 2000).

The activity levels of the GAP promoter are higher with glucose than glycerol (one-

third less) or methanol (two-thirds less) (Cereghino and Cregg, 2000). With this system

there is no need to use methanol for induction, or to shift cultures from one carbon

source to another; biomass and protein synthesis just occur simultaneously and they

are directly correlated to pGAP-regulated gene dosage (Potvin et al., 2012).
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2.2.2.2.2 Cultivation Processes

Usually, P.pastoris is grown in fed-batch mode instead of continuous cultivations in

order to achieve high cell densities and to be easier to control. When pAOX1-regulated

strains are used the cultivation is commonly divided into three phases: a glycerol batch

and fed-batch stages, and a methanol induction phase.

The batch phase permits the consumption of the carbon source to reach the right

level of biomass as fast as possible before the expression of heterologous protein. Usually

the growth substrate is glycerol since growth rates on glycerol are higher than on

methanol (Potvin et al., 2012). The duration of this stage is approximately 24 hours

and it starts with a concentration about 40 g/L of glycerol (Cos et al., 2006).

The second stage is a glycerol fed-batch and starts when the initial glycerol of the

batch phase is consumed. This is detected by a sharp increase in the dissolved oxygen.

The goal of this phase is to increase biomass levels and to de-repress the AOX1 promoter

by not having an excess of glycerol. There are different approaches to the feeding mode:

at a constant rate of glycerol or an exponential one (Cos et al., 2006). The length of

this phase depends on the desired biomass concentration prior to methanol induction

(Potvin et al. 2012).

Finally, methanol is fed to induce expression of the recombinant protein. Methanol

then functions both as carbon source and as pAOX1 inducer (Potvin et al., 2012).

Scale-up constraints

High amounts of heat are generated when methanol is metabolized, due to its heat

of combustion (-727 kJ·C-mol−1). This constitutes a challenge for large scale processes

(Jungo et al., 2007; Niu et al., 2013). It creates the need of rapid and efficient heat

dissipation, which is not trivial in a large bioreactor where the ratio of surface area to

volume is small. If the fermenter temperature increases, it affects the productivity and

quality of the recombinant protein (Jungo et al., 2007).

In an aerobic culture, the production of heat is correlated with oxygen consumption.

High cell density cultures of P.pastoris have a high demand of oxygen. The challenge is

to reduce oxygen consumption without affecting the protein productivity. One option
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that has been discussed in the literature is the use of co-substrates, with particular

focus on sorbitol (Niu et al. 2013), to reduce the use of methanol in the recombinant

protein expression phase. A mixed feed strategy enables the cells to avoid dependence

on the slow metabolization of methanol which then functions mainly as an inducer

(Cos et al. 2006). Glycerol, glucose or sorbitol can be used as co-substrates without

loss of protein productivity. However, sorbitol is the most promising one since it is a

weak reducer and constitutes a non-repressing carbon for pAOX1 and also an energy

source (Niu et al. 2013). Due to these reasons, the oxidation flux in the peroxisome is

decreased which leads to less oxygen consumption and heat production. According to

Niu and co-workers, 61% of sorbitol goes through the TCA cycle and the rest is used

for biosynthesis at 0.5 C-mol/C-mol methanol (Niu et al. 2013).

2.2.2.2.3 Process Monitoring

Cultivation-level factors play an important role in the yield of heterologous proteins,

particularly temperature, pH and dissolved oxygen (DO) concentration, since they

affect the molecular mechanisms and cell growth (Potvin et al. 2012). As key process

variables, methanol concentrations, protein production rates and cell density should be

controlled to reach an optimal recombinant protein production (Potvin et al. 2012).

Methanol is a key parameter in P.pastoris. While too low concentrations might

not be enough to induce the AOX promoter (Cereghino and Cregg, 2000), too high

concentrations might be toxic to the cells (Zhang et al., 2000). Methanol is used at

a constant rate in the induction phase for the production of the heterologous proteins

(Chiruvolu et al., 1997).

2.2.3 Mammalian Cells

Mammalian cells are more complex and expensive to maintain but they enable the

highest degree of protein quality and most authentic post-translational modifications.

From 2006 and 2010, there were 58 approved biopharmaceuticals of which 32 were

produced from mammalian cells (Walsh, 2010).

The most widely employed mammalian cell line for expression of therapeutic pro-
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teins is that from Chinese hamster ovary (CHO) cells (Datta et al., 2013). However,

there are a number of others mammalian cell lines such as baby hamster kidney mouse

(BHK), myeloma-derived NS0 (NS0), human embryonic kidney (HEK-293), and the

human retina-derived (PER-C6) (Kim et al., 2012). Currently, CHO cells are used to

produce biopharmaceutical compounds, monoclonal antibodies, and Fc-fusion proteins

Karbalaei et al. (2020). The reasons for CHO being so frequently used are its many ad-

vantages (Kim et al., 2012). First, they have been demonstrated as safe hosts, making

it probably easier to obtain approval by regulatory agencies. Second, the low specific

productivity of other mammalian cells can be partially overcome in CHO cells by gene

amplification. Third, they are able to perform efficient post-translational modifications,

which are both compatible with and bioactive in humans. Finally, they can be easily

adapted to grow in regulatory-friendly serum-free suspension conditions which is pre-

ferred in large-scale cultures. Besides the higher costs involved in CHO production due

to slow cell growth, expensive growth media and culture conditions (continuous CO2

supply, expensive transfection reagents), CHO cells are also more prone to potential

contamination from virus, which limits its use in large-scale production Karbalaei et al.

(2020)

2.2.3.1 Physiology

In 2011, Xu and co-workers published the sequencing of the CHO-K1 genome, con-

stituting a major milestone for cellular and metabolic engineering (Xu et al., 2011).

Using ’omics has several advantages. First, it can lead to a better understanding of

the relationship between process conditions and glycosylation. It can also be used for

expression optimization and to understand the relationship between cell engineering

with growth and productivity (Datta et al., 2013).

2.2.3.2 Cultivation Processes

Mammalian cells can grow in adherent or suspension cultures. Adherent cultures can

be grown in roller bottles or with spherical microcarriers. The bottles are filled to 10-

30% of their capacity with medium and slowly rotated, allowing cells to adhere. This
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movement will guarantee a regular wetting of the cells and that oxygen is supplied by

the free space in the bottle (Berlec & Strukelj 2013). This cultivation mode can easily

allow scale up since it only depends on the number of bottles in parallel, although

the ratio of cell to volume is much lower than what can be achieved in an optimized

stirred-tank reactor process (Wurm, 2004). Microcarriers can be maintained as a sus-

pension in stirred tank bioreactors, which can be easily scaled-up. Two examples of

biopharmarceuticals that use such a system are follicle stimulating hormones and virus

vaccines (Wurm 2004).

Suspension cultures allow much higher cell densities which make them very popular

in biopharmaceutical production of recombinant proteins. CHO cells are able to grow

in single-cell suspension so they can be grown in batch, fed-batch or perfusion modes

(Wurm 2004; Berlec & Strukelj 2013).

In order to have a sustained culture growth and an effective recombinant protein

production, the cell culture media composition is of major importance. Over 50 years,

an essential component of mammalian cell growth media was fetal bovine serum (FBS).

It has however been discarded due to its uncharacterized nature, the risk of transmitting

adventitious agents (as for example bovine viruses) and its cost (Berlec and Strukelj,

2013). Nowadays, each biopharmaceutical producer has its own proprietary optimized

chemically defined media that include peptides, growth factors, proteins, lipids, carbo-

hydrates and small molecules.

2.2.3.3 Process Monitoring

In mammalian cell cultures, nutrients and medium composition need to be tightly

controlled as they influence the glycosylation pattern of the product. One example

includes glutamine and glucose that have to be supplied in sufficient but not excessive

quantities (Berlec & Strukelj 2013). The accumulation of toxic waste (such as ammonia

and lactate) generated from these energy sources has to be controlled as they affect cell

growth and product quality (Kim et al. 2012).
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2.3 Spectroscopic Methods

Spectroscopy is the interaction between matter and electromagnetic radiation. At

molecular spectroscopy level, different chemical bonds vibrate at different wavelengths.

The effects of interactions between matter and light include absorption, emission, and

scattering. These can then be detected by different spectroscopic methods, such as

Near-infrared (NIR), Mid-infrared (MIR), Raman, or fluorescence. The type of infor-

mation and possible applications of some of the spectroscopic methods are discussed

below.

Based on the previous literature survey on expression systems, a summary of the

analytes involved that are interesting to monitor in the bioprocess is presented in Table

2.1.

Table 2.1: Carbon and nitrogen sources and possible toxic products for each expression
system addressed

Organism Carbon source Nitrogen source Possible toxic prod-
ucts

E. coli Glucose, Glycerol Ammonium or am-
monium hydroxide
(NH4OH)

Ammonium Ethanol
(by-product) Glycerol
(by-product)

S.cerevisiae Glucose Ammonium sulphate
Peptides and free amino
acids. Glutamic acid

Ammonium Ethanol
(by-product) Glycerol
(by-product)

P.pastoris Glycerol,
Methanol

Ammonium hydroxide
(NH4OH), Peptone,
Amino acid mixture

High levels of methanol
(3.7 – 20 g/L)

CHO cells Glucose Glutamine Lactate (by-product)
Ammonia (N-waste
product)

2.3.1 NIR

Near infrared spectroscopy (NIRS) corresponds to the operational range of 700-2500

nm (14300 - 4000 cm-1) of the electromagnetic spectrum. All absorption bands are

the result of overtones or combinations of the fundamental vibrations seen in the mid-
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infrared. The higher the overtones, the weaker the intensity and combination bands

resulting from the sum of two or three fundamental bands. Mainly vibrations of those

functional groups with covalent bonding are observed, i.e. groups with X-H (–CH,

–OH, –SH and –NH). While not all molecules absorb in this region of the spectrum,

the presence of X-H bonding ensures that NIR measures the majority of fundamental

components in bioprocesses (Scarff et al., 2006).

Light can be absorbed, transmitted, reflected and scattered (as shown in Figure

2.2). Absorbance values cannot be directly measured thus spectral acquisition can be

based on transmission (T) and reflectance (R). The absorbance values can be obtained

by calculating log (1/T) and log (1/R), respectively.

Transmittance (T) is the fraction of incident light which is transmitted. In other

words, it is the amount of light that “successfully” passes through the substance and

comes out the other side. It is defined as T = I/Io, where I = transmitted light

(“output”) and Io = incident light (“input”).

Reflectance (R) measures the ratio of light intensity reflected by a sample to the

light reflected by a background or reference reflective surface. The light that is reflected

contains a specular component and a diffuse component. While specular reflectance

does not provide much information about composition, diffuse reflectance is very useful

and widely used for turbid liquids, slurries and solids. This makes it applicable in

bioprocess applications for high cell density processes or ones where the biomass has a

complex structure.

Transflectance (T*) combines transmittance and reflectance measurements. In this

spectroscopy the light is transmitted through a sample and the unabsorbed radiation

is reflected back from a mirror or a diffuse reflectance surface placed at the end of the

probe, which doubles the pathlength.

The acquisition mode of the spectra depends on the optical properties of the broth.

Transmission is commonly used for low cell density bioprocesses, and reflectance is

used for fermentations with strongly light-scattering effects (Hall et al. 1996). In

addition, reflectance mode restricts the use of wavelengths beyond 2000 nm due to

water absorption band located at 1940 nm which begins to saturate (Hall et al., 1996),
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making the transmittance mode more appealing.

Figure 2.2: Modes for light travel: transmission, reflection and absorption.

The measurement approaches associated with NIR are off-line, at-line and on-line

(Cervera et al. 2009). An offline measurement implies that the sample is removed

from the process and analysed later. If the sample is analysed immediately and in

close proximity to the process stream, the measurement is named at-line. An online

measurement does not involve manual handling of samples collected from the process

since the spectra are collected directly. Online measurements can be divided into two

sub-categories, as depicted in Figure 2.3: in-situ(also named in-line) or ex-situ. The

in-situ approach, also known as in-line, consists of locating the spectroscopic probe

into the fermentation broth and spectral data flows through the optical fibres into the

spectrometer. The two other configurations shown in Figure 2.3 are ex-situ. The middle

one describes a probe outside the vessel measuring through the wall of the bioreactor.

The bottom one describes a flow-through cell where a sample is collected from the

bioreactor to be scanned in the spectrometer and returned to the bioreactor.

Reducing production time and a general ”time-to-market” is of critical importance

to industry. In continuous manufacturing, the quality of the products has to be as-

sessed in real-time. Traditionally, often destructive and time-consuming off-line meth-

ods which provide information only hours after sampling are used. Real-time monitor-

ing and control constitute an efficient mean of identifying and reducing variation, man-

aging process risks, relating process information to critical quality attributes (CQAs)
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and determining process improvement opportunities (Ündey et al., 2010). Although

the at-line measurements represent an improvement over traditional off-line methods

and are close to real-time analysis, the ideal approach is to monitor on-line, preferably

in-situ (Arnold et al., 2002). Although, as pointed out in Arnold et al. (2002), the

evolution from at-line to in-situ implies some losses as some wavelength regions are lost

due to adverse signal to noise ratio. The light intensity is reduced which results in loss

of sensitivity. Additionally, probe fouling can occur as well as other contributors to

noise, e.g. gas phase effects (bubbles), temperature changes in some processes instead

of the equilibrated samples of at-line mode, and vibrational effects due to agitation.

General advantages and disadvantages of NIR spectroscopy are listed in Table 2.2.

Regarding bioprocess monitoring, the more important difficulties that arise in the

application of in-situ NIR are the rheological characteristics of some bioprocesses, high

cell densities, and vigorous gassing and stirring rates of aerobic microbial cultures

(Scarff et al. 2006).

Applications

Some examples of NIR applications on monitoring of different expression systems

are given below.

E. coli

High cell density culture (HCDC) refers to approximately 10 times the normal cell

density of a simple batch culture. If E. coli normal cell density is about 5-10 g/L,

HCDC should be 50-100 g/L (Lee, 1996; Chang et al., 2014). However, these values

are still low enough to allow collection of spectra in transmittance mode (Hall et al.,

1996).

Macaloney et al. (1994) reported the collection of transmittance spectra from shake

flask fermentations in order to monitor biomass and glycerol. For the biomass model,

multiple linear least-squares regression (MLR) was applied and for the glycerol model

the second derivative of the spectra was used. On another publication, the same group

developed robust MLR models for ammonium, acetate, glycerol and biomass in fed-

batch cultivations of E. coli, also using transmittance through NIR at-line (Macaloney
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Figure 2.3: On-line measurement configurations: on-line in situ and ex-situ (probe and
flow through cell).
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Table 2.2: Advantages and disadvantages of NIR spectroscopy. Based on Jamrógiewicz
(2012), Cervera et al. (2009) and Scarff et al. (2006).

Advantages Disadvantages

No sample pre-treatment requirements Low sensitivity (high detection limit) –
components in low concentrations (be-
low 0.1-1 ppm) may not be visible

No sample alteration (sample can be
re-used after measurement)

High initial investment for the instru-
mentation

Fast acquisition of spectra (≤1 min) Development of calibration models re-
quires high trained personnel

Collection of several spectra on the
same object makes it possible to ob-
tain more representative sample com-
position and more accurate result of
analysis

Accurate and robust calibration re-
quires large data set convening large
variation

Low-cost analysis – no chemical
reagents needed; single operator can
analyse a large number of samples

Requires continuous maintenance of
the calibration data set

Ability to predict physical and chemi-
cal properties of the sample

It is difficult to transfer calibrations,
even between instruments from the
same manufacture

Multipurpose method – several con-
stituents of the same sample can be
measured at the same time

Requires an accurate chemical and
physical analysis of reference samples

Measurements can be carried out
at/on-line

Non-selectivity – compounds active in
this region can mask variation arising
from the interest analyte(s)

Can be used for particulate level and
bulk level with proper calibration

Hydrodynamic conditions in the fer-
menter change the spectra: position of
the probe, agitation rate and aeration
rate must be kept constant during cal-
ibration and validation
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et al., 1994). Arnold et al. (2002) applied NIR, both at-line and in-situ, to an industrial

fed-batch and PLS (partial least squares) models for biomass were built based on the

second derivative of the transmittance spectra.

S.cerevisiae

Several studies have shown NIR applications in Saccharomyces cerevisiae. Cavinato

et al. (1990) developed a MLR from the second derivative of the spectra collect ex-situ

(the fibre-optic probe was placed on the outside of the glass-wall of the fermenter) to

determine ethanol concentration during the time course of a fermentation.

The same group used the same NIR approach to monitor biomass in a range of

1-60 g/L and obtained an average standard error of prediction of 1.6 g/L (Ge et al.,

1994). These results were valid only if the air flow and the stirring rates remained

constant throughout the fermentation. Finn et al. (2006) described the use of NIR for

monitoring biomass, glucose, ethanol and protein content in a high cell density fed-

batch bioprocess of S.cerevisiae. Spectra were collected at-line in transmission mode

and robust models were obtained despite the complex matrix.

Recently, in-situ monitoring has been described by Corro-Herrera et al. (2016).

By using an immersion transflection NIR probe (XDS Process Analytics from FOSS-

NIRSystems) and data from 10 fermentation batches, the authors were able to develop

PLS models for biomass, glucose, ethanol and glycerol. The standard errors of cali-

bration (SEC) for biomass, ethanol, glucose and glycerol were 0.212, 0.287, 0.532, and

0.296 g/L and standard errors of prediction (SEP) were 0.323, 0.369, 0.794, and 0.507

g/L, respectively.

P.pastoris

Crowley et al. (2005) investigated a high cell density fed-batch process of Pichia

pastoris and NIR was used to at-line monitor concentrations of biomass, methanol,

glycerol and product. The models were built using linear regression (LR) or partial least

squares (PLS) and the acquisition mode used was transmission for glycerol, methanol

and biomass and reflectance for methanol and product. Second derivative, Standard

Normal Variate(SNV) and Multiple Scatter Correction(MSC) were investigated as pre-
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treatments.

CHO

Mammalian cell culture processes involve low agitation rates, a modest gas phase,

and clean homogeneous non-viscous broths. These characteristics result in a less chal-

lenging application of NIR as it is less likely that the quality of the spectra would be

affected (Roychoudhury et al., 2007).

Arnold et al. (2003) used in-situ NIR to monitor a process of CHO fermentations in

an adapted 2-L bioreactor. An immersion (transmission) probe was used and calibration

models were developed for glucose, lactate, glutamine, and ammonia. The second

derivative of the spectra was used in all models and SNV was also used in all models

with exception of that for glucose.

In the work described by Roychoudhury et al. (2007), models were developed for

glucose and lactate by using in-situ transflectance fibre-optic probes. They compared

the use of one single probe with multiplexed measurements and also conducted a signal

intensity study to determine the effect of each optical component (spectrometer chan-

nel, probe design, mirror optical properties) on the overall variability in signal and on

spectra acquired. Differences in probe design were found to be the factor that most

contributes to optical variation in signal. Multiplexed measurements present several

advantages compared to one single probe as multiple vessels can be monitored simulta-

neously instead of gathering a calibration set from several runs in just one bioreactor.

Therefore the time needed for the calibration process is considerably reduced. Fur-

thermore, multiplexed systems allow model transferability which means that models

developed from small bioreactors can be employed to large scale. Although this study

showed a slight degradation of multiplexed models when compared to single probe mod-

els (less than 1.4% for both analytes) the models incorporated inter-probe variability

and they were fit for purpose.

Chen et al. (2011) proposed a novel calibration model for the analysis of com-

plex spectral data sets arising from multiplexed probes. This Multiplex Calibration

Model (MCM) was applied on data collected in-situ on six bioreactors by using six

transflectance fibre-optic probes. PLS models with different common preprocessing
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methods (OSC, SNV and MSC) were developed for prediction of glucose. However, the

proposed MCM model outperformed all the other models by achieving a 54% reduction

in the RMSEP values for the test samples.

Clavaud et al. (2013) have shown the ability of NIR in large scale for manufac-

turing of biopharmaceuticals. They have developed models based on twelve 500 L-

scale cultivations of CHO cells to predict glucose (and other culture parameters), us-

ing a Fourier transform near infrared (FT-NIR) multiplex process analyser instrument

(Clavaud et al., 2013).

2.3.2 MIR

The Mid-Infrared region (MIR) of the electromagnetic spectrum corresponds to the

vibrational measurements in the range of 2500 to 25000 nm (4000 – 400 cm−1) (Siesler

et al., 2002). It covers fundamental vibrations of most of the common chemical bonds

(Lourenço et al., 2012). The region above 1500 cm−1 corresponds to absorptions bands

assignable to a number of functional groups and at low energy, below 1500 cm-1, a series

of absorption bands resulting from vibrations of the molecule as a whole are shown

(Siesler et al., 2002). Therefore, the region below 1500 cm−1 shows absorption bands

characteristic of the compound in question and no other compound. This is known

as the ”fingerprint region” (Siesler et al., 2002). Moreover, absorption bands from the

molecular skeleton (e.g., C-C, C=C, and C=O) or functional groups containing heavier

atoms (e.g. C-Cl and C-N) in the fingerprint region are already into the second or third

overtone above 4000 cm−1 (Lourenço et al., 2012). Thus, for bioprocess monitoring,

MIR provides enhanced sensitivity and selectivity (Roychoudhury et al., 2006).

Fourier transformation (FT) is commonly employed to solve problems associated

with signal stability, and measurement noise when applying conventional MIR for pro-

cess measurements (Roychoudhury et al., 2006) FT spectrophotometers are useful in

the determination of component concentrations in complex matrices such as a typical

fermentation fluid (Doak and Phillips, 1999).

The attenuated total reflectance (ATR) technique transformed MIR into a method

with little or no sample preparation and allowed the collection of high-quality spec-
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tra from aqueous samples with multiple analytes present (Doak and Phillips, 1999;

Roychoudhury et al., 2006). The ATR crystal, through which the light is reflected, is

composed of a material with high refraction index (Lourenço et al. 2012). The sample

is placed in optical contact with the ATR crystal and the light partially enters the sam-

ple where it can be absorbed, resulting in attenuated reflected light. These probes are

particularly suited to measurements in highly absorbent samples, for which standard

transmission probes cannot be used (Lourenço et al. 2012). In addition, the short,

reproducible pathlength of the device enables the measurement of spectra without the

complication of water bands. This obscures certain portions of the MIR-spectrum, as

the spectral contribution of water is simply eliminated by spectral subtraction (Acha

et al., 2000; Roychoudhury et al., 2006).

The spectral collection modes available are the same as in NIR: off-line, at-line or

on-line. Again, the mode should be chosen according to the optical properties of the

fermentation broth, the required analyte selectivity and sensitivity, the duration of the

run, and the monitoring and control requirements (Roychoudhury et al. 2006). As

before, the approach that enables an accurate determination of analytes in real-time is

on-line monitoring.

Notwithstanding the advantages of MIR, NIR is easier to apply in-situ as the NIR

optical fibres are robust and inexpensive when compared to MIR (Vojinović et al.,

2006). The materials available to construct fibres that can efficiently transmit MIR

radiation (e.g. chalcogenide) do not effectively cover the full mid-infrared range. These

fibres are expensive, easily damaged and have poor transmission characteristics when

compared to NIR fibres. Since they can be easily damaged, they are restricted in

length (1-5 m) and have to be greatly armoured and protected from physical strain

(Roychoudhury et al. 2006). In addition, some materials can obscure some regions as

they have strong absorptions (e.g. chalcogenide glasses near 2000 cm−1).

A summary of advantages over NIR as well as limitations is present in Table 2.3.
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Table 2.3: Comparison between MIR and NIR (based on Roychoudhury et al. (2006)).

MIR NIR

Broader wavelength range (MIR ab-
sorbances are based on fundamental vi-
bration modes of molecules)

Limited multiplexing advantage

Inherent potential to include process
variations through chemometrics

Fragile and expensive fibres

Ability to quantify analytes present at
limiting levels

Sample presentation

Ability to distinguish between analytes
of similar structure

Detector saturation

Potentially identify aspects of product
quality (e.g. folding patterns)

2.3.3 Raman

Raman spectroscopy is based on inelastic scattering of incident light by a sample,

shifted in frequency by the energy of its characteristic molecular vibrations (Kneipp

et al., 1999). The incident light is a monochromatic laser light, typically producing light

in the visible (e.g., 532 nm) or near-infrared (e.g., 785 nm and 1064 nm) range (De

Beer et al. 2011). The size of the wavelength shift and the number of different shifts

that will occur depend on the molecules vibrational levels (Jestel 2005). It is often

considered a complementary technique to NIR, as bonds that are strongly IR-active

will be weak Raman-active and vice-versa. Highly symmetric molecules, particularly

homonuclear diatomic species such as C–C, C=C, N=N, S–S, generate strong Raman

scatter and are correspondingly weak in infrared region (Jestel, 2005).

The major advantage of Raman spectroscopy is its flexibility as it can be used for

solid, liquid and gas samples or slurries, and gels without sample preparation (Pons

et al., 2004; Lourenço et al., 2012). The spectra are not sensitive to water and can

provide data about the composition, chemical environment, and structure of the sample,

enabling structural, qualitative, and quantitative analysis (Lourenço et al., 2012).

However, the signal tends to be weak and some spectral interference can arise from

fluorescence of some biological molecules in this region (Lourenço et al. 2012). There-

fore, the critical decision in the selection of a Raman instrument is the selection of
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a laser wavelength to maximize the signal and minimize fluorescence (Lourenço et al.

2012). Another disadvantage is that high power lasers are necessary which increases the

complexity and cost of the instruments; not all appropriate wavelengths are available

and high laser power can destroy delicate or dark samples (Pons et al. 2004; Lourenço

et al. 2012). Also, use of these lasers requires a moderate skill from the operator in

the alignment and operation of the equipment compared with NIR or MIR techniques

(Sivakesava et al., 2001).

Recently, Raman has seen great developments, its associated costs have decreased

and it is expected that it becomes more robust, to have higher throughput, smaller,

easier to use, and eventually more automated (Buckley and Ryder, 2017). Even though

not as widespread as NIR, an increasing number of studies have recently been published

which confirm the ability of this spectroscopy to fully satisfy the requirements of a PAT

tool with respect to monitoring and control (Jenzsch et al., 2017; Kozma et al., 2017).

The work from Abu-Absi et al. (2011) was the first to report the implementation

of Raman spectroscopy for bioprocess as they monirored glucose, lactate, glutamine,

glutamate and ammonium during a 500 L-scale, fed-batch CHO cell cultivation.

Berry et al. (2016) have also measured and controlled glucose concentration in CHO

fed-batch cultivation, through the use of Raman, to keep glucose concentration below

a specific level to avoid glycation of the target protein. They have also studied model

transferability using a small scale (5 L), a pilot scale (200 L) and a manufacturing scale

(2000 L) bioreactor.

Esmonde-White et al. (2017) have done a good review on the topic and considered

Raman a valuable PAT for fermentation or cell culture bioprocess monitoring and

control (Esmonde-White et al., 2017).

2.3.4 Fluorescence

Fluorescence spectroscopy is restricted to species which fluoresce. A fluorescent molecule

is excited by irradiation with light because it absorbs a photon and emits light of lower

energy afterwards. Fluorescence spectroscopy is a useful tool for bioprocess monitoring

since there are several biological compounds that fluoresce on excitation by visible or
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near-UV light (e.g., proteins, enzymes, coenzymes, vitamins, and primary or secondary

metabolites from microbial growth) (Lourenço et al. 2012). This spectroscopy has the

advantage, over vibrational spectroscopies, of being applicable to high concentrations

of biomass (Musmann et al., 2016). In some cases, it can also show higher sensitivity

and selectivity Lourenço et al. (2012).

2.3.5 Comparison Studies

Some studies have compared the above described spectroscopical methods. A review

from Musmann et al. (2016) compared spectroscopy applicability for high-throughput

characterisation of mammalian cell cultures in automated cell culture systems. Raman

and NIR are advised for the determination of metabolite concentration and the combi-

nation of the results of both techniques results in complementary information. Given

that no single method is perfect, and it always depends on the type of application,

there is no single recommendation. However, the authors note that Raman offers the

greatest robustness, highest information density, a wide range of applications, and the

broadest range of automated measurement types. On the other hand, the cost of a

Raman system is higher than a NIR instrument.

Kozma et al. (2017) have compared NIR and Raman spectroscopy by developing a

model using a shake flask CHO cultivation and testing the model’s predictive ability of

online spectra collected in 10L and 100L bioreactors (Kozma et al., 2017). The model

based on NIR spectra could predict the trend of glucose concentration but without suffi-

cient accuracy for bioreactor monitoring. However, the Raman based model performed

better and was able to predict both cultivations scales with an error of approximately

4 mM (0.72 g/L).

Trunfio et al. (2017) have compared NIR, MIR, Raman and fluorescence spec-

troscopy to characterize the variability of wheat hydrolysates, used in CHO cultivations,

and to provide evidence that the classification of good and bad lots of raw material is

possible (Trunfio et al., 2017). Models built with fluorescence and NIR spectra yielded

lower prediction errors than the models built from middle infrared and Raman spectra.

From the two best techniques, the final recommendation from the authors is NIR as
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these models performed slightly better.

Finally, Li et al. (2018) studied the ability of in-situ Raman and Near Infrared

(NIR) spectroscopies to predict the concentration of viable CHO cells, glucose, lactate,

glutamine, ammonium and antibodies in bioreactors. They found that Raman spec-

troscopy was better in predicting concentrations of glucose, lactate and antibody, while

NIR spectroscopy predicted glutamine and ammonium ion concentrations better.

2.4 Chemometric Techniques

Chemometrics is the science of extracting information from chemical instruments by

data-driven means, mirroring other sciences such as econometrics and psychometrics.

By chemometrics, trends in spectra can be detected and relationships between spectral

changes and, for example, changes in analyte concentrations can be measured (Cervera

et al., 2009). Spectroscopic methods generate very large amounts of data which makes

chemometrics a requirement for the data analysis.

A flow diagram of typical steps used in chemometrics is shown in Figure 2.4. Once

a dataset of spectra is collected it should be randomly split into calibration and vali-

dation datasets. Most samples (two-thirds) should be part of the calibration set, while

the validation set should be a third of the total collection of samples. Selection of the

appropriate spectral pretreatment and variable selection is the second step of this pro-

cedure. Iteratively, a multivariate regression model should be obtained for each tested

pretreatment. The validation dataset is then predicted by the model and comparative

results should be obtained.

Figure 2.4: Chemometrics flow diagram to extract information about the bioprocess
from spectroscopic data.
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2.4.1 Regression model approaches

The most common and straightforward modelling approach is Single or Multiple (SLR

or MLR) Linear Regression. Both depend upon a simple relationship between detected

peak height at a certain wavelength and analyte concentration. This approach has

mostly been used for modelling dominant analytes with few interferences (Scarff et al.

2006), e.g. oil as described in Vaidyanathan et al. (2000) and Arnold et al. (2000), and

biomass in Crowley et al. (2005). These models were derived from few wavelengths, at

most, and thus baseline and peak drifts can strongly impact the results extrapolated

from the SLR or MLR. Complex fluids with strong absorption and scattering nature

require more advanced multivariate techniques that can deal with such complexity

(Scarff et al., 2006). The most commonly used techniques are principal component

analysis (PCA) and partial least squares (PLS).

PCA can be described in matrix notation or geometrically. In matrix notation and

for the case of spectral data, a two-way array is generated when spectra are collected

over time. Such data can be arranged in a matrix (X) with K variables and N objects.

For spectra, the variables are wavelengths and the objects are samples measured at

different time points. PCA is a projection method that extracts the systematic variation

found in X. The matrix is decomposed into a sum of matrix products, where one matrix

is called scores (T of size PCs times N) and the other is called loadings (P of size PCs

times K). The variation not described by the conducted PCA model is found in matrix

E (which is called residuals). In matrix notation, PCA can be describe as:

X = T.P T + E (2.1)

Geometrically speaking, a PCA summarises the variation of the data by identifying

directions in the original data. These directions are estimated as linear combinations

of both the original variables and the observations, which makes PCA a bilinear model

(Esbensen et al., 2002). The first created direction, called the first principal compo-

nent (PC1), describes the maximum variance found in the original data. The second

direction, named the second principal component (PC2), is orthogonal to the first PC
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Figure 2.5: A two component model, where the first and second principle components
(PC1 and PC2) pass through the average-point of the data cloud. The first PC is the
yellow line and the second PC is the green line.

Figure 2.6: A PCA model decomposing matrix X into a score vector (T), a loading
vector (P) and residuals (E).

and the process continues until descriptive variation is found (Esbensen et al., 2002).

This is illustrated in Figure 2.5 for two components.

An example of a two-component PCA model is shown in Figure 2.6 in which an

original space of K by N is described in a two-dimensional subspace. In the Figure, t1

and t2 are the scores vectors and p1 and p2 are the loading vectors for PC1 and PC2.

The score value (p) of the first component is defined by the projection of the original

position of a sample onto PC1 (specifically, the direction determined by the loading

vector for PC1), as well as for the second score value. (Esbensen et al., 2002).

The obtained scores values and loadings will elucidate trends and relationships that

were initially obscured in the spectral data.

Partial Least Squares (PLS) expands on the PCA by relating two data matrices: X
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(spectra) and Y (the reference data, e.g. analyte concentration). Dependent variables

(Y) are used to decompose independent variables (X) and the goal is to determine a

small number of latent variables that can predict the property of interest by using the

spectral data as efficiently as possible (Wold et al., 2001; Lourenço et al., 2012).

Regarding the risks in applying these techniques, one can point out the fact that

in fermentation systems there is a stoichiometric relationship between analytes. This

may imply that a PLS model of one analyte may not be based on the spectral charac-

teristics of that analyte alone or even at all (Roychoudhury et al., 2007; Warnes et al.,

1996). This characteristic of fermentation system datasets is often termed co-linearity

(Riley et al., 1998). Careful examination of the spectral contributors to the models

can help identify where and to what extent it is occurring. Alternatively, the regions

where specific analytes are contributing can sometimes be unambiguously identified by

spiking with known amounts of the analyte (Riley et al., 1997). Adaptive calibration

can be used to remove or reduce the co-linearity in the data by artificially altering

the concentration of one analyte independently of the others (Riley et al., 1998). Nei-

ther approach is suitable for on line or in-situ spectroscopy since it relies on sample

manipulation.

2.4.2 Model Performance

A good predictive model should be accurate, by showing low errors of prediction, and

robust, which can be evaluated by comparing the different errors of estimation. The

root mean square error (RMSE) is obtained by the sum of squares of the residuals of Y

divided by the degrees of freedom (as shown below in Equations 2.2 and 2.3), where A

is the number of PLS components and A0 is 1 or 0, depending on whether Y is centred

or not. Depending on the dataset used, this error can be named root mean square of

estimation (RMSEE), when the calibration dataset is used for the calculation, or root

mean square of prediction (RMSEP), when an independent ”prediction” dataset is used.

A robust model is able to predict different datasets within the calibration range with

similar accuracy thus RMSEP should be similar to RMSEE. A good predictive model

should also show a high coefficient of determination (R2) and randomly distributed
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residuals (Yobs − Ypred) to ensure overfitting has been avoided.

RMSEE =

√
Σ(Yobs − Ypred)2

ncalibSet −A−A0
(2.2)

RMSEP =

√
Σ(Yobs − Ypred)2

npredictionSet
(2.3)

2.4.3 Calibration, External Validation and Outlier Detection

In the calibration stage, both X and y need to be known. The property to be modelled

(e.g. concentration) constitutes the y vector and the spectra variability forms the X

matrix. The calibration dataset should include all possible variations and the model

should not be used to predict outside the calibration range. Variability in spectra

can arise from different causes (e.g. sampling procedure, differences in raw materials).

Thus, the model should be developed to describe the desired variability while not being

sensitive to common variability sources of the process (Henriques et al., 2009).

Ideally, there is also a true independent set to perform external validation i.e. from

a different batch, unseen by the model, which will be a better indicator of how the

model will perform afterwards (Henriques et al. 2009).

One important thing to have in mind while modelling is that, frequently, there are

observations which are far from the rest of the main dataset cluster; these are called

outliers (Naes et al., 2002). They might be due to variability in the measurements or

they may indicate experimental error, and they could reduce the accuracy of the model.

Some statistics such as the Mahalanobis distance or Q residuals allow the identification

of outliers.

2.4.4 Spectral Pre-treatments

Pre-treatments are mathematical methodologies that are usually applied to spectra

to minimize variability unrelated to the property to be modelled. For example, NIR

is sensitive to chemical and physical properties and if an analyte concentration is to

be modelled, it is important to apply appropriate preprocessing to minimize physical
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effects before calibration of the model. In this case, the success depends on the ability of

the mathematical treatment to separate light scattering from light absorbance (Huang

et al., 2010).

Bioprocess fluids are especially challenging for NIR measurements due to matrix

effects, large absorption bands, and light scattering differences (Roychoudhury et al.,

2007). The most commonly used techniques for bioprocess samples are discussed below.

Mean-centering

Mean-centering is a normalization pre-treatment that consists of subtracting the re-

sponse of each variable from the mean response of that variable over all samples in the

data set. It enhances response variations since it removes the absolute intensity infor-

mation from each of the variables (Lourenço et al. 2012). Furthermore, it also reduces

the final model complexity, often reducing the number of variables to be employed.

SNV

The standard normal variate (SNV) is obtained by correcting each absorbance vari-

able by the mean absorbance of the spectrum; this result is then divided by the standard

deviation of the variables under investigation. This way, additive and multiplicative

effects and shifts are corrected, then each spectrum is scaled, which generally results

in a cleaned-up spectrum of noise and interferences (Crowley et al. 2005). The sub-

traction of the mean corresponds geometrically to the projection of the points that

represent raw spectra orthogonally onto the plane (Fearn et al., 2009). The division

by the standard deviation results in scaling all spectral components to the same length

(Fearn et al., 2009).

MSC

Multiplicative scatter correction (MSC) removes scatter effects, both multiplicative

and additive components which improve linearity, reducing the number of components

needed in the regression model (Lourenço et al. 2012). It can be applied to the parts of

the spectrum affected by light dispersion (Lourenço et al. 2012). For each sample, MSC

fits a straight line to the spectral reading against the corresponding points of the mean

spectrum by least squares. It then uses the slope and intercept of the line to correct
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the scattering effects on the spectrum (Warnes et al., 1996; Crowley et al., 2005). MSC

can be useful when dealing with moderate to high cell density fermentation processes.

It can reduce the scattering caused by biomass concentration levels as shown in studies

by Crowley et al. (2005) (high cell density P.pastoris) and Roychoudhury et al. (2007)

(CHO cells).

However, MSC assumes that offset and multiplicative spectral effects are much

larger than effects from changes in sample chemistry which can result in poor modelling

results when this is not the case and instead chemical-based variations are greater

(Bakeev, 2010).

Second derivative

It is common, especially for biomass monitoring, to deconvolute the overlapping

peaks and reduce baseline shifts in the raw spectra by taking the 2nd derivative of

the spectra (Arnold et al. 2002). Although the signal-to-noise ratio (SNR) might be

sacrificed with this technique, the quality of the peaks is important, while the SNR is

naturally low in NIR spectra due to the physics of the system (Arnold et al. 2002).

This can be checked by running a performance test prior to the use of NIR (Arnold et

al. 2002).

Table 2.4: Reasons for using some techniques and their pitfalls.

Problems Solution Problems that can arise

High cell density MSC
Baseline drift, Deconvolute
overlapping peaks

Second derivative Signal-to-noise ratio
(SNR) can be sacrificed
(it can be checked with a
performance test prior to
using NIR).

Erroneous noise or interfer-
ences

SNV
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2.5 Sources of Variability in NIR Bioprocess Modelling

NIRS is the most mature spectroscopic method and therefore the most widely used in

bioprocesses. Numerous advantages were pointed out and exemplified, however NIRS

should be applied with caution, considering that many sources of variability exist that

can be manifest in spectral data unknown to the user.

Fermentation processes require complex model development for prediction of ana-

lytes. Bioprocesses involve very challenging matrices, commonly vigorous stirring and

aeration rates, or liquid phases with high viscosities and non-Newtonian behaviour.

In addition, these rheological properties may vary the cultivation time course, from

batch-to-batch and with bioreactor scale (Rodrigues et al., 2008; Cervera et al., 2009).

Also, samples from bioprocesses typically contain gas, solid, and possibly more than

one liquid phase (Vaidyanathan et al. 2000). As hydrodynamic conditions affect the

spectra, there is a consensus that the position of the probe in the fermenter, the agita-

tion rate and the aeration rate must be kept constant during calibration and validation

runs (Cervera et al., 2009).

Besides physical aspects, the chemical composition of the sample matrix itself is also

an important source of sample variance in bioreactor monitoring (Rhiel, Ducommun,

Bolzonella, Marison and von Stockar, 2002). A matrix is the set of all compounds that

may influence the measurements of the compound to be determined (Massart et al.,

1988).

Other sources of variability include the flex angles of the fibre bundles that result

in a different light path. If there is gas intrusion in the measuring field it will interfere

with the spectra collection. In addition, it is necessary to be careful with excessive

light scattering, e.g. resulting from high biomass content, as it may saturate the mea-

surement.

Multiplex systems are useful but may involve more sources of variability. Through

multiplexed measurements, the extensive calibration process is reduced, as several fi-

bres are used to monitor several bioreactors at the same time. These systems allow for

model transferability but variability between optical probes should be addressed and
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carefully verified. Roychoudhury et al. (2007) evaluated the effect of the optical char-

acteristics of the different probes, mirrors and spectrometer channels on the calibration

models, by evaluating the impact of these factors upon signal intensity. From these, the

probe was the most influencing factor; thus, the optical compatibility between probes

in multiplexing applications must be ensured. They also reported that more variance

occurs at lower wavelengths, which can be explained for these regions being less en-

ergetic (Cervera et al. 2009). Even though the probe design revealed to be the most

relevant, all these factors revealed some effect in the signal intensity, which means that

they all can contribute to introducing errors in NIR signals if not consistent during the

runs.

Other common sources of variability are the result of the lengthy processes. Vaidyanathan

et al. (2000) reported the importance of ensuring the robustness of the model over an

extended period, since factors such as batch-to-batch variability, e.g. in substrate feed-

stock, can contribute to spectral variations. To do so, this group evaluated the model

with an external validation set from two years after the development of the model.

Once again, Vaidyanathan et al. (2001) focused on uncontrolled variations over time,

such as instrumental drift, and therefore conducted a six-month experiment. With

external validation, useful models and anomalies within them were identified. Models

for weak absorbers were vulnerable to changes in the matrix while the change in scale

affected the models probably depending on the morphology of the microorganisms.

The mechanical disaggregation of biomass decreases particle size which theoretically

increases light scattering and thus influence the measured spectra which can then affect

the performance of a chemometric model that was previously built for a fermentation

process. The study also shows that changes in morphology influence the spectra to a

lesser degree in the longer-wavelength NIR region (1600–2350 nm), than in the visible

or short-wavelength regions.
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2.6 Outlook

The purpose of this thesis is to expedite biopharmaceutical research and development

by using spectroscopy during the early stages of development. Biopharmaceuticals can

be produced through different expression systems which are all characterised by their

unique set of analytes. The goal of bioengineering is to optimize the bioprocess to

maximize the yield of the biopharmaceutical being produced. This requires a thorough

understanding of the expression system being used. The first step is to understand these

systems’ physiology and their related key analytes as well as the best methodologies

for their cultivation.

By real time process monitoring, spectroscopy can allow an even deeper understand-

ing of the bioprocess. This however requires an understanding of sources of variability

that come into play during the cultivation process. Chemometrics techniques can help

to separate noise from meaningful signal, allowing spectroscopic methods to monitor

the cultivation process correctly.

These lessons will guide the following chapters. In characterising the fermentation

matrix, the next chapter will focus on E. coli as an expression system and test at-line

and in-line instruments while focusing on different sources of variability involved in

these settings. The chapter after that will focus on P.pastoris. Chemometrics lessons

will be applied throughout all chapters.
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3.1 Introduction

The main goal of this thesis is to critically evaluate the feasibility of implementing

spectroscopic based real-time monitoring, in a range of biological systems used for

biopharmaceutical production. The key challenge in doing so is to accurately identify

and measure various sources of variability which can be done using two different NIR

instruments: at-line and in-line.

At present, a much better understanding of how these impact the spectra and, con-

sequently, the ability to predict analyte levels is required. Ultimately, actions could

be then taken to either reduce or eliminate the sources of variability prior to spec-

tral acquisition or to develop novel ways of dealing with the interfering factors in the

calibration models’ post-spectral acquisition.

This chapter seeks to set a baseline, by evaluating the effects of different fermen-

tation matrix components on the spectral signal. This is done by starting from the

simplest setting, i.e. water, while building up to more complex backgrounds such as

buffer, fresh media, spent media or presence of cells, using different concentrations of

analytes and backgrounds. For the in-line setting, the additional variation stemming

from process variables is also considered. Glucose and lactate were the selected analytes

to be quantified in the fermentation matrix. Glucose is the main source of carbon for

many expression systems and lactate is a common byproduct that can become toxic to

cells and inhibit production of the biopharmaceutical. Real time information on the

amounts of these analytes in the fermentation medium would allow for an adequate level

of glucose and low levels of lactate to be kept in order to maximise the cells growth.

These different sources of variability were analysed using PCA and PLS models.

By analysis of the loadings of the developed PCAs, the different effects in the spectra

were attributed to their respective components of the fermentation matrix. Second, by

developing individual PLS models for each background, the accuracy of such a system

was quantified. Finally, one of these models was selected for each analyte and tested as

a potential ”universal” model that can predict the analyte across different backgrounds.

Developing such a universal model would allow for a straightforward implementation
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of spectroscopy into the early stages of bioprocess development.

The remainder of this chapter is structured as follows. The next section will describe

the materials and methods that were used in the set-up of the research design. After

that, the results would be presented prior to establishing a conclusion.

3.2 Materials and Methods

This section presents the set-up of the research design. Chemicals used and prepared

mixtures are listed on Table 3.1. Cells were obtained through a fermentation of E. coli

for which the bioreactor, media composition and instruments used will be described.

Table 3.1: Manufacturer and reference of each material used for this study.
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3.2.1 Mixtures preparation

Two biologically relevant analytes, glucose and lactic acid, were scanned in different

concentrations and backgrounds. Four different levels of concentrations of glucose and

lactic acid were used, as presented in Table 3.2. A stock solution of 50 g/L of each

analyte was prepared. This translates in molar concentrations of 278mM for glucose

and 555 mM for lactic acid.

Table 3.2: Glucose and Lactic Acid used in different levels, in g/L and in mM.

The backgrounds tested were water, phosphate buffer, fresh media, spent media

along with washed cells content. Spent media and washed cells were obtained by

running a fermentation of E.coli as described below. Online spectra were collected

in-situ during the run. The final solutions were then randomly scanned with an at-line

NIR system. Spectra collection was randomized with respect to the concentration of

the analytes to incorporate other non-relevant sources of variation such as temperature

or instrument drift.

3.2.2 Batch run of E. coli

A batch run of E. coli was carried out in a stainless steel 15 L SIP bioreactor (Biostat®

C-DCU, Sartorius) shown in Figure 3.1) and spectra was collected during the run.

The reactor was equipped with four internal baffles (1.5 cm x 57 cm) and three

six-blade Rushton turbine impellers with adjustable height. Their height was adjusted
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Figure 3.1: Biostat C-DCU system illustrating the locations of the key components and
features of the bioreactor system.

in such a way that all the impellers would stay with the maximum distance between

each other but still immersed. Temperature control is provided via a water jacket and

aeration via a circular annular sparger located at the bottom of the vessel.

Four ports in the bottom of the reactor housed the pH probe (Mettler Toledo

Ltd., Leicester, UK), dissolved oxygen (dO2) probe (Mettler Toledo Ltd., Leicester,

UK), sampling port and near infrared spectroscopic probe (XDS Process Analytics

Microbundle Multiplexer Instrument, FOSS NIRSystems, Maryland, USA).

3.2.3 Media composition

The composition of the medium used was based on Åkesson et al. (1999)) as shown in

Table 3.3. A total volume of 10 L growth medium was prepared for batch fermentation.

The media components (excluding those identified in Table 3.3) were weighed out and

added to a volume of 9 L distilled water. The solution was stirred until all media

components were completely dissolved. This was then transferred to the bioreactor
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system and in-situ sterilised at 120°C for twenty minutes.

Table 3.3: Media components contents. The ones marked with * were added after
sterilisation of the other components in-situ.

Table 3.4: Trace elements solution composition – components and respective concen-
trations in g/L.

The glucose solution was autoclaved separately and it was prepared with 119g of

glucose and water added up to 996mL. This solution was added aseptically along with

the other media components that required filter sterilisation (through a syringe using

0.2 µm cellulose acetate filter).

Two one-litre conical flasks, containing 300mL of media each, were prepared and

autoclaved. For this, glucose was used from a stock solution of 50% (w/v) glucose that

was previously prepared and autoclaved. For a total of 600 mL of media, 120 mL of salt
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solution (Table 3.5), 1.2 mL Trace elements solution (Table 3.4), 1.2 mL magnesium

sulphate 1M and 12mL of glucose 50%(w/v) were put together. The pH was checked,

then each flask inoculated with a cryovial of E.coli from the cell bank and incubated

at 37°C, and shaken at 250rpm. Once the optical density was read approximately at 1

(against a water background) at a wavelength of 600 nm, one of the culture flasks was

utilised as inoculum of the 10 L medium.

The temperature of the bioreactor was kept constant at 37°C, the stirrer speed was

set at 350 rpm, the air flow was controlled at 1vvm (10slpm) automatically and the pH

was not controlled.

Table 3.5: Salt solution composition.

3.2.4 Glucose determination

For determination of glucose concentration in the media, an YSI 2900 Biochemistry

Analyzer (Xylem Inc., Ohio, USA) was used (Figure 3.2). This system uses enzymatic

biosensors immobilized in an enzymatic membrane, which are specific for different an-

alyte classes. Glucose oxidase is one of the biosensors available which oxidises glucose

to hydrogen peroxide. The resulting hydrogen peroxide is further oxidized at a plat-

inum electrode surface polarized. The created electron flow produces a current that is

proportional to the glucose concentration.

This system can determine glucose up to 25 g/L, depending on the sample volume

with a precision of 2% (CV,n=10). It is also possible to quantify L-lactic acid up to

2.67 g/L with a CV(n=10) of 2%.
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Figure 3.2: YSI 2900 Biochemistry Analyzer.

3.2.5 Near-Infrared Spectroscopy System

Two different NIR instruments were used. An at-line spectrometer was used to obtain

NIR spectra of the prepared mixtures and an in-line spectrometer was used to collect

spectra in the bioreactor, during the fermentation process, and of the mixtures that

were prepared inside the bioreactor.

3.2.5.1 At-line instrument

A 6500 NIR spectrometer (FOSS-NIRSystems Inc., Maryland, USA) was used to cap-

ture spectra in the transmittance mode with a cuvette of 0.5 mm pathlength by using

the sample transport module. An average of 32 diffuse reflectance spectra referenced

with 32 co-added scans of air were considered. Spectra were collected at the wave-

lengths of 1100 to 2498 nm with 2 nm resolution (700 wavelengths in total). Five final

spectra (each resulting from 32 scans) for each loaded sample were collected each time.

Laboratory temperatures were kept between 20 and 25°C and relative humidity was

always between 45 and 65%.

3.2.5.2 In-line instrument

For spectra collected in-line in the fermentor, a stainless steel Interactance Immersion

probe, connected to a XDS Process Analytics Microbundle Multiplexer Instrument
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Figure 3.3: At-line instrument used: 6500 NIR (FOSS NIRSystems, Inc., USA) with
sample transport module.

(FOSS NIRSystems, Inc., Maryland, USA) was used. This type of probe is suitable

for transmission-style measurements as the beam is directed through the sample to a

shielded mirror, that the beam could be reflected (back through the sample again) to

the receiving channel. An optical slit of 0.5 mm was used, which results in an effective

pathlength of 1 mm. Spectra were collected from 800 to 2200 nm with 0.5 nm resolution

(2800 wavelengths in total). Each collected spectrum is the result of 32 co-added scans

which results in a measurement frequency of 19sec per spectrum.

Prior to collecting the spectrum, a NIST (United States National Institute of Stan-

dards and Technology) traceable reference material (serial number R99P0079) is used

for reference, while using a reflectance probe. A reference procedure was carried out and

subsequently a correction factor was applied to compensate for the differences between

the probes. The in-line collection was then performed with the immersion probe.

3.2.5.3 Data analysis/model development

All infrared spectra acquired were exported from the proprietary software, Vision (ver-

sion 4.0.1.0, Foss NIRSystems), into Matlab application [R2012b] (MathWorks, USA)

and SIMCA 13.0 (Umetrics, Sweden) for manipulation and modelling of data. Pa-

rameters determined by SIMCA were set at a confidence level of 95% and p-value of
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Figure 3.4: In-line instrument used: XDS Process Analytics Microbundle Multiplexer
Instrument (FOSS NIRSystems, Inc., USA): reflectance probe (a), reference case (b),
spectrometer (c). Right hand side shows the Interactance Immersion probe.

0.05.

3.2.6 Experimental design

To aptly identify and measure various sources of variability in the spectra of a fermen-

tation matrix, this chapter follows a bottom up approach. Starting with water, four

additional backgrounds were used, i.e. buffer, fresh media, spent media and one that

consisted of a mixture of the analytes (glucose and lactate) spiked with a solution of

washed cells in water. This approach allowed for a step-wise monitoring of various

sources of variability in the spectra. A two-level design with two factors was used

to have a data of each analyte against each solvent and mixtures of both analytes in

water. Low and high levels of the solvent were also prepared with exception of the

analytes in water, for which three levels were used. A three-level design considered

two factors at low, intermediate and high levels, which facilitates investigation of a

quadratic relationship between the response and the respective factors. However, this

approach required a large number of runs. Therefore, the middle level was not used.

The prepared samples, shown in Table 3.6, were scanned in the at-line NIR instrument.
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Table 3.6: Experimental design

53



Chapter 3. Characterization of the Fermentation Matrix by NIR Spectroscopy

3.3 Results and Discussion

This section develops a universal model that can predict concentrations of analytes

across different backgrounds. The flow of a typical chemometric methodology, as out-

lined in section 2.4, provides a useful structure to frame the discussion. The collected

samples, appropriate wavelength and pre-processing techniques were discussed first;

prior to examining the fermentation process. Then, the model development follows

the bottom-up approach by using solutions of increasing complexity. From there, a

universal model was tested. While the above description follows an at-line approach,

an in-line approach was also utilised. The bioreactor was employed with various media

components while different supplementary solutions were fed into the vessel, while in-

line NIR measurements were collected. Glucose and lactate were the studied analytes

in this bottom-up approach as they are relevant in different bioprocess settings: glu-

cose is the main source of carbon for many expression systems and lactate is a common

byproduct that can become toxic to cells and inhibit production of the protein of in-

terest. However, this approach is a proof-of concept and it could be applied with other

different analytes.

3.3.1 Fermentation of E. coli and Sample Selection

Figure 3.5 shows the results of the fermentation of E. coli. The main goal was to

obtain spent media and cellsto support the experimental design on different matrices.

The top plot shows the growth curve based on absorbance readings at 600nm, while

the bottom plot shows the glucose concentration in the supernatant, measured with

the YSI system.

Sample s4 was selected for further processing, since it showed good levels of biomass

(abs600nm approximately 5units) and the YSI reading of glucose concentration was

6.61±0.16 g/L. This value was then accounted for when developing the models.

During the course of the fermentation process the same procedure was followed for

all the collected samples:

� To have enough volume for all mixtures, a 45ml sample aliquot was collected per
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Figure 3.5: Absorbance measurements at 600 nm obtained on samples from the fermen-
tation of E. coli (top plot). Five of these samples were selected for glucose measure-
ments (g/L) using the YSI analyser (marked s1 to s5) and the results are plotted for
each sample (bottom plot). Finally, only sample s4 was selected for further processing
since it had interesting amounts of both biomass and glucose in its medium.
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Figure 3.6: Structures of Glucose (A) and Lactate (B).

falcon tube. Five falcon tube samples were used.

� The absorbance was read at 600 nm

� The cells were spun down at 9000rpm and 4°C for 5min

� The supernatant/spent media of all five tubes were collected and immediately

frozen

� The cells were washed with water and spun down twice (water/spin down/water/spin

down)

� A suspension in water was prepared for a given absorbance and used as stock

solution to spike the mixtures

� The final absorbance of the final mixture was read at 600nm

� Cells suspension and supernatants were stored immediately at -20°C.

3.3.2 Wavelength Selection

After the raw NIR data were collected, the second step involves a chemometric process

to select the appropriate wavelength and preprocessing technique (Figure 2.4). Wave-

length selection for further model development was based on a-priori knowledge about

the structure of the molecules.

As mentioned before, NIR bands correspond to specific vibrations of chemical bonds

(shown in Figure 3.7) and C-H vibrations are mainly captured in the combination band

region (2150 to 2450nm) and in the first overtone region (1620 to 1780nm). Spectra of

the molecules in these two regions are plotted in Figure 3.8 and Figure 3.9, respectively.

There are stronger bands in the combination region and weaker bands in the first
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Figure 3.8: Combination overtone region: stronger bands were detected. Spectra of
glucose solutions (1.25, 2.5 and 10g/L) correspond to yellow, orange and red lines,
respectively. Spectra of lactate solutions (0.58, 2.5 and 10g/L) are plotted in lime,
light green and dark green, respectively.

Figure 3.9: First overtone spectra region: weaker signals were detected. Spectra of
glucose solutions (1.25, 2.5 and 10g/L) correspond to yellow, orange and red lines,
respectively. Spectra of lactate solutions (0.58, 2.5 and 10g/L) are plotted in lime,
light green and dark green, respectively.
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Figure 3.10: Spectra of pure analytes in water for the selected wavelength region.
Concentrations of glucose are represented in grades of orange and concentrations of
lactate in grades of green.

overtone region.

Even though the combination band region would be very useful on the quantification

of glucose and lactate, the end goal of this study was to implement an in-line probe in

a fermentation vessel to obtain real-time information and ultimately be able to control

for glucose levels in the medium and neutralise the lactate above toxic levels. The

wavelengths above 2000nm were not considered. This spectral region is not usable

when using optical fibres because silica interfere, resulting in a loss of signal (Yu et al.,

2012).

Through visual comparison of the various spectra from different concentrations of

the analytes (Figure 3.10), together with attempts of using different ranges (Table 3.7),

wavelengths 1630-1750 nm were selected.

Table 3.7: Results from PLS models with two latent variables, for the two analytes.
The errors selected models are shown in bold.
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In addition to selecting the optimum wavelength, two common preprocessing tech-

niques were also investigated: first derivative and second derivative. The results of using

these techniques were compared with the use of raw spectra in the selected region of

1630 to 1750 nm (Table 3.8).

The choice of the appropriate pre-processing technique is highly relevant. Modelling

based on raw spectra facilitated baseline shifts definition. Derivatives are most useful

when there are several closely overlapping peaks and were used to improve resolution.

The apparent peak width could be reduced, while the noise is also substantially am-

plified (Brereton, 2003). After an initial investigation of the raw data, first and second

derivative pre-processing techniques were also applied. For every tested PLS model,

the data was mean-centred.

Table 3.8: Results from PLS models with two latent variables for each preprocessing
technique applied to each analyte on the wavelengths 1630-1750 nm. Smaller errors
resulting from using a 2nd derivative are highlighted.

3.3.3 Model Development

It is difficult to obtain relevant information about complex matrices using NIR. This

technique has a high detection limit due to the complex nature of spectra that in-

cludes overtones and combination bands from various vibrational energy levels (Luy-

paert et al., 2007). In a complex matrix all these transformations result in a broad

range of overlapping absorption bands, which makes the extraction of accurate ana-

lyte specific information a real challenge. Extra difficulties arise when the analytes

of interest are contained in mixtures with similar chemical species present at similar

concentrations (Rhiel, Cohen, Murhammer and Arnold, 2002).
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3.3.3.1 PCA Models

PCA models allow the dissociation of spectral features that are not easily detected by

the eye. The aim of this section is to detect differences between matrices by using

the scores plots and loadings plots of these developed models. Since PCA does not

correlate spectra with a Y-variable, it highlights variability in the spectral, free from

forced correlations.

The loadings plot of the principal components describes correlations between vari-

ables and the components. A small (positive or negative) values indicate a weak re-

lationship between the variables and the components. Through comparison of the

loadings plot with the scores plot, it is possible to identify spectral regions that are

responsible for the discrimination of respective elements of the matrix through the cor-

responding position on their scores plot. With this method, it was investigated if the

PCs can deconvolute the effect of the different matrices in the analytes’ spectra, which

would allow these differences to be accounted for, further on in the model develop-

ment. This section focuses on samples containing lactate to investigate the effect of the

different matrices backgrounds on its spectra.

3.3.3.1.1 Buffer

A PCA model using the samples of two levels of lactate (labelled with numbers -1 and

1) in two levels of buffer (colours) was developed. The scores plot is shown in Figure

3.11.

As it is part of the definition of PCA model’s development, the first principal

component (x axis) captures most variance of data and in this case, it is possible to

hypothesise that it is related to lactate content. While the second component only

explains 4.9% of the data variability, it seems to separate buffer content in the samples.

For validation, the loadings plot obtained from the PCA were compared to the loadings

plot of the analyte in water (Figure 3.12), which proves that the first PC is describing

lactate variation. The second PC describes baseline variation which can be attributed

to the presence of buffer. However, there are several sources of variability that also

61



Chapter 3. Characterization of the Fermentation Matrix by NIR Spectroscopy

Figure 3.11: Scores plot of PCA model for lactate samples in two different percentages
of buffer: in green 30% and in orange 70%. Numbers represent the level of lactate: low
(-1), high (1) or no lactate (-).

result in baseline effects, such as temperature.

Figure 3.13 provides a visual comparison of the spectrum and its resulting second

derivative. It shows that any extremities in the raw spectrum are extenuated in the

second derivative, which translates into higher signal-to-noise ratio.

The derivatised spectra were also visually checked to understand if it is possible to

detect the differences within buffer percentages. Samples with high lactate content are

shown in Figure 3.14 and low lactate content (lower peaks) in Figure 3.15.

3.3.3.1.2 Fresh media

The same approach was used for fresh media samples as for buffer. The scores plot

(Figure 3.16) reveals the expected clustering on lactate content and media content.

Fresh media constitutes a more complex matrix than buffer, with each of the compo-

nents having their respective NIR spectra. However, the selected wavelengths for this

study should only be sensitive to C-H and S-H vibrations. In these conditions, signals

mainly from glucose (at 11.9 g/L in the fresh media) could be observed but residual

amounts of EDTA (Table 3.4) from the trace elements solution were detected as well.
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Figure 3.12: Comparison of loadings plots of the occurrence of lactate in water (blue)
and buffer from the PCA model of which the scores plot is shown in Figure 3.11 (first
PC in red, second PC in green).

Figure 3.13: Visual comparison between the spectrum and its resulting second deriva-
tive. Higher peaks in raw spectra result in deeper troughs on its second derivative form
with a consequent lower shoulder after the peak.

The second principal component (2PC, t[2], on the y axis) revealed a correlation

with lactate content while a comparison of the loadings plot shown in Figure 3.17 prove

that relation. The loadings of the second PC match the loadings of a PCA model based

only on solutions of lactate in water. The first principal component (1PC, t[1], x axis)

correlates with media percentage, decreasing along the x axis. However, this percentage

decrease of media also implies a decreasing concentration of glucose. The trend variant

plot of glucose in water (Figure 3.18) show that it is likely that there is a strong effect

from glucose, but it is likely that there are other components in the media, causing a

matrix effect.
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Figure 3.14: Spectra (with second derivative applied to it) of solutions with high lactate
content in low percentage of buffer (in blue) and high percentage of buffer (in red),
focusing on different wavelengths.
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Figure 3.15: Spectra (pretreated with second derivative) of solutions with low lactate
content in low percentage of buffer (in blue) and high percentage of buffer (in red),
focusing on different wavelengths.
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Figure 3.16: Scores plot of a PCA model developed from a dataset of low (-1), medium
(0) and high (1) levels of lactate in water (blue scores) and in fresh media containing
11.9 g/L of glucose (30% in green and 70% in red).

Figure 3.17: Comparison between the loadings of the second principal components (in
red) with loadings from lactate in water (blue).
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Figure 3.18: Comparison between the loadings of the first principal components (in
red) with loadings from glucose in water (blue).

3.3.3.1.3 Spent Media

Spent media (or supernatant) should have a similar composition to the fresh media,

without the analytes that were already consumed at this point of the fermentation run,

and with the secondary metabolites that might have been produced by the cells, or for

example some cell debris. The scores plot of this PCA model is shown in Figure 3.19.

A comparison of the loadings (Figure 3.20) of lactate in various backgrounds showed

a correlation of loadings from lactate in water with the second principal component

(2PC), as indicated by the scores plot in Figure 3.19.

From comparison of the loadings plot (Figure 3.21), the first principal component is

more related to the loadings of fresh media than to glucose in water. The shift relatively

to the fresh media is likely to be due to the formation of other metabolites during the

course of the fermentation, e.g. acetic acid, which would vibrate on C-H region as well.

Another possibility would be that of the presence of cell debris – it is possible that cell

debris did not get spun down in the centrifugation step and might have influence the

collected spectra.

3.3.3.1.4 Presence of Cells

As discussed before in the Introduction (Chapter 1), the presence of cells increases

the turbidity of the sample, which increases the scattered light and consequently re-

duces the amount of light reaching the detector (Henriques et al., 2009). The resultant
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Figure 3.19: Scores plot of a PCA model developed from a dataset of low (-1), medium
(0) and high (1) levels of lactate in water (blue scores) and in spent media (30% in
green and 70% in red).

Figure 3.20: Comparison between the loadings of the second principal component (in
green) with loadings from lactate in water (blue) and in buffer (red).

68



Chapter 3. Characterization of the Fermentation Matrix by NIR Spectroscopy

Figure 3.21: Comparison between the loadings of the first principal component of the
PCA on spent media (in purple) with loadings from a PCA of glucose in water (blue),
a PCA of glucose in buffer (red) and the first PC of the PCA in fresh media (green).

Figure 3.22: Raw spectra of lower cell content in water (blue samples) and higher cell
content (red samples).

notable feature on the raw spectra is a baseline shift. Applying a first derivative as pre-

processing technique removes most of physical effects, enhancing chemical information

for the modelling steps (Henriques et al., 2009).

Figure 3.22 shows the raw spectra of samples with low cell content (in blue) are

compared with spectra from high cell content samples (red). There is a clear baseline

shift up due to the presence of cells but also a lower peak at 1932nm due to less water

content in the sample with more cells, resulting in less OH bonds vibrations.

The second derivative of the same spectra (Figure 3.23) reduced the baseline shift

observed in the raw spectra but it is still possible to find differences between the same
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Figure 3.23: Spectra (with second derivative and smoothing filter applied) from samples
with low cell content (blue) and high cell content (red).

concentration of the analyte in water with low content of cells (blue) or high (red),

which proves that chemical information is being kept.

The scores plot of a PCA model developed for these samples is presented in Figure

3.24 and the loadings in Figures 3.25 and 3.26.

Applying an MSC made it possible to reduce the effect of the scatter produced

by the cells. The result is shown in the scores plot presented in Figure 3.27. The

second principal component indicated the concentration of lactate. After the MSC

filter was applied to the second derivative data, the scores were no longer segregated

by the number of cells in the samples as previously presented but the second principal

component was instead related to the lactate concentration. From the comparison of

loadings plot presented in Figure 3.28, there is now a similar behaviour of the PCs

to the models of lactate in water or in buffer.This PCA model was able to predict

other scores independent of the cell content. As the MSC corrected the effect of cell

concentration, the effect was clearly indicated within the information shown by the

comparison of loadings in Figure 3.28.
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Figure 3.24: Scores plot of a PCA model developed from a dataset of low (-1), medium
(0) and high (1) levels of lactate in water (blue scores) and in the presence of cells (0 -
blue, 2.5 - orange, 7.0 - red colours). The grade of ”real absorbance” was the reading
at 600nm after the mixtures were prepared.

Figure 3.25: Comparison between the loadings of the first principal component of the
PCA of mixtures of lactate in the presence of cells (in green) with loadings from a PCA
of glucose in water (blue), a PCA of glucose in buffer (red) and the first PC of the PCA
in fresh media (green).
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Figure 3.26: Comparison of the loadings of the three principal components of the PCA
of mixtures of lactate in the presence of cells: first (in green), the second (in purple)
and the third (in blue).

Figure 3.27: Scores plot of a model to which an MSC correction was applied on the
data. The colours of the scores are equivalent to the absorbance reading at 600 nm
following the scale as shown from 0 (blue) to 10(red).
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Figure 3.28: Comparison of the loadings of the second principal component of the PCA
shown in Figure 3.27 with the loadings of lactate in water (blue) or in buffer (red).

Table 3.9: Summary of the PLS models developed for Lactate concentration in the
different tested backgrounds.

3.3.3.2 PLS Models

Individual calibration models for each of the backgrounds were developed. For each

model only pure solutions of the respective analytes to be quantified were included.

The results for lactate are presented in Table 3.9 and for glucose in Table 3.10.

The residuals R squared results for a fitted line to the Normal Probability plot,

which displayed the standardised residual on a double Log scale, were generated by

SIMCA software. This is the raw residual divided by the residual standard deviation

(RSD). Therefore, if the residuals are random and normally distributed, the normal

probability plot of the residuals has all points lying on a straight line and is the R

squared of a fitted line closer to the unit.

The measurement errors for lactic acid concentration in buffer were ±0.4 g/L or
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Table 3.10: Summary of the PLS models developed for Glcose concentration in the
different tested backgrounds.

4.44 mM, which agreed with millimolar results expected for an NIR spectral dataset

(Rhiel et al., 2002). This error is however lower than in water. Spectra obtained for

analytes in water revealed more variability than in samples with a certain percentage

of buffer in the mixture. These errors are higher than those presented by Rhiel et

al. (2002) but the models used here were simpler than those from the publication, as

they were built with only two latent variables to avoid overfitting and without using

any variable selection. The dataset built on spent media revealed the highest errors.

This result agreed with the indicated by the PCA models. It was expected that this

would represent the most difficult matrix amongst those tested in this study. As earlier

pointed out, spent media contained high levels of glucose, which could confound the

effect of lactate in the spectra due to some cell debris that might have been left in

the solution after centrifugation while, the factor with greater impact could be due

to the formation of other primary metabolites during the course of the fermentation.

E.coli produces acetic acid (C2H4O2) which will also have vibrational bands on the

selected wavelengths and would be overlapping with lactate bands. The dataset for

the analytes in presence of cells afforded similar error values between fresh and spent

media, suggesting that light being scattered by the cells did not produce greater effect

than the other matrices. As for the presence of lactate, the buffer showed a positive

effect on the prediction of glucose concentration, and gave smaller errors of ±0.6 g/L or

4.99 mM in comparison with samples in water. The accuracy of estimations diminishes

with the presence of more complex compounds in the matrix.

Residuals and ’observed vs. predicted’ plots indicate that there is no outliers in-
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Figure 3.29: Predicted glucose concentrations (x axis) against observed values (y axis).
The points are coloured by increasing concentration of lactate present in the mixture
(gradient colour label, from 0 g/L in dark blue, to 10g/L in red). The labels of each
point are the name of sample s4 plus the specific treatment.

cluded in the model, with the exception of the model in cells, which requires further

work. From Figure 3.29, the mixtures containing a lower percentage of cells are being

underpredicted. A first approach would be to develop different models for each content

level of cells.

This section shows that it is possible to extract accurate analyte specific information

in each of the tested datasets. Lactate estimations revealed always millimolar level

accuracy. Errors were higher when spent media was present in the mixtures, resulting

in errors of 9.3 mM. From the tested backgrounds, cells had a significant effect on the

prediction of glucose, most likely due to light scattering by the cells.

It was assumed that the errors obtained for the analytes in water and buffer rep-

resent the lowest possible for the system used. Further studies will seek to reduce the

errors associated with other PLS models to the errors levels obtained in the simple

water/buffer scenario.

The used method is the one currently used which requires extensive calibration

procedure for each matrix and conditions. The following chapter focuses on an attempt

of developing a universal model that would work across a range of backgrounds.
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3.3.4 Universal Model Selection

Ultimately, the goal of this thesis is to apply this knowledge to an automated system,

such that the end-user would not have to execute heavy calibration procedures. Instead,

a model would be able to predict across a range of different matrices and conditions.

The tested hypothesis in this section is that such a model can be built in a simple

matrix, as is the case of water or buffer.

As shown in the previous section (3.3.3.2), the PLS models developed for the ana-

lytes in the presence of buffer resulted in lower prediction errors. Accordingly, buffer

was the selected background to compare with the other matrices. Two PLS models

(one for each analyte concentration, Y) were developed.

To quantify the influence of each matrix background on the determination of the

concentrations of these two analytes, testing the prediction ability of this model across

a different range of conditions, all the other datasets (analytes in water, fresh media,

spent media, in the presence of cells) were predicted through the model of samples in

buffer. The measurement used for this comparison was the mean squared error (MSE)

and the obtained results are summarised in Tables 3.11 through 3.13.

The MSE measures the average of the squared errors, which in turn are the differ-

ences between estimated or observed values and predicted values.

MSE =
1

n
Σ(Observed.Conc− Predicted.conc)2 (3.1)

An MSE of zero would mean that samples are being predicted with perfect accuracy,

which is practically impossible. Two different estimators can be compared using MSE

values as the model with lower MSE value explains better the observations dataset,

with minimized variance.

The results from fresh media reveal that high levels of lactate can be detected as

well as in water in this matrix, using the model in buffer. However, the model fails for

lower levels of lactate in media (either fresh media or spend media) which is likely to be

due to high levels of glucose present in these matrices. This effect was observed before,

by Rhiel et al. (2002), but the authors had only a limited number of low concentrations
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Table 3.11: Mean squared errors for predictions of lactate concentrations on each ma-
trix, using PLS model developed on buffer. The results for glucose are only presented
in water since the other results revealed to be extremely high and therefore not feasi-
ble. The listed errors are only for samples spiked with either glucose or lactate – no
mixtures were included.

Table 3.12: MSEs for predictions of lactate concentration in the presence of glucose, in
different background matrices.

in the dataset. One can argue that the lower level of lactate is likely to be under the

detection limit, confounded by the presence of high levels of glucose.

The error of predictions in the presence of cells revealed to be independent of the

concentration of lactate which means that a correction might be easier to obtain in this

case.

For mixtures of lactate and glucose in different matrices the results of the errors of

predictions are shown in Table 3.12 and Table 3.13, respectively.

Table 3.13: MSEs for predictions of glucose concentration in the presence of glucose,
in different background matrices.
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MSEs from lactate predictions when in the presence of glucose are generally better

than the predictions of glucose in the presence of lactate, through the use of the model

in buffer.

For both analytes, the errors of prediction decrease with higher spiked amounts of

that analyte. Naturally, in the presence of fewer molecules, there are fewer bonds to

vibrate which results in noisier spectra and consequently higher errors of predictions.

As shown before, spectral characteristics derived from glucose variation are not as

prominent as the ones originated by lactate. In fact, the higher level of molar concen-

tration of lactate is almost ten times higher than the maximum spiked concentration

of glucose. This results in a blending of the effects of glucose concentration on the

stronger effects of lactate variation. Lower concentrations of glucose might therefore

not be detectable in the presence of lactate at the wavelengths used.

Spent media revealed to be the most challenging background tested for the buffer

model. Matrix effects on spent media are not accounted for in the buffer model. Addi-

tionally, the model in buffer has been built including glucose concentrations up to 10

g/L. The higher level of spiked glucose exceeds this value which results in less accu-

rate results. A robust NIR model must incorporate the full concentration range of the

components being modelled (Workman, 2008). A larger range of calibration standards

would therefore be required in this case.

Macaloney et al. (1997) made some similar observations while assessing the effect

of changes in the C:N ratio in robustness of models for analytes concentration. Model

performance was good if a similar feed formulation would be used although when new or-

ganic components are added they can create additional overlapping absorbances which

might significantly change the bias and/or slope of a particular model. They also ob-

served that statistics of biomass predictions were better when the concentration range

being predicted was similar to the one used in the model.

3.3.5 In-line Approach to Universal Model Development

The previous section has described an at-line approach to reach a universal model. As

discussed in section 2.3.1 there are however multiple ways to obtain NIR measurements.
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While at-line provides valid information, it is based on manually collected samples

which are of limited frequency. As such, it can be that the bioprocess has prematurely

entered the death phase. In-line measurements provides real time information, allowing

the user to intervene in the bioprocess when necessary. On the downside, given the

nature of in-line probe being inside the fermentation vessel, the collected spectra are

subject to the fermentor process variables, such as agitation, aeration and temperature.

This section will first measure the variability caused by process variables on spec-

tra. The consequent model development deals with this variability by keeping process

variables constant. As such, an in-line approach to the universal model is provided.

3.3.5.1 Effects of process variables

Process variables can have an effect in the collected NIR spectra. Temperature, agita-

tion and aeration were analysed.

3.3.5.1.1 Temperature Effect

As temperature changes influence the vibration intensity of molecular bonds, it is highly

relevant to know the effect of temperature variation in spectra. Pure spectra of water

and glucose in water were analysed.

To analyse the temperature effect in water peaks, three different temperatures were

compared from spectra collected in-line. Figure 3.30 shows three spectra at three

different temperatures. It is possible to see that an increase of temperature (from blue

colour to red) results in sharper peaks in the O-H first and second overtone regions

(1400 nm and 950 nm, respectively) and a shift left (towards lower wavelengths) of the

peak in the O-H combination region (1900 nm). The latter is a composition of different

hydrogen bonding. When the temperature increases the number of free OH groups

increase as well, so the relative absorbance of the other peaks increases while this peak

shifts towards higher energy (lower wavelengths). This is in agreement with what was

described by Wülfert et al. (1998).

For glucose solution, the same relation with temperature is visible 3.32 but it might

be attenuated by the C-H bonds which also absorb in the region of O-H first overtone.
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Figure 3.30: Second derivative of the online spectra of water at three different temper-
atures: 10°C (in blue), 20°C (in green) and 30°C (in red).

In order to investigate if the peaks in C-H region detected in water spectra might

have resulted from glucose residues, both spectra were plotted together (collected at

the same temperature, 20°C) and the peak of interest is shown in Figure 3.34. By

comparison, the peaks result from glucose as they overlap in this region.

3.3.5.1.2 Agitation and Aeration

Different authors have stated that hydrodynamic conditions in the fermenter change

the spectra thus the agitation rate and the aeration rate must be kept constant during

calibration and validation runs (Cervera et al., 2009). Thus, it is fairly recognised that

it has a relevant impact on the spectra but it is not often referred how it affects the

spectra.

With the data collected with step changes, a PCA model of the second derivative

spectra was developed. The scores plot obtained is presented in Figure 3.35, coloured

by time evolution (top plot) and by stirring speed (11, 450 and 900 rpm) (bottom

plot). Scores are clearly grouped by stirring speed thus the same agitation speed

always resulted in similar spectral features. A relation between the spread of the scores

and the agitation is noticed as well: lower agitation values resulted in clusters more

concentrated and as the value of agitation increases the scores spread through the scores
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Figure 3.31: Closer look to stronger absorption peaks of water: second O-H overtone
(top), first O-H overtone (middle), O-H combinations region (bottom).
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Figure 3.32: Second derivative of the online spectra of 2.5 g/L glucose solution at three
different temperatures: 10°C (in blue), 20°C (in green) and 30°C (in red).

plot.

Taking a closer look to raw spectra collected at the same point of aeration (Figure

3.36), it is clear the strong effect that agitation has in the baseline. It is also seen that

high agitation leads to higher levels of noise.

The fact that scores are more spread when the agitation increases is related with

the level of noise in spectra, less information is taken out of the spectra. Figure 3.37

shows spectra (treated with the second derivative) collected at 11 rpm (left side) is

compared with spectra collected at 900 rpm (right side) in which the level of baseline

noise has almost the same magnitude as the strongest water peaks. A low signal to

noise ratio results in loss of sensitivity and that is also suggested by the scores plot

with the spreading of the scores at higher agitation.

To characterise the effect of the air flow in the spectra, two different values of

aeration at a constant value of agitation were collected and the raw spectra are shown

in Figure 3.38.

The air flow showed to produce the same type of effect in spectra, although much

less pronounced, that agitation produces. The population of bubbles increases with the

air flow increase, which can help the transmission (Tamburini et al., 2003). However,

if the bubbles also get bigger they may not enter the NIR probe slit and the light-
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Figure 3.33: Closer look to stronger absorption peaks of water: C-H vibration second
overtone (top), first O-H overtone (middle), O-H combinations region (bottom).
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Figure 3.34: Online spectra of water (blue) and 2.5 g/L glucose solution (red). The
region from 1080 to 1160nm corresponds to second overtone C-H vibrations.

scattering increases. These results are in line with the ones discussed by Cervera et al.

(2009).

3.3.5.2 In-line Model Development

The goal was to develop a basic model in water for each analyte (lactate and glucose);

extrapolate to predict the other datasets in different backgrounds: water, buffer, fresh

media and supernatant. Once the effects of the different confounding factors are well

known these can then be integrated into the original model. The calibration data was

obtained by a constant feed of the analyte into the bioreactor. Setpoints of agitation

and temperature were fixed and no aeration was used. For the PLS models, the wave-

lengths of 1600 - 1724.5 nm were selected and a MSC with first derivative was used as

preprocessing. Lactate was increased up to a concentration of 5 g/L and glucose was

increased up to 10 g/L.

The scores plot of the PLS model developed for glucose is shown in Figure 3.39 and

a RMSEE of 0.31 g/L was obtained and an R-squared of 0.990. The first variable (t1)

in x axis correlates to the increase of glucose concentration.

After this experiment, four additional ones were executed in the same vessel:

� glucose feed into the vessel containing a solution of lactate in water at 5g/L
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Figure 3.35: Scores plot of PCA model developed for collected spectra (treated with
second derivative and smoothing filter) with step changes for agitation and aeration,
coloured by time (top plot) and by stirring speed on the bottom plot (100 rpm in blue,
450 rpm in green and 900 rpm in red).
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Figure 3.36: Raw spectra of glucose solution at 0.2 slpm and different stirring speeds:
11 rpm in blue, 450 rpm in yellow and 900 rpm in red.

� glucose feed into fresh media

� water feed into glucose solution

� glucose feed into solution containing cells and lactate

Figure 3.40 overlays the predicted and actual trends for glucose in these four ex-

periments. In general, all the trends predicted from the model (green lines) follow the

expected concentration in the vessel (blue lines), which is obtained by the volume of

solution in the vessel and the amount of concentration being fed per unit of measure-

ment.

Particularly, plots A and D show that the rate of change of glucose is accurately

predicted in an environment with lactate. Plots B and C show some deviations from

the expected trend. This could potentially be explained by the reference collected by

the instrument every 30 minutes. Since it takes 19sec to collect one spectra, a total of

95 spectra have been collected after 30min. This corresponds to the first large deviation

in plot B after the 95th spectra. Apparently, this procedure causes additional variation

in the spectra that the model does not include yet. The same sort of deviations can be

seen in plots C and D.

The scores plot of the PLS model developed for lactate is shown in Figure 3.41 and
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Figure 3.37: Second derivative with Saviztky-Golay smoothing filter of spectra collected
at 11 rpm (top) and collected at 900 rpm (bottom).
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Figure 3.38: Raw spectra of glucose solution at 11 rpm and different air flows: 0.2 slpm
in blue and 1.5 slpm in red. The full spectra is shown in the top plot and the bottom
plot shows a close up of the first wavelengths in order to detect the difference in the
baseline. Three spectra sampled at each of these two moments are shown.
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Figure 3.39: Scores plot of the PLS model developed for glucose concentration based
on in-line spectral collection.

Figure 3.40: Trends of glucose based on the obtained PLS model. Green lines are pre-
dictions and blue lines are ”observed” (expected based on the feed rate) concentrations
of glucose.

89



Chapter 3. Characterization of the Fermentation Matrix by NIR Spectroscopy

Figure 3.41: Scores plot of the PLS model developed for lactate concentration based
on in-line spectral collection.

a RMSEE of 0.14g/L and an R-squared of 0.990 were obtained. The first variable (t1)

in x axis correlated to the increasing of lactate concentration. Figure 3.42 overlays the

predicted and actual trends for lactate in these four experiments below:

� Lactate feed in a different day (plot A)

� Lactate feed in fresh media, in sterilised conditions (plot B)

� Lactate feed in a solution of glucose in water (plot C)

� Lactate feed in solution with cells (plot D)

With exception of plot B, all the trends predicted from the model (green lines)

followed the expected concentration in the vessel (blue lines). Plot B shows that the

feed of lactate in fresh media cannot be accurately predicted by the simplified model

of lactate in water.
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Figure 3.42: Trends of lactate based on the obtained PLS model. Green lines are
predictions and blue lines are ”observed”, ”ground truth” (expected based on the feed
rate) concentrations of lactate.
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3.4 Conclusions

This chapter focused on one of the main sources of variability involved in spectroscopic

measurements in a bioprocess environment, which is the nature of the matrix. A

detailed methodology was designed to obtain information about key analytes within a

range of matrices of differing complexity.

The best wavelengths to describe the two analytes of interest in this study (glucose

and lactate) were identified based on chemical knowledge and spectral observations.

Also, since the goal is to evolve to online systems, the region between 1630-1750 nm

was chosen as the most suitable.

The optimum spectral pre-processing was determined as the second derivative, with

the data also being mean centred. This way the information content is enhanced, and

the developed models are more able to pick up the desired information.

Utilising PCA models and thorough analysis of scores and loadings, the difference

between matrices was demonstrated. A comparison of loadings plots allowed the de-

convolution of spectra between individual analytes of interest and any matrix effects

on the spectra. Thus, revealing which wavelengths were relevant in each case and this

information can then be utilised in subsequent analysis.

However, care must be taken since the variance explained by the comparison of

loadings plots could result, not only from the contents of the matrix, but also from

other sources of variability such as temperature or instrument settings. Blank et al.

(1996) mentioned that some noise from instrumental variation can become embedded

in the calibration model due to correlation with the desired-property variation.

Individual PLS models were developed for each dataset and it was shown that within

each dataset it is possible to predict glucose or lactate concentration. The highest errors

of cross validation (RMSEcv) were ±0.839 g/L for lactate (obtained on spent media)

and ±2.45 g/L for glucose (obtained in the presence of cells). The contribution from

the analyte of interest in the spectra becomes less relevant as the complexity of the

background - and consequently the variance in the spectra - increases.

With regards to the aim of having a model developed in a simple matrix which is able
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to predict concentration levels on other matrices, the models for lactate quantification

were better than the glucose models. Glucose models yielded no satisfactory results in

terms of extrapolation, other than for samples in water.

A real-time approach can be developed through in-line measurements. It was shown

that despite the added variation stemming from process variables, reliable trends can

be predicted based on a simple model of glucose in water.

The effect of temperature to NIR spectra was proven not to be linear throughout

the wavelengths. The vibration increase resulting from the higher temperature raises

the number of free OH groups causing the peak in O-H combination region to shift

towards the left (higher energy, lower wavelengths) and the relative absorbance of the

other OH peaks increases.

Agitation and aeration produce the same effect in NIR: the baseline is shifted to-

wards higher absorptions. However, agitation generates higher levels of noise in the

collected spectra than aeration. If strong agitation is required for the fermentation, the

spectral measurements might be compromised.

One option could be a combination of in-line and at-line strategies, given that the

in-line gives real-time qualitative information on the analyte trends. It could indicate

relevant moments to collect a sample for the at-line instrument. Further development

of the in-line model would then allow for real-time control with feeds of glucose, for

example.

This chapter has collected calibration datasets through an intensive workload, mak-

ing it prone to human error. The next chapter makes use of automation to avoid manual

mixture handling.
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4.1 Introduction

In developing an automated NIR system for small bioreactors, the previous chapter

used the traditional method of calibration involved in model development, where the

samples were collected and processed manually. That process can be time consuming

and prone to human error.

Expanding on the previous chapter, this chapter describes the application of an

automated liquid-handler to accurately prepare and scan the necessary mixtures for

the calibration of a NIR-measuring system. Such automated processes can not only

save time but also eliminate the human error involved in sample preparation. This

would also allow microbiologists to readily benefit from spectroscopy measurements.

The development of a fully functional spectroscopy-based measuring system de-

pends upon many factors, such as the selection of instrument, adequate configuration

for the current application, determination of an appropriate calibration dataset, while

model development can all create estimation bias and significantly alter the results.

All these challenges are magnified if the measurement is done in bioprocesses. Cul-

ture broths consist of highly changing matrices as physical and chemical conditions

can change throughout the bioprocess. Physical conditions such as temperature, pres-

sure, particle size, flow regime and air bubbles, can lead to nonlinear effects on spectra

resulting in failed predictions from linear models (Chen et al., 2004, 2013). More specif-

ically, changes in particle size can affect the optical pathlength and mask the spectral

variations related to differences in the chemical constituents (Jin et al., 2012); tem-

perature fluctuations can cause broadening of the spectral bands of absorptive spectra

of constituents in mixtures and nonlinear spectral shifts (Chen et al., 2011); air bub-

bles, flow rates, and solid impurities in the process flow impact the spectral absorption

and baseline significantly (Wu et al., 2012). Chemical conditions could change during

cultivation as well as between processes, as components of the media are consumed,

and new ones are formed. The spectra of the resultant composition would affect the

wavelength region that was previously selected and designed for an informative model.

Other sources of unaccounted variability can result from changing the fibre optic probe,
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or instrument aging or repair (Chen et al., 2013). Generally, the effect of perturba-

tions on spectra can range from completely unknown to wavelength axis shifts, spectral

shrinking/stretching, and nonlinear baseline shifts (Roussel et al., 2011).

This chapter targets the industrial context of developing an analyte measuring sys-

tem by means of spectroscopy (NIR) through an automated system that can be used

at early stages of bioprocess development.

Chapters 4 and 5 were developed within an internship at Sartorius Biosystems.

This chapter describes an NIR measuring system that was developed from scratch.

It included a prototype flow-cell, a diode-array spectrometer connected to transmis-

sion optical fibres and an existing automated liquid-handler that was adapted for this

application. This flow-cell can eventually be implemented in bioreactors. The auto-

mated liquid-hander can be programmed to function overnight, while generating the

appropriate calibration dataset for analyte prediction.

Having developed this prototype, the next step is to test the capability of the auto-

mated liquid-handler. In terms of hardware, the prototype must be able to accurately

aspirate the appropriate stock solutions, mix, dispense to the flow cell and waste. In

terms of software, the scripts for automation have to be developed, including a cleaning

procedure that ensures non-cross-contaminated samples.

To test the predictive capability of the NIR instrument, different datasets were

prepared by the automated system. Samples of pure analytes, binary and ternary

mixtures were prepared with the liquid-handler, automatically scanned by the NIR

instrument and discarded to a waste vessel. Ultimately, an optimized dataset for model

development of analytes of interest in fermentation should be identified.

The structure of this chapter is as follow: it will commence by describing the hard-

ware and software that were used to collect data in an automated manner. The method-

ology for data analysis and figures of merit used to evaluate the models obtained with

the new configuration will be described. Then, followed by a description of steps to

modify the hardware and development of a user-written scripts to collect spectroscopic

data in an automated manner will be detailed. Finally, under the results section, an

extensive exploratory data analysis will be presented with the goal of determining the
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achievable accuracy on the quantification of analytes with this new system.

4.2 Materials and Methods

This section describes the configuration of the hardware used and how it was adapted

for the desired application. It consists of hardware for spectroscopy (a miniaturized

spectrometer, light source, power supply, optical fibres, a prototype flow-cell) in com-

bination with hardware for sample preparation in an automated manner (pump valves,

moving wheel, distribution valve, syringe pump, tubing). A second section describes

the methods used for data analysis: software used for multivariate data analysis; spec-

tral pre-treatments; figures of merit used to evaluate the obtained results of developed

quantification models; and quantification of variability.

4.2.1 Hardware Set-up

The instrumentation used for data collection is shown in Figure 4.1. This comprised

of a light source (B), responsible for generating the near infrared radiation, which goes

through the sample and it is collected in the detector (A) and the collected spectrum

is saved in the laptop through the USB cable. This radiation is transmitted through

the optical fibres (E). The studied mixtures were prepared with an automated liquid-

handler, the AM (analysis module) (C), and then sent through Teflon tubing to the

flow cell (D).

4.2.1.1 The automated liquid handler

The modified analysis module (AM) consisted of a syringe pump, five pump valves

connected to a dispensing wheel which feeds to a well vessel. A schematic diagram is

represented in Figure 4.2.

4.2.1.2 Spectroscopic Tools

A light source from Avantes (AvaLight-Hal) was used, together with a miniaturized

array detector (JETI Technische Instrumente GmbH). A classical spectrometer must
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Figure 4.1: Hardware set-up for sample preparation and near infrared spectra collection.
Legend in the picture describes the elements seen: A - NIR detector; B - light source,
C - Analysis Module used for sample preparation (AM); D - flow-cell; E - fibre optics.

split multi-chromatic radiation into its spectral components and therefore it is com-

posed by an input slit, a rotating dispersive element (prism or grating), an output slit

and a single detector. The array spectrometer uses a detector array instead of a single

one, which allows the implementation of fixed components. A classical spectrometer

has higher sensitivity and lower stray light, but involves several drawbacks such as

the moveable elements, the space consuming dimensions and the non-parallel measure-

ment. These drawbacks were overcome with the implementation of array detectors

(JETI 2005). Some disadvantages involved in the use of array detectors are their lower

sensitivity (than a monochromator), the precision and resolution is also normally less

than that of laboratory instruments with a rotating dispersive element (JETI 2005).

The AD converter (which transforms the analog signal to a digital level) delivers the

spectral signal in counts for each pixel. The pixels are numbered and these numbers

have to be transformed into the corresponding wavelength.
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Figure 4.2: Schematic diagram of the AM used (left) and detail of the syringe pump
(right).
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4.2.1.3 Flow-cell

The flow-cell prototype consists of two main metallic plates with two sapphire windows

between which the sample is halted for spectral collection as shown in Figure 4.1. The

procedure used to clean the flow-cell was to stream water through the cell using a

manual syringe, while creating some bubbles; then flushed with ethanol and finally,

connected to a tube of clean compressed air which would be gushed through the cell for

about 30 sec to ensure no droplets would be trapped in the small measuring gap. To

validate the procedure, intercalated samples of water and high concentration of glucose

were scanned over the course of some hours to guarantee the spectra of water samples

were collected free of glucose residues.

Figure 4.3: Configuration of the ”in-house-built” flow cell.

4.2.2 Data Analysis

4.2.2.1 Software

SIMCA 13 (Sartorius, Sweden) was used as extensive chemometric analysis tool for

multivariate modelling, visualization and interpretation of spectra. Further data ma-

nipulation was performed using the software R, through R-Studio.

4.2.2.2 Spectral Pre-treatments

Different pre-processing techniques were tested on the spectral datasets. Use of deriva-

tives were one of the most commonly employed methods. The first derivative removed

baseline offset variations and the second derivative removed baseline offset differences
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and differences in baseline slopes between spectra. Baseline shifts usually result from

physical changes as for example the increasing turbidity in the medium, that outcomes

from higher cell density, thus resulting in less light reaching the detector. For cases

in which chemical information in the spectra is of interest, such as in bioprocesses,

derivatives are useful to ensure robustness against these types of perturbations. The

Savitzky–Golay (SG) algorithm was applied for smoothing, which avoids noise aug-

mentation from the calculated derivative. SG computes the derivative and applies

smoothing in one single step by running a least-squares polynomial fitting (Rinnan

et al., 2009)

4.2.2.3 Figures of merit

To evaluate the performance of the models, the predicted concentrations of the valida-

tion datasets were assessed using various statistical analytical parameters in addition to

those already employed in the earlier sections of this thesis. The quality of quantitative

concentration predictions was evaluated by the relative percentage error in predicted

concentration (%RE), the root mean square error of prediction (RMSEP) and the bias

as defined by Eqs.(4.1-4.3), respectively.

Variability is the amount of imprecision. A measure of precision is the coefficient of

variation (CV), also known as RSD (relative standard deviation), given by the ratio of

standard deviation to the mean spectrum. The advantage of using CV is the fact that

it consists of an estimation of the variability independently of the signal intensity

The R-squared of a plot of the standardised residuals was also used to evaluate

the goodness-of-fit of the PLS models developed. While the residual is the difference

between the observed values and the predicted value, the standardised residual is the

raw residual divided by the residual standard deviation.

A well specified model should have randomly distributed residuals. A normal prob-

ability plot of the standardised residuals can be obtained in SIMCA both facilitates

and validates identified outliers and structure in residuals. In this plot, the points of

standardised residuals will lie in a straight line, between -2 and +2, when the origi-

nal residuals are randomly distributed. Thus, a value of R-squared (the coefficient of
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determination of the fitted line to these points) closer to 1 indicates a good residuals’

distribution.

RE% = 100 ×
√

Σn
i=1(Yobs − Ypred)2

Σn
i=1Y

2
pred

(4.1)

RMSEP =

√
Σn
i=1(Yobs − Ypred)2

n
(4.2)

Bias =
Σn
i=1(Yobs − Ypred)

n
(4.3)

%RSD = %CV =
SDpredictions

Meanpredictions
× 100 (4.4)

4.2.3 Solutions

All chemicals were purchased from Sigma-Aldrich unless otherwise noted. Stock so-

lutions of glucose were prepared from D-(+)-Glucose (G8270-5KG, Sigma-Aldrich)

and lactate stock solutions were prepared from (DL-Lactic acid 69775, Fluka, Sigma-

Aldrich). To obtain a solution of cells, a commercial dried baker’s yeast (S.cerevisiae;

dried baker’s yeast, Tesco, UK) was used. A solution of 30 g/L of washed cells was

prepared and stored at 4°C. To prepare this suspension, the appropriate amount of

dried yeast was rehydrated and made up to 100 mL of deionised water. After that,

this solution was centrifuged at 3000rpm for 10min, the supernatant decanted, the cells

were resuspended and then vortexed to ensure good mixing. This washing procedure

was repeated two times.

4.2.4 Development of Automated Spectral Acquisition

The developed methodology for spectral collection through this new system is described.

The variability involved was quantified and exploratory data analysis allowed for model

building and full characterisation of the capabilities of such a measuring system.
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4.2.4.1 Software settings for spectral collection

In order to implement the appropriate settings for spectral collection, samples were

manually prepared at a first stage and injected in the flow-cell. Spectra were collected

through the standard spectrometer software (the interface is shown in Figure 4.4).

To initiate spectral collection, a dark spectrum must be collected, which represents

the collection of a scan with the light source switched-off. After the light source is

switched-on, a reference spectrum of air is collected, for which no sample is inserted in

the flow cell and the resultant spectrum is obtained by the following equation:

CorrectedSpectrum =
Spectrum−Dark

Reference−Dark
(4.5)

Figure 4.4: Interface of software available for spectral collection freely available (Ver-
saSpec v3.1.4. by JETI).

The selection of the integration time (in ms) is also mandatory, which is the time

of light exposure to the pixel and was used to adjust the “ADC counts” (y axis on the

plot in Figure 4.4). For best measuring results, it is advised to select an integration

time that generates a signal between 2/3 and the full scale of the ADC counts was

used. Common integration times for array spectrometers are between 20 and 5000ms.

Longer integration times allow for more signal collection, until a point of saturation is
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reached.

As shown in Figure 4.5, at 50ms (orange line), and up to 200ms of integration time,

there are several regions of the spectra that become saturated. The maximum signal

at 25ms (yellow line) is within 2/3 of the full scale of ADC counts at the first region

of the spectra. However, at the second part of the spectrum (around a wavelength

index of 66), the integration time that satisfied this criterion was 50ms. In addition,

the selected integration time should not generate saturated regions in any part of the

spectra. Therefore, the developed PLS models were built on the spectra collected at

the integration time of 25ms.

Figure 4.5: Raw spectra of water collected at different integration times: 5ms (blue
line), 10ms (green line), 25 ms (yellow line), 50ms (orange line), 200ms (red line).

The coefficients of variation (CV) at each wavelength, given by the ratio of standard

deviation to the mean spectrum, were obtained for these raw spectra and were plotted

as presented in Figure 4.6. The CV gave an estimation of the variability independently

of the signal intensity. The plot in Figure 4.6 signified decreasing variability (blue ¿

green ¿ yellow ¿ red line) with increasing integration time (5ms - blue line, 10ms - green

line, 25 ms - yellow, 50ms - orange and 200ms - red line). At the orange line (50ms),

some values of CV are zero and the red line (200ms) shows many values of zero, as

well. However, as seen in the previous plot, these values correspond to the points of

saturation which might mean the standard deviation (SD =

√
Σ|x−x̄|2

n ) is zero. The
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best scenario is at 25ms (yellow line) as the CV values are the lowest possible without

reaching zero.

Figure 4.6: Coefficients of variation for raw spectra of water samples for different
integration times: 5ms (blue line), 10ms (green line), 25 ms (yellow line), 50ms (orange
line), 200ms (red line). The selected integration time was of 25ms.

Once the spectrum is correctly obtained, it can be visualised in the software in

terms of transmission/reflection units or absorbance. Data can then be extracted in

.txt or .csv formats.

Even though this approach works for the spectral collection of a few samples, it

becomes less practical for when a high number of samples is required. Therefore, a

methodology that allows a high number of spectral collection had to be developed, as

described below.

4.2.4.2 Automated spectral collection

Given the novel character of the built system, available spectral collection software was

deemed insufficient to collect the high number of spectra. A new script, written in

.xml (eXtensible Markup Language), was therefore developed. A flow diagram of the

user-written scripts is shown in Figure 4.7.
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Figure 4.7: Flow diagram of the script written for automated spectral collection.

4.2.4.3 Automated mixture preparation

With the goal of bridging the potential of NIR with the potential of automated liquid

handlers, an initial script was developed to use the valve pumps available in the modified

AM (Analysis Module) liquid handler (shown in Figure 4.2) that would measure the

amount of each stock solution and mixing in the well. A second, optimized approach

made use of the syringe pump (also seen in Figure 4.2) for liquid measurement. The

step-wise procedure was as follows:

A) AM is initialised; function ”InitialiseAM”;

B) Spectrometer is initialised; function ”InitialiseSpec”;

C) With the syringe pump, liquids are measured into the well;

D) To mix the solution, the syringe pump quickly aspirates the well’s contents and

quickly returns it; this step is performed three times to ensure good mixing;

4.3 Results

After collecting the various samples with the automated liquid handler and the de-

veloped scripts, the next step was to test it. The selected datasets were used to test
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both the model itself, as well as its ability to predict analytes outside of the calibra-

tion dataset. First, the model should be able to accurately dispense the solution and

execute the cleaning procedure in an automated manner. Second, the spectrometer

and flow-cell should be able to provide valid spectra. This will be tested by building

multivariate regression models to analyse variability and compare the different figures

of merit.

Except for testing the system, this section will investigate the system’s ability to

predict analytes outside the calibration dataset.

Calibration models were developed based on four different datasets: binary mixtures

(“glucose and lactate” and “glucose and yeast”) and ternary mixtures (“glucose, lactate,

buffer”, “glucose, lactate, fresh medium”). This will assist the ultimate goal of limiting

calibration procedures for the end user.

4.3.1 Binary Mixtures

4.3.1.1 Dataset Glucose x Lactate

A binary dataset of glucose and lactate composed of 77 individually samples were

prepared by the automated system described below. Three scans were collected per

sample. These samples were prepared between the 9th and 10th of February.

Model for Glucose

To quantify the concentration of glucose in this environment, different PLS were

developed, using different spectral pre-treatments. Table 4.1 shows the figures of merit

for six models. Both RMSEE and RMSEcv were used for model comparison, as well

as the R-squared of the standardised residuals. These metrics were defined in section

4.2.2.3.

All models used two latent variables. The two lowest errors of estimation were

yielded by models M3 and M5. These models also have an R-squared of the standardised

residuals higher than 0.99. The RMSEE was lower at M3 than M5, whilst the RMSEcv

was higher. However, the error of prediction (RMSEP) obtained on an external dataset

was lower through model M6 and thus this was the final model selected for this binary
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Table 4.1: Collection of the errors of estimation (RMSEE/RMSEcv) for the PLS models
developed for glucose concentration (in g/L), and the R-squared of the standardised
residuals.

Model Pretreatment RMSEE RMSEcv R-squared
M1 Raw spectra 12.8 13.0 0.927
M2 1der/SG 7.59 7.62 0.985
M3 2der/SG 6.56 6.75 0.996
M4 MSC/1der 8.17 8.25 0.98
M5 MSC/2der 6.67 6.65 0.993
M6 SNV/2der/SG 6.65 6.62 0.993

dataset. The detailed statistics for this model are shown in Table 4.2 and the scores

plot is in Figure 4.8.

Table 4.2: Model statistics for the PLS model for glucose concentration (in g/L), based
on 77 samples (231 scans).

These results prove the ability of the developed automated system of producing

reproducible mixtures between the two analytes, the syringe pump accurately collected

the solution from each stock, the cleaning procedure used between samples was efficient.

All these samples were randomly prepared and collected without human intervention

overnight (from 5pm until 10am). The arrows indicate the increase of glucose (orange

arrow) and lactate (green arrow). The position of the mixtures is correctly located in

the scores plot, in relation to the pure samples of glucose and lactate, as well as the

water sample. However, the PLS model was not able to isolate the effect of glucose in

the spectra from the effect of lactate and thus the loadings are a composition of both

effects.

Each point from the scores plot represents one full spectra. The preprocessed spec-

tra of pure samples of glucose at 0, 30, 60, 70 and 90 g/L are shown in Figure 4.9.

Differences between spectra were not easily detected. The spectra of pure samples of

lactate at 0, 0.5, 1.0 and 2.0 M with no preprocessing (top plot) and treated with SNV,
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Figure 4.8: Scores plot from the selected PLS model for glucose (M6); scores are labelled
by the concentration of lactate (M) and coloured by glucose concentration (in g/L and
as shown by the legend scale in the plot). Increasing concentrations of glucose along
the orange arrow and increasing concentration of lactate along the green arrow.

second derivative and Savitzky-Golay filter (bottom plot) are shown in Figure 4.10.

There are visible differences in the region of 1400 to 1600 nm between pure samples of

different concentration of lactate. Figure 4.11 shows three plots for contents of glucose

and lactate for the same sample index generated from two components of the PLS

model ordered by solutionID with which samples were randomly prepared.

Figure 4.9: Preprocessed spectra of pure samples of glucose (0, 30, 60, 70 and 90 g/L),
as used in model M6.

109



Chapter 4. Symbiosis of Automation and NIR Spectroscopy

Figure 4.10: Raw spectra of pure samples of lactate (0, 0.5, 1.0 and 2.0 M) (top plot)
and pretreated with SNV, second derivative and Savitzky-Golay filter (bottom plot).

Figure 4.11: Plots ordered by solutionID (x axis): plot A shows the two components of
the PLS model(black line is first LV, blue line is second LV), plot B shows the content of
glucose and plot C shows the content of lactate. All samples were randomly prepared.
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Predictions of Glucose in Different Datasets

In a normal scenario the developed model would be used to predict glucose concen-

tration in similar samples. However, the aim of this section is to challenge the model

with analytes outside the calibration dataset. If qualitative information can be ob-

tained at this point, it could indicate that some information can also be obtained from

fermentation matrices.

Prediction of a Dataset of pure samples of Glucose and Yeast

Firstly, a binary dataset of glucose and yeast was used and the predictions are

plotted in Figure 4.12. Cells have a strong effect on the spectral data as they could

cause a change of pathlength by reducing the transmitted light through the sample.

Employed pre-processing (SNV) should minimize some of these effects. In fact, a similar

error of prediction was obtained for glucose prediction of this dataset (7.9g/L) to the

error of estimation (RMSEE) of 6.7g/L. The ”observed” values in the plot were not

measured. It is assumed that the prepared stock of cells does not change during the

experiment and the system is able to mix the suspension and accurately measure a

sample. Thus, named ”ground truth”.

Figure 4.12: Ground truth vs Prediction of glucose in a binary dataset of Glucose and
Yeast (up to 1.5g/L). The points are labelled by concentration of yeast (in g/L) and
coloured by glucose concentration (in g/L and according to scale shown in the plot).

Prediction of Dataset of pure samples of Glucose and NaCl

The selected model was used to predict pure samples of glucose and pure samples
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Figure 4.13: Projection of pure samples of glucose (0, 10, 20 and 50 g/L) and NaCl
onto the scores plot of the selected model. Scores are coloured according to the glucose
concentration and labelled with the percentage of NaCl in the mixture.

of NaCl in water, as shown in Figure 4.13. The spectra of these new samples were

projected onto the scores plot of the glucose model (Figure 4.8). The pure samples of

glucose were projected into the same position inside the ellipse as in the original plot.

The pure samples of NaCl are outside of the ellipse which means they are classified

as outliers by a model that is based on glucose and lactate. The model’s capability

to correctly identify such exogenous spectra as outliers proves the specificity of the

model as well as the competence of the flow-cell with miniaturized spectrometer. Also,

a higher concentration of NaCl translated into a lower level of t2. Even though this

salt does not have unique NIR absorption bands, it can cause shifts in the water bands

along the wavelength axis.
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Model for Lactate

For the selected binary dataset, the investigation for a model to predict the concen-

tration of lactate is shown below in Table 4.3. The best results were obtained through

model M6 and therefore its detailed statistics are shown in Table 4.4 and the scores

plot in Figure 4.14. The RMSEE obtained was 0.076 M, which corresponds to 6.8g/L.

Table 4.3: Collection of the errors of estimation (RMSEE/RMSEcv) for the PLS models
developed for lactate concentration (M), and the R2 of the standardised residuals.

Table 4.4: Model statistics for the PLS model for lactate concentration (in M6), based
on 59 samples (177 scans).
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Figure 4.14: Scores plot from the selected PLS model for lactate (M6); scores are
labelled with concentration of lactate (M6) and coloured by glucose concentration (in
g/L and as shown by the legend scale in the plot).

Predictions of Lactate in Different Datasets

The selected model for Lactate developed in the binary dataset, was used to predict

lactate in different settings.

Prediction of Lactate in Binary dataset of Lactate and NaCl

The selected model was used to predict the lactate content in samples from a dataset

of lactate and NaCl in water (collected between the 10th and the 12th of February),

and the predicted scores projected into the scores space of the model (as shown in

Figure 4.14)are shown in Figure 4.15. The fact that outlying the samples with NaCl

are located outside the ellipse proves the specificity of the model to describe glucose

and lactate, while assuring that the effect being modelled is not uniquely the decrease

of water signal. Figure 4.16 shows the observed vs predicted and a RMSEP of 1.3M was

obtained for this dataset. Pure samples of lactate (plotted in dark blue) are accurately

predicted; the presence of NaCl in the mixture affects the predictions of lactate.
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Figure 4.15: Projection in scores plot from Figure 4.14 of mixtures of Lactate and
NaCl. The scores are coloured by Lactate concentration (according to the scale shown
in the plot) and labelled by NaCl concentration.

Figure 4.16: Ground truth vs Prediction of lactate in a binary dataset of Lactate and
NaCl (up to 1.5M). The points are coloured by NaCl concentration (in M and according
to scale shown in the plot).

Prediction of Lactate in Ternary dataset of Lactate, Glucose and NaCl

A ternary dataset of lactate, glucose and NaCl was predicted by the developed

model for Lactate. The projected samples are shown in the scores plot (Figure 4.17).
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Figure 4.17: Scores plot from the selected PLS model for lactate (M6); scores are
labelled with concentration of NaCl salt (M) and coloured by lactate concentration (in
M and as shown by the legend scale in the plot).

4.3.1.2 Dataset Glucose x Yeast

Datasets of glucose and yeast were prepared on the dates of 28th February, 1st March

and 2nd March. A selection of these samples was used for model development. Five

scans were obtained per sample prepared by the automated liquid handler, at 25ms of

integration time.

Model for Glucose

For the selected dataset the investigation for a model to predict the concentration

of glucose is shown below in Table 4.5. The lowest errors were obtained through model

M6, for which a total of 21 samples were used (105 scans). These samples were collected

on the 28th February.

The spectral pre-processing techniques ranged from derivatives (1st, 2nd) combined

with MSC and SNV. Scatter corrections (SNV and MSC) were used to minimize poten-

tial differences in pathlength caused by the presence of yeast in the samples. The best

RMSEP were obtained through model M5 obtained after wavelength selection. The

detailed statistics of are listed in Table 4.6 and the scores plot in Figure 4.18.
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Table 4.5: Collection of the errors of estimation (RMSEE/RMSEcv) for the PLS models
developed for glucose, and the R2 of the standardised residuals.

Table 4.6: Model statistics for the PLS model for glucose concentration (in g/L), based
on 30 samples (149 scans) from 28th February.

Predictions of Glucose in Different Datasets

The selected model was used to predict a similar dataset, prepared on a different day

and the predictions are plotted (x axis) against the actual values (Y axis) in Figure 4.19.

The high R-squared and the error of prediction similar to the RMSEcv demonstrate

the robustness of the model to external datasets, without extrapolation.

Model for Yeast

The increase of biomass content increases light scattering and causes a baseline

shift in the absorbance spectra (Tamburini et al., 2003). For this study the spectral

data was used in spectral counts. Using equation 4.5, spectra of samples of water and

yeast were transformed into absorbance (log 1/T) and plotted in Figure 4.20. The

expected effect of biomass on the baseline of absorbance spectra was then clarified.

These spectra also revealed the noise level after 2000 nm that most likely arise from

the optical fibres. Typically, NIR spectra of aqueous solutions reveal two major broad

bands due to OH vibrations found at the region between 1450 nm and 1950 nm, as
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Figure 4.18: Scores plot from the selected PLS model for Glucose; scores are labelled
with concentration of yeast (g/L) and coloured by glucose concentration (in g/L) and
as shown by the legend on the plot. A total of 11 mixtures and water samples were
randomly prepared and scanned over the course of a day.

Figure 4.19: Prediction of glucose concentration (g/L) in mixtures of Glucose and
Yeast, by the model described on Table 4.6, against the actual values of glucose (Y
axis). Points are coloured by glucose concentration (in g/L) and as shown by the legend
on the plot. An error of prediction of 5g/L was obtained for this external dataset.

seen in Figure 3.7. The main peak in these spectra should therefore be related to water

and perhaps the second bond was not detected by this system. The visible peak in the

absorbance spectra centred at about 1650nm corresponds to a region of C-H vibrations,

which could be originated by biomass (Vaidyanathan et al., 1999).

For selected samples from the described datasets, the investigation for a model

that quantifies yeast is described on Table 4.7. To build a model for quantification
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Figure 4.20: Spectra in absorbance units for samples of water (blue line), a mixture of
yeast 0.5g/L (green line) and a mixture of yeast 1.0g/L (red line). Solutions of higher
concentrations of yeast show higher absorbance values.

of biomass, there are two possible methodologies. One can choose to minimize the

scattering effect caused by the cells and apply corrections such as MSC or SNV to

capture the chemical variability (which should be mainly protein content) introduced

by the cells. Another option is to capitalise on the physical information in the spectra

by using the effects on baseline. Therefore, the raw spectra could also be used to track

biomass content in the broth. All developed models presented in the table have shown

similar values of RMSEEcv of approximately 0.05g/L of yeast. This indicated that

the measuring system can detect yeast as low as 0.15g/L. For all models, only one

component (rank) was to capture the majority of the variance in the data. The value

for each model is also listed in Table 4.7.

As all models yielded very similar results, an external dataset was used to challenge

the models and take a decision based on the RMSEP. Table 4.8 lists the error of

prediction of yeast content for the same dataset predicted by the different models. For

this purpose, samples from the dataset created on the 28th February, with yeast content

of up to 1.0g/L and 110 scans (22 samples, each sample scanned 5 times), was used.

Models M2 and M3 showed the same value of error of prediction (RMSEP). However, a

better correlation between the expected values and the predicted values was obtained

through model M2 with an R-squared value of 0.98, against 0.97 obtained for model
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Table 4.7: Collection of the errors of estimation (RMSEE/RMSEcv) for the PLS models
developed for yeast (in g/L), and the R-squared of the standardised residuals. Only
one component was needed for each model.

M3.

Table 4.8: Evaluation of the models for yeast concentration, listed in the previous table,
on the prediction of a dataset from 28th February. Both RMSEP and the coefficient
of determination (R-squared) are presented for each model. Model M2 performed the
best.

An investigation for selection of specific wavelengths was carried out. However, no

improvements were on the predictions were obtained and therefore was not described

here in detail. The statistical analysis for the selected PLS model for yeast’s concen-

tration (model M2) are listed in Table 4.9. Predictions for mixtures prepared on a

different day are plotted in Figure 4.21. All samples were slightly under-predicted in

comparison to the expected value, though qualitatively correct.
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Table 4.9: Summary of the PLS model for yeast concentration (in g/L), based on 58
samples (290 scans) from 1st and 2nd March.

Figure 4.21: Prediction of yeast concentration by model M2 (black line) and expected
values of yeast concentration for each sample (blue line). All samples were underpre-
dicted in comparison to the expected value, while the three levels of yeast content were
correctly described.

4.3.2 Ternary Mixtures

Mixtures of three analytes were prepared using the automated system developed. Mod-

els were developed for glucose and lactate in buffer and fresh media though more ternary

mixtures were prepared.

The performance of the models was tested on a similar dataset that was prepared

on a different day, with other ternary mixtures and binary mixtures. This allowed for

quantification of the effect of time periods and various conditions on the spectroscopic

measurements and stability of the system.

4.3.2.1 Dataset Glucose x Lactate x Buffer

Model for Glucose

A PLS model for glucose in the presence of lactate and buffer was developed and the

details are listed in Table 4.10. This dataset was prepared through means of automation

from the 17th to the 18th of February.
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Table 4.10: Collection of the errors of estimation (RMSEE/RMSEcv) for the PLS
models developed for glucose, and the R-squared of the standardised residuals, for the
dataset of ”Glucose x Lactate x Buffer”.
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Figure 4.22: Prediction of glucose in binary dataset by current model. Original predic-
tion through the model (orange line), ground truth content for each prepared mixture
(blue line) and prediction of glucose concentration after correction of the baseline (green
line). The content on lactate for each mixture is plotted by the purple dashed line and
the reading is on the right hand side of the plot. The RMSEP for glucose concentration
was 8.53g/L before correction and 8.40g/L after correction.

The described model was used to predict glucose concentration in a dataset of

glucose and lactate in water. Figure 4.22 plots the prediction of glucose (orange line),

lactate concentration in each sample (in dashed purple line, on the secondary axis).

The different levels of glucose were accurately predicted, independently of the lactate

levels.

A RMSEP of 8.53g/L was obtained, whilst a value of 6.6g/L of RMSEcv was ob-

tained for the calibration samples in buffer. A correction was applied to the predicted

values of glucose.

To correct for potential differences between days, and because no reference spec-

trum was used to correct each spectrum, a ”baseline correction” was applied to the

predictions themselves. For that, the mean predicted value of the samples with no

glucose (0g/L) was subtracted to each obtained prediction. The result is indicated by

the green line in Figure 4.22.

Model for Lactate

A PLS model for lactate in glucose and buffer was developed for the same dataset

and the details are listed in Table 4.11. The plot of observed vs predicted for a different
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day is shown in Figure 4.23.

Figure 4.23: Observed vs. predicted for lactate concentration of a different dataset
prepared from the 24th to the 25th of February. The RMSEP obtained was of 0.12M.
Scores are coloured by concentration of glucose as labelled in the plot.
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Table 4.11: Collection of the errors of estimation (RMSEE/RMSEcv) for the PLS
models developed for lactate, and the R-squared of the standardised residuals, for the
dataset of ”Glucose x Lactate x Buffer”.
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Table 4.12: Collection of the errors of estimation (RMSEE/RMSEcv) for the PLS
models developed for glucose, and the R-squared of the standardised residuals, for the
dataset of ”Glucose x Lactate x Fresh Medium”.

4.3.2.2 Dataset Glucose x Lactate x Fresh Medium

A ternary mixture of glucose, lactate and fresh medium was prepared between 16 and

17th of February. The results for model development for glucose and lactate in this

setting are described below.

Model for Glucose

A PLS model for glucose in lactate and fresh medium was developed and the details

are listed in Table 4.12. The model was tested for the prediction of a similar dataset,

though prepared on different days.

The binary dataset of glucose x lactate was used to quantify the influence of fresh
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medium in the spectra and an RMSEP of 17.5g/L was obtained (as seen in the plot

of ”observed vs predicted” shown in Figure 4.24). All samples were underestimated

by this model, although linearity was observed at R-squared of 0.98. The samples

with zero content of glucose were predicted at an average of -15.48g/L. A correction

was proposed for which the predicted average of these samples was used to correct

the prediction of other samples (pure samples and binary mixtures in the dataset).

The three different lines of glucose concentration are plotted in Figure 4.25: ground

truth (or expected) in dark blue, the original prediction in yellow and the corrected

prediction in green. Through this method a new RMSEP of 6.09 g/L was obtained,

which matches the expected values. The glucose model for binary mixtures yielded a

RMSEEcv of 6.65 g/L (as seen in Table 4.2) while the model for glucose based on the

ternary mixtures was 7.4g/L (as seen in Table 4.12).

Figure 4.24: Linearity of the prediction of the binary dataset ”glucose x lactate”
through the model based on ternary mixtures of ”glucose x lactate x medium”. The
R-squared is satisfactory but a shift of 15.2g/L is detected.
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Figure 4.25: Prediction of binary dataset. Original prediction through the model (or-
ange line), ground truth content for each prepared mixture (blue line) and prediction
of glucose concentration after correction of the baseline (green line). A RMSEP of
6.09g/L is then obtained.

Model for Lactate

A model for lactate prediction in the dataset of “Glucose x Lactate x Fresh Medium”

was developed and the summary of the statistical analysis is shown in Table 4.13. As

done in the previous section, a binary dataset of glucose and lactate in water was

predicted by this model. The concentration of lactate was over-predicted by the PLS

model based on ternary mixtures. The predicted average of samples without lactate

was used to correct the other samples and the results are shown in Figure 4.26. A

RMSEP of 0.106M was obtained after correction.

Figure 4.26: Original prediction through the model (orange line), ground truth content
for each prepared mixture (blue line) and prediction of lactate concentration after
correction of the baseline (green line). A value of RMSEP of 0.106M was then obtained.
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Table 4.13: Collection of the errors of estimation (RMSEE/RMSEcv) for the PLS
models developed for lactate, and the R-squared of the standardised residuals, for the
dataset of ”Glucose x Lactate x Fresh Medium”.
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4.4 Discussion

The application of automation into calibration development for spectroscopy can be

highly beneficial. The procedures that in the previous chapter took about three days’

work were now outperformed by automation simply with an overnight run of mixtures’

preparation.

In addition, manual mixture preparation is prone to variations in how the samples

were measured, dispensed into a preparation vessel and mixed. The presented PCA

scores plot have demonstrated the ability of the developed system for replicability since

the scores from the mixtures were placed in the expected position relatively to the

scores originated from the pure samples. This indicated that each required stock was

accurately aspirated with the syringe pump. The suggested methodology for mixing

the sample was efficient as well as the cleaning procedure between measurements.

The results also exhibited the capability of the miniaturized spectrometer used in

integration with the flow-cell. However, the errors of prediction were not satisfactory

(as seen in Table 4.14) as ideally should be below 1g/L.

Table 4.14: Summary of errors of estimation for glucose models developed in the dif-
ferent datasets.

Dataset RMSEE RMSEcv

Glucose x Lactate 6.65 6.62

Glucose x Yeast 3.08 3.12

Glucose x Lactate x Buffer 6.27 6.56

Glucose x Lactate x NaCI Salt 15.1 15.4

Glucose x Lactate x Medium 7.40 7.50

There are various reasons why these results were less positive than perhaps antici-

pated. First, the spectral collection might have to be further optimized. An integration

time of 25ms was selected but there might be the need to obtain more averages for a

single spectrum. Usually one single spectrum already results from co-added scans (e.g.,

32, 128) (Riley et al., 2001; Crowley et al., 2005; Sampaio et al., 2014), which should

improve the signal-to-noise ratio. Also, the pathlength used in the flow-cell was ap-

proximately 0.5mm. In comparison, the settings used in the previous chapter consisted
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of 32co-added scans per spectra and an actual measuring gap of 1mm was used in

the immersion probe (section 3.2.5.2). Given the strong absorption of water, the use

of NIR spectroscopy to characterise biological environments could be limited (Jensen

et al., 2003). The penetration depth is reduced by the water absorption, thereby, re-

ducing the signal-to-noise ratio (SNR). Also, for the fact that the spectra were used as

”counts”, instead of corrected absorbance (Eq. 4.5), it means that there was no cor-

rection applied for potential differences involving the background, temperature, state

of the instrument.

Despite the relatively high error of predictions, the predicted trends were valid.

This gives useful qualitative information that can be used when there is no need for

tight control of the analyte levels. In addition, the models for glucose and yeast in a

binary dataset both showed relatively low errors of estimation. These were therefore

selected as the models to be tested further with cultivation samples in the next chapter.
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4.5 Conclusions

The aim of this chapter was to develop a capable NIR-based measuring system that can

then be used by R&D scientists. Traditionally, the methodology to obtain a working

model based on NIR is labour-intensive. One of main challenges for the implementation

of spectroscopy in early stages of process development is the fact that the process itself

is not yet well defined, which complicates the required design space.

While developing such a measuring system, this chapter also investigated potential

calibration strategies that could minimize the efforts required by the end-user to ob-

tain valid predictions of the analytes of interest. Lastly, this chapter highlighted the

advantages of combining spectroscopy with automation by demonstrating the quick,

repeatable outcome typical of automation.

To achieve these goals, a miniaturized NIR spectrometer in combination with an

automated liquid-handler module (named AM, which consists of a syringe pump, pump

valves, dispensing wheel and a vessel) and a prototype flow-cell were developed.

To operate this new setup, this chapter also presented a guideline for the set-up and

manipulation of this automated system. The necessary procedures, here developed in

a user-written script, would then be integrated in a more user-friendly software for the

end user.

The chapter went on to demonstrate the power of automation and the AM specifi-

cally, to collect a large amount of mixtures. Without human intervention and therefore

human error, mixtures were dispensed to the flow cell, spectra were collected, the liquid

was discarded to waste and a cleaning procedure was executed. Such dataset can easily

be prepared overnight, and a valid model can be made available for the fermentation

samples in the following day.

The consequent exploratory data analysis used binary and ternary mixtures as

datasets to calibrate predictive models. Individual PLS models for Glucose and Lactate

were developed (and tested) in both settings and their predictive ability tested. Ideally,

the obtained models would be able to give some valid information on more challenging

matrices, such as a sample from a fermentation (which was then tested in the next
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chapter).

This relatively simple analysis provided a wealth of data. It was shown that initial

results were highly replicable, with low variation between them. In addition, within

the same datasets, predictions were relatively accurate. It proved harder, however, to

extrapolate models to samples outside the calibration dataset.

Various reasons were presented in the discussion as to why the errors of estimation

were high. Nonetheless, the predicted trends were valid, providing useful qualitative

information that can limit the calibration efforts of the end-user of such an automated

system. In the end, a binary mixture dataset was selected as optimal calibration dataset

that will be used to predict fermentation samples in the next chapter.
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5.1 Introduction

Bioprocess development is a time, cost and labour-intensive task, which aims to under-

stand the interactions between process parameters and product quality. To determine

the best performing microbial strain and optimal cultivation conditions, a large num-

ber of small-scale experiments has to be executed. This number is ever increasing with

advanced methods in genetic engineering and molecular biology being able to generate

thousands of different clones. With pressure to cut costs and reduce the time-to-market

of a biotechnological product, microbial cultivations have to be performed ever faster.

Bioreactor miniaturization can unlock the benefits of high-throughput screening and

optimization of fermentation parameters (Rowland-Jones et al., 2017; Kusterer et al.,

2008; Funke et al., 2010; Velez-Suberbie et al., 2017). Through the means of automation,

single-use bioreactor systems can deal with volumes in a highly accurate, reproducible,

and sterile manner (Xu et al., 2017). A fully automated bioprocess permits round the

clock exploitation, high levels of precision and is an effective tool for detection and

further evaluation of events. Socially, the effect of automation is also relevant as it

allows less interesting tasks to be performed more efficiently and reliably by machines,

whilst the scientist can be involved in more useful work.

The capabilities of process analytical technology, and specifically spectroscopic

methods, for monitoring relevant analytes of bioprocesses have been discussed in the

literature review and reinforced throughout the previous chapters. Challenges lie in

living organisms being one of the raw materials, the complex matrix background and

low concentrations of the metabolite of interest. In the particular case of miniature

bioreactors, the low volume of the vessels is also a constraint, for example, as it limits

the volume of samples to be collected to build a calibration dataset through the use

of offline measurements. Overall, as already mentioned in chapter 2, the challenges

of PAT implementation in Ambr® systems are threefold: calibration, integration and

cost.

Calibration is the first step involved in the development of a model and, likewise,

for NIR model. With this purpose, known data are used to determine the relation-
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ship between the observed spectral variation and the corresponding levels of relevant

components, i.e. analytes, in the medium inside the bioreactor. In later stages of

the bioprocess development, the process is largely consistent and reproducible and

therefore, calibration methodology for spectroscopic measurement can be relatively

straightforward. By contrast, at the early stages of bioprocess development this is not

the case. Many experiments need to be conducted as the bioprocess itself is not yet

defined. Therefore, novel approaches that do not rely on already established processes

are essential, solutions that function across a range of conditions without extensive

calibration methods.

Depending on the configuration used, the level of difficulty in the integration of a

spectroscopic instrument together with the Ambr® system in the laminar flow hood

(where it is placed to allow aseptic operations), might vary but it certainly poses a

challenge.

The implementation of spectroscopy instruments in the Ambr® would increase

its price and would have to be justified. At large scale, the culture is valuable and

spectroscopic approaches can be economically viable.

Some of these issues were addressed by Musmann et al. (2016) and Rowland-Jones

et al. (2017). Musmann et al. (2016) have reviewed the applicability of spectroscopic

techniques for miniature bioreactors and concluded that infrared and Raman spec-

troscopy are preferable in view of their greater range of applications in combination with

their suitability for high-throughput systems. Additionally, the work from Rowland-

Jones et al. (2017) took this further and three spectroscopic methods (NIR, Raman

and 2D-fluorescence) were experimentally tested to evaluate their ability to monitor

multiple analytes under suitable operational constraints required for mini-bioreactor

cultures. The main findings of this study were that:

� 2D-fluorescence measured ammonium concentration more accurately than Raman

and NIR.

� Raman spectroscopy was more robust at measuring lactate and glucose concentra-

tions in cell culture supernatant (RMSEcv 1.11 and 0.92 g/L, respectively) than

the other two techniques. The findings suggest that Raman spectroscopy is more
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suited for this application than NIR and 2D-fluorescence. The implementation

of Raman spectroscopy increases at-line measuring capabilities, enabling daily

monitoring of key cell culture components within miniature bioreactor cultures.

Even though Raman spectroscopy yielded better results than NIR (RMSEcv of

2.33 g/L for lactate and 1.53 g/L for glucose), in this study, this was not always the

case. In the study by Trunfio et al. (2017), these three spectroscopic methods were

also compared and NIR was found to perform the best. The fact is that spectroscopic

measurements are not yet a reality at the early stages of bioprocess development. Even

though, there is an increase on the intention of biopharmaceutical companies to im-

plement PAT that is 9.3% more in 2017 than in 2016 (Langer 2017). One of the main

reasons for the postponement of this process is the insufficient people in-house to man-

age the implementation (Langer, 2017).

As stated in the introduction, this thesis aims to bridge the capabilities of automated

liquid handlers with miniature bioreactors and NIR spectroscopy, unlocking the use of

PAT tools on a daily-routine and therefore facilitating the access to information for

the end-use. The concretisation of spectroscopy in the early stages of bioprocess devel-

opment using automated single-use miniaturized bioreactors and PAT would represent

a breakthrough in bioprocess development, improving productivity and shortening de-

velopment cycles, ultimately resulting in cheaper drugs reaching the clinic faster with

potentially improved safety and efficacy.

The previous chapter has shown the development of offline models for the key

biochemical parameters (glucose and biomass concentration) by making use of an au-

tomated liquid-handler to feed the sample to the NIR instrument.

This chapter would discuss the feasibility of the implementation of an NIR instru-

ment in automated bioreactors system such as the Ambr® system, using three different

methodologies: 1) pre-calibrated models (presented in chapter 4) used in the predic-

tion of samples collected from cultivations in the Ambr®; 2) models developed on

current standard solutions used for calibration development; and 3) models calibrated

with samples collected from the Ambr. After presenting the outcome of those method-

ologies, the discussion takes stock of important lessons that can be drawn for future
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implementation in the form of a roadmap for the integration of the NIR in the Ambr

bioreactors.

5.2 Materials and Methods

The end goal was to find the best methodology to obtain real time information on the

analytes in the medium of fermentation runs in a system such as the Ambr®15. For

this, fermentations of baker’s yeast (S.cerevisiae) were performed in the Ambr®15f

system and samples were collected. Given the existing correlation between glucose

and other analytes in the medium, spikes of high concentration of glucose were used

to break these correlations. These prepared mixtures were then scanned in the NIR

set-up previously described and offline readings of glucose were also obtained.

Minibioreactor system – Ambr®15f

All cultivations were performed in an Ambr®15f system (shown in 5.1), from Sar-

torius Stedim Biotech (Royston, UK). The Ambr®15f consists of 24 single-use mini-

bioreactors (each with a working volume of 10-15mL) for fermentation processes that

are arranged in two sets of 12 (culture station 1 and culture station 2). Each culture

station (CS) has independent controlled background air flow, temperature sensor and

stirring plate for agitation control. Each vessel (shown in Figure 5.2) has its own heater

for fine temperature control and it is equipped with an agitator with one Rushton-like

impeller (11 mm diameter), a pH sensor spot and a DO sensor spot at the bottom

of the vessel, a sparge tube and a fluid supply tube (for acid and base addition, for

example). The Ambr®15f system is programmed to take pH and DO readings every

12s, and these readings can be used to control pH and DO. The pH spots are able to

measure between 6 and 8. A liquid handler (LH) is used to extract culture samples

and to perform automated liquid additions using disposable pipette tips. To maintain

aseptic operations, the system is placed inside a biological safety cabinet.
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Figure 5.1: The Ambr®15 fermentation system (on the left) and the disposable-
bioreactor vessel (on the right) which mimics a classical lab scale reactor.

Figure 5.2: Details of the Ambr®15f vessel: gas sparge tube (1), pH and feed tubes
(2), sample port (3), pH and DO sensor spots (4) and impeller (5).
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Bioprocess and Sampling Methodology

To facilitate the manipulation of the organism and since the end goal was to

demonstrate the quantification of glucose concentration, commercial dried baker’s yeast

(S.cerevisiae; dried baker’s yeast, Tesco, UK) was used. A solution of 30 g/L of washed

cells was prepared and stored at 4°C. To prepare this suspension, the appropriate

amount of dried yeast was rehydrated and made up to 100 mL of deionised water.

After that, these solutions were centrifuged at 3000 rpm for 10min, the supernatant

decanted, the cells were resuspended and then vortexed to ensure good mixing. This

washing procedure was repeated two times.

A basic S.cerevisiae medium was used, based on the procedures by Finn et al.

(2006), consisting of (NH4)2SO4, 15.0 g; KH2PO4, 8.0 g; MgSO4, 3.0 g; ZnSO4, 0.4g

per litre. This solution was autoclaved, and the pH adjusted to 6.5 with ammonium

hydroxide. All chemicals were purchased from Sigma-Aldrich unless otherwise noted.

A D-(+)-Glucose (G8270-5KG, Sigma Aldrich) stock solution of 400g/L was filtered

sterilised and used according to the desired concentration for each run.

Process conditions

The standard process setpoints were: temperature at 30°C, aeration of 1.5vvm

(15mL/min), with no control of pH or DO implemented. The stirring speed started at

1000 rpm and was increased to 1500 rpm, or to a maximum of 2000 rpm, in those cases

where the DO decreased below 20%. The initial working volume was 15mL for every

vessel and 10% of inoculum was used.

Sampling Methodology

Each sample collected from each vessel was scanned in the NIR straight after collec-

tion. The sampling methodology is described on Figure 5.3. Two vessels were sampled

per time point and a maximum of three sampling time points were performed per run.

A manual sample of 2mL was collected per vessel. This sample was then split into
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two: 1mL was used with no further processing and 1mL was centrifuged and its su-

pernatant collected. Both full sample and supernatant were used to prepare the five

different mixtures described in Table 5.1: ”raw”, ”gluc1”, ”gluc2”, ”gluc3” and ”di-

luted”. These mixtures were prepared with the goal of systematically changing the

trajectory of glucose consumption, avoiding correlations between glucose and yeast.

Figure 5.3: Methodology followed for each sample (2mL) collected from one vessel from
the Ambr®15f plate. A volume of 1mL is centrifuged and the supernatant collected
and used for preparation of mixtures which are then scanned in the NIR instrument.
A volume 1mL of the collected full sample is used for preparation of mixtures which
are also scanned in the NIR.
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Table 5.1: Composition of five mixtures prepared for both full sample from one vessel
and supernatant. A volume of 1mL was prepared for each mixture. The volumes (in
mL) of glucose, water and sample from the running cultivation are listed. A stock
solution of 200g/L of glucose (previously filter-sterilised) was used for these treatments

Mixture name Raw Gluc1 Gluc2 Gluc3 Diluted

Volume of glucose stock
200g/L (ml)

0.00 0.75 0.90 0.95 0.00

Concentration of glu-
cose originated from
stock 200g/L (g/L)

0.00 150 180 190 0.00

Volume of Sample (ml) 1.00 0.250 0.100 0.05 0.05

Water (ml) 0.00 0.00 0.00 0.00 0.95

Ground truth Glucose

Glucose concentration of the samples collected from the bioreactors were obtained

by strips that were designed to measure blood glucose levels (Accu-Chek Aviva, Roche

Diagnostics), due to its practicality and low price.

The ”ground truth” concentration of glucose in each volume of prepared mixture

was then calculated by adding the content of glucose stock to the appropriate content

sample concentration (which was determined through blood-glucose strips):

Conc.GlucGroundTruth =
VGlucoseStock × Conc.Glucstock + VSample × Conc.Glucglucosestrips

VTotalMixture

(5.1)

Mixtures ”gluc1”, ”gluc2” and ”gluc3” included 150g/L, 180g/L and 190g/L of

glucose, respectively. These high spikes of glucose increase the concentration to ”ac-

ceptable” levels of glucose; levels that have been previously detected by the developed

prototype (spectrometer and flow-cell set-up).

The glucose concentration in the original sample can then be calculated as described

in the table below (Table 5.2).

NIR pre-processing and Software

Spectra of both the whole matrix and filtrate samples were acquired with the spec-

trometer previously described in Chapter 4. A total of five scans were collected per
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Table 5.2: Calculation of glucose concentration in the original sample collected from the
bioreactor (either in the form of full sample or supernatant), based on the prediction
for each prepared mixture.

Mixture name Raw Gluc1 Gluc2 Gluc3 Diluted

Glucose prediction in
original sample(g/L)

Glucpred
Glucpred − 150

0.25

Glucpred − 180

0.1

Glucpred − 190

0.05

Glucpred
0.05

sample, over the entire range available (901 – 2186 nm). All NIR data was analysed

with SIMCA 13 and SIMCA 14, as well as R software.

Figures of merit

To evaluate the performance of the models, the predicted concentrations of test set

samples were assessed using different statistics. The quality of concentration quantita-

tive predictions was evaluated by the relative percentage error in predicted concentra-

tion (%RE), the root mean square error of prediction (RMSEP) and the bias as defined

by Eqs.(5.2-5.4), respectively.

RE% = 100 ×
√

Σn
i=1(Yobs − Ypred)2

Σn
i=1Y

2
pred

(5.2)

RMSEP =

√
Σn
i=1(Yobs − Ypred)2

n
(5.3)

Bias =
Σn
i=1(Yobs − Ypred)

n
(5.4)

143



Chapter 5. Realisation of NIR in Automated Bioreactor Systems

5.3 Results and Discussion

With the goal of determining the best approach for model development for NIR in a

setting such as the Ambr® systems, three different approaches were tested.

5.3.1 Summary of Datasets

To obtain real samples, several fermentations were performed in the Ambr® biore-

actors, throughout 4 different days. The specific conditions used in each vessel are

described below. Only one culture station (CS) was used per day, even though the

system has two available.

5.3.1.1 Run A - 28 April 2017

A scheme of the conditions used in each bioreactor of the CS during this run is shown

in Figure 5.4. Vessels 1 to 6 (top row of CS) were inoculated with 3g/L of yeast and

vessels 7 to 12 were inoculated with 6g/L of yeast. The first set of six vessels on the

left (v1, v2, v3 and v7, v8 and v9) had 15g/L of initial glucose in the medium and the

six vessels on the right (v4, v5, v6, v10, v11 and v12) had 30g/L of initial glucose in

the medium.

A sample was collected from a total of four vessels (v1, v3 and v7 and v9), three

hours posterior to inoculation. For each vessel, the full sample as well as the supernatant

were scanned in the NIR system. From the mixtures described in Table 5.1, only the

”gluc3” was prepared, at this point.

The readings of Dissolved Oxygen (%DO) over time for each vessel, recorded by

the Ambr, are shown in Figure 5.5. The agitation speed (in rpm) is also plotted in the

same figure.

All vessels were inoculated between 12h15 and 12h30. Three hours after, four

vessels were sampled: v1, v3, v7 and v9. After eight hours, a final reading of glucose

was collected offline.

From the readings of %DO, it is seen that from the moment of inoculation, vessels

v1 to v5 show lower %DO as they have more cells than v6 to v12. Vessel 2 showed
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Figure 5.4: Conditions of all vessels of CS1: vessels of the top row (vessel 1 to vessel
6) were inoculated with 3g/L of yeast and the vessels at the bottom row (vessel 7 to
vessel 12) were inoculated with 1.5 g/L. For each of these conditions, two different
concentration levels of glucose were tested: 15g/L (vessels 1, 2, 3, 7, 8, 9) and 30g/L
(vessels 4, 5, 6, 10, 11, 12).

a different behaviour from its replicates and therefore was disregarded. Depletion of

glucose in vessels that were inoculated with higher concentration of yeast (v3, v4,

v5 and v6) occurred at approximately 16h30, which led to an increase on the %DO.

However, the %DO was still 80% which might also indicate some growth. Crabtree

positive yeasts, such as S. cerevisiae, can go into alcoholic fermentation at high rates

of sugar uptake (when high concentrations of sugar are used), even at high contents

of oxygen (Weusthuis et al., 1994). Alcoholic fermentation is not desired because it

inhibits growth and reduces the biomass yield and thus the production of a potential

protein. To avoid this effect, fed-batch mode at a low rate of sugar can be used.

Based on the offline readings of glucose (plotted in Figure 5.6), its consumption

rate was 2.8 g.L-1.h-1 in vessels with 3g/L yeast and 15g/L initial glucose (marked

with circles in the plot); and 1.3 g.L-1.h-1 in vessels that were inoculated with 1.5g/L

yeast (marked with triangles) which contained 15g/L of initial glucose. No sample was

collected from the vessels containing 30g/L of initial glucose, at t=3h. However, using

the last glucose reading, from one vessel with 3g/L of initial yeast, the approximate

consumption was 2.3 g.L-1.h-1 (plotted with squares).
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Figure 5.5: Run A (from 28th April): %DO (dissolved oxygen) for each vessel (v1
to v12) and agitation speed (black line, secondary axis) over time. All vessels were
inoculated between 12h15 and 12h30, and there was a single sample point collected 3
hours after; vessels 1, 3, 7 and 9 were sampled. The lines in the plot are from the top
row vessels (which were inoculated with 3 g/L yeast) and the pointed lines are from
vessels on the bottom row (inoculated with 1.5 g/L yeast).

From this run, a total of 16 mixtures were generated for the NIR analysis: four

vessels were sampled, the samples separated into full sample and supernatant. For

each of these, both “raw” and mixture “gluc3” were prepared to be scanned.

5.3.1.2 Run B - 02 May 2017

The conditions of each bioreactor in the culture station are described in Figure 5.7,

all vessels were inoculated with 3 g/L of yeast solution, the top row vessels contained

medium with 15g/L of initial glucose and the medium in the vessels at the bottom row

of the CS contained 30g/L of glucose initially.

The readings over time for each vessel of this run, recorded by the Ambr, are shown

in Figure 5.8 and the glucose offline readings for the collected samples are plotted in

Figure 5.9.

All vessels were inoculated at 11h30. Vessels v1 and v7 were sampled right after.

At 15h00, v2 and v8 were sampled. At 18h00, vessels v3 and v9 were sampled.
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Figure 5.6: Glucose offline readings for samples collected from the vessels containing
15g/L of initial glucose in the medium and 3g/L of yeast (circles), samples from vessels
containing 15g/L of initial glucose and 1.5g/L of yeast (triangles), samples from vessels
containing 30g/L of initial glucose and 3g/L of yeast (squares).

Figure 5.7: Run conditions from vessels at CS1: all vessels were inoculated with 3g/L
of yeast and the medium in the vessels at the top row contained 15g/L of glucose and
the medium in the vessels at the bottom row of the CS contained 30g/L of glucose.
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Based on the offline readings of glucose (plotted in Figure 5.8), the consumption of

glucose was 3.6 g.L-1.h-1 (on the vessels with 15g/L of initial glucose) and 4.0 g.L-1.h-1

(on the vessels with 30 g/L of initial glucose).

In comparison to the vessels with the same yeast content from run A, for which the

glucose consumption rate was 2.8 g.L-1.h-1 (15g/L initial glucose) and 2.3 g.L-1.h-1

(30g/L initial glucose), the values are higher for run B. Given the procedure used for

biomass, it is possible that vessels of run B were inoculated with slightly higher content

of cells than vessels from run A.

From run B, a total of 60 mixtures were generated and scanned in the NIR setup at

the same time: six vessels were sampled, each collected sample separated into full sam-

ple and supernatant. Each of these was then used to prepare the 5 mixtures described

in Table 5.1 to be scanned.

5.3.1.3 Run C – date 03 May 2017

The conditions used in each bioreactor are described in Figure5.10 all vessels had fresh

medium with 30g/L of initial glucose; the vessels of the top row were inoculated with

6 g/L of yeast and the vessels from the bottom row 3g/L of yeast.

The readings over time for each vessel, collected through the Ambr®, are shown

in Figure 5.11 and the glucose offline readings for the collected samples are plotted in

Figure 5.12.

Because the vessels inoculated with 6g/L (v1 to v6, marked with lines in the plot)

had low %DO, the oxygen could become a limiting factor of the cells and therefore the

agitation was increased from 1500 to 1900 rpm.

Run C generated a total of 60 mixtures: six vessels were sampled, each collected

sample separated into full sample and supernatant. Each of these was then used to

prepare the 5 mixtures described in Table 5.1

5.3.1.4 Run D – date 04 May 2017

For this run the conditions of Run C were used again, as shown in Figure 5.10. The

dissolved oxygen and speed, for the 12 vessels, throughout the new run, are plotted in
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Figure 5.8: Readings over time of Dissolved Oxygen (%DO) (main Y axis) and agitation
speed (rpm) (secondary Y axis), for Run B. Full lines are from the vessels in top row
vessels of the CS - containing 15g/L of initial glucose in the medium - and pointed
lines are from vessels in the bottom row, which contained 30g/L of initial glucose.
Vessels were inoculated at 11h30 and samples were collected straight after from vessels
v1 and v7; at 15h00 from vessels v2 and v8; and at 18h00 from vessel v3 and vessel v9.
Agitation was constant at 1500rpm (in the secondary axis).

Figure 5.9: Glucose offline readings for samples collected from the vessels containing
15g/L of initial glucose in the medium (circles) and for samples from the vessels con-
taining 30g/L of initial glucose (triangles). All vessels were inoculated with the same
amount of yeast (3g/L). Using the first two points, the glucose consumption rate at the
top row vessels was 6.9g glucose/L.h and at the bottom row was 6.7g glucose/L.h.
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Figure 5.10: Run conditions from vessels at CS1: all vessels has the same medium with
initial glucose concentration of 30g/L; the top row vessels were inoculated with 6g/L of
yeast and the vessels at the bottom row of the CS were inoculated with 3g/L of yeast.

Figure 5.13. Bioreactors 2 (orange line) and 5 (dark blue line) were not selected to be

sampled because they showed a different behaviour from the expected, which is seen

for bioreactors 1 and 4. Vessel 6 (dotted green) might have been inoculated with 6g/L

of yeast, instead of the planned 3 g/L, since the values of DO match these conditions.

As seen before, the vessels with high content of yeast might have moved into alco-

holic fermentation, or consumption of another by-product. The levels of %DO indicate

that glucose finished at approximately 14h30, for bioreactors v1, v2, v5, v6.

Using the first reading of v4 and the first reading of v1 the consumption of glucose

was 7.3 g.L-1.h-1 for vessels with 6g/L of yeast. Using the first reading of v7 and the

first reading of v9 the consumption of glucose for bioreactors with 3g/L of yeast was

4.1 g.L-1.h-1. These values are in agreement with the ones from the previous run.

Run D generated a total of 80 mixtures: eight vessels were sampled, each one

split into full sample and supernatant which were then used to prepare the 5 mixtures

described in Table 5.1.
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Figure 5.11: Dissolved Oxygen (%DO) and agitation speed (rpm) in the second axis,
from Run C. Coloured lines are from the vessels in top row (inoculated with 6g/L
yeast) and pointed lines are from vessels in the bottom row (inoculated with 3g/L
yeast). Inoculation was at 12h40, samples were collected straight after from v1 and v7
(not shown in the plot), then from v2 and v8 at 15h30 and after, from v3 and v9 at
18h55.

Figure 5.12: Reference glucose readings of samples collected from the top row vessels
(inoculated with 6g/L of yeast) marked with circles and from the bottom row vessels
(inoculated with 3g/L of yeast) marked with triangles. The same medium was used
in all vessels and with an initial concentration of glucose of 30g/L. Using the first two
points, glucose consumption rate was 7.6 (g glucose)/L.h for the circles and 4.0 (g
glucose)/L.h (using the first two readings) for the triangles.
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Figure 5.13: Dissolved Oxygen (%DO) in the main y-axis and agitation speed (rpm)
in the secondary y-axis, from Run D. Full lines correspond to the vessels in top row of
the culture station (inoculated with 6g/L yeast) and pointed lines are from vessels in
the bottom row (inoculated with 3g/L yeast). Inoculation was at 12h20, samples were
collected straight after from vessels v3 and v10, then at 13h15 from the same vessels,
then at 14h00 (and again at 15h00) from v4 and v7 and finally, at 15h30, from vessels
v1 and v9.

Figure 5.14: Reference glucose readings of samples collected from the top row vessels
(inoculated with 6g/L of yeast) marked with triangles and from the bottom row vessels
(inoculated with 3g/L of yeast) marked with circles. The glucose consumption rate was
4.1 g.L-1.h-1 and 7.3 g.L-1.h-1, respectively. The same medium was used in all vessels
and with an initial concentration of glucose of 30g/L.
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5.3.2 Testing the Pre-calibrated Model

Two models (developed in the previous chapter), based on samples prepared through

the use of liquid-handler, were now challenged to predict the concentrations of glucose

and yeast in the real cultivation samples from the Ambr®systems.

5.3.2.1 Glucose Quantification

The model developed for glucose described in the previous chapter is summarised in

Table 5.3. The model developed for glucose was tested on the prediction of supernatant

and full samples and their mixtures. The results of predictions are summarised in Table

5.4 and Table 5.5. The samples with a prediction higher than 300g/L were considered

outliers and not accounted for in these tables.

Table 5.3: Model statistics for the PLS model for glucose concentration (in g/L), based
on 30 samples (149 scans) from Run A.

Table 5.4: Evaluation of the pre-calibrated model for glucose prediction of supernatant
samples (and prepared mixtures) from the different cultivation runs.

From the results in these tables it is evident that the pre-calibrated model is able
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Table 5.5: Evaluation of the pre-calibrated model for glucose prediction of the whole
samples (and prepared mixtures) from the different cultivation runs.

to give some information about the supernatants but the predictions of whole samples

yielded relative errors (RE) higher than 70%.

5.3.2.2 Yeast Quantification

The pre-calibrated model developed for yeast described in the previous chapter is sum-

marised in Table 5.6.

Table 5.6: Model statistics for the PLS model for yeast concentration (in g/L), based
on 23 samples (115 scans) from Run A.

In Figure 5.15 the prediction of yeast concentration against ground truth are plotted.

The samples were randomly scanned in the last day of cultivations.
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Figure 5.15: Yeast prediction (based on model described in Table 5.6) against ground
truth, for four mixtures of yeast in water.

5.3.3 Model Development on Updated Standards

With the goal of achieving a solution for samples collected from Ambr®cultivations,

new models were developed based on samples that were scanned throughout the days of

cultivations. This approach allows to have the exact same stocks of glucose and yeast

represented in the calibration dataset. A dataset composed by 3 standards of yeast (0.5,

1.0 and 2.0g/L), water samples (23 samples), fresh medium and pure glucose solutions

(24 samples) – 250 scans in total - was used for model development. The scores plot of

a PCA model for these data points is shown in Figure 5.16.
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Figure 5.16: Scores plot from PCA developed based on standards scanned during the
cultivation period. Water samples (centred in PC1=0), yeast samples (0.5, 1.0 and 2.0
g/L, on the left-hand side of the 1PC), fresh medium without glucose, fresh medium
with 15g/L of glucose, fresh medium with 30g/L of glucose, pure glucose samples (150,
180, 190 and 200 g/L).

5.3.3.1 PLS Model for Yeast

The statistics of the model for the PLS developed for yeast concentration are listed in

Table 5.7. Posterior to PLS model development, the model was tested on the prediction

of samples for which the yeast content was unknown. Thus, the predictions were plotted

per vessel or per time point and are shown below for the different runs.

Table 5.7: Model statistics for the PLS model that predicts yeast concentration in g/L.

Predictions of Yeast

To compare the predictions of yeast with the results from the pre-calibrated model

(which are summarised in Table 5.5), a similar table is shown below (Table 5.8). This

table was built based on samples with known concentration of yeast. The analysis of
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Table 5.8: Evaluation of the model for yeast prediction of full samples (and prepared
mixtures) from the different cultivation runs, developed on standards scanned through-
out the same days. Only samples with known concentration of yeast were used.

samples with unknown concentration of yeast had to be qualitative and is discussed in

the plots below.

The errors of prediction for yeast for unknown mixtures from runs B and C were

below 0.55g/L (Table 5.8). The three samples from run D showed higher error of

prediction but it can be due to different stock of yeast used. The prediction of each

prepared mixture was used to estimate the content of the original sample and each

appropriate calculation is described in Table 5.9.

Table 5.9: Calculation of yeast content in the original sample based on the prediction
of the prepared mixtures.

Figure 5.17 shows the prediction of yeast for the raw samples collected during run A,

as well as the estimated content calculated from the prediction of the mixture ”gluc3”.

No offline reading was obtained for yeast content on these samples. However, given

that vessels 1 and 3 were initially inoculated with 3g/L of yeast and vessels 7 and 9

with 0.5g/L, they should have a higher amount of yeast at the time of sampling (3

hours after). Therefore, the predictions of raw sample for v1 and v3 seem to be more

accurate than the calculation from the mixture of ”gluc3”.
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Figure 5.17: Prediction of yeast content in full samples: raw (circles) and in mixture
”gluc3” (triangles), for vessel 1, 3, 7 and 9, from run A (28th April). Vessels 1 and 3
are duplicates, as well as vessel 7 and vessel 9.

For run B, samples were collected in two different time points: straight after inoc-

ulation (timepoint 1) and 3 hours later (timepoint 2). The predictions are plotted in

Figure 5.18.

Figure 5.18: Prediction of yeast content in full samples from run B (2nd May). Point
zero in the plot does not result from model prediction.
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For run C, the estimations of the yeast content in the original sample for each

scanned mixture (raw sample, in mixture ”gluc1”, in mixture ”gluc2”, in ”gluc3” or

diluted) are plotted in Figure 5.19 and Figure 5.20. The first plot shows the results

from the top row of the CS, which was inoculated with 6g/L of yeast and the second

plot shows the results from the bottom row of the CS, inoculated with 3g/L of yeast.

Two points of sample collection: after inoculation (v1 and v3) and 3 hours after (v2

and v8).

The average prediction for the samples from vessel 1 (using all the mixtures) is 6.3

± 1.3 and from vessel 2 is 6.9 ± 1.5. Thus, a growth of 0.6 g/L of yeast was detected

between the two time points.

Figure 5.19: Prediction of yeast concentration for the two samples collected from the
vessels inoculated with 6g/L of yeast at run C: vessel 1 (v1, red squares series) was
sampled straight after inoculation and vessel 2 (v2, green triangles series) was sampled
3 hours after inoculation. The x axis shows an index for the type of mixture scanned:
raw samples (0), in mixture “gluc1” (1), in mixture “gluc2” (2), in mixture “gluc3”
(3), and diluted (4). The prediction was corrected for the amount of original sample in
each mixture as described in Table 5.9.

The prediction of yeast concentration from the samples collected from the bottom
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row (inoculated with 6 g/L) estimated from the different mixtures is plotted in Figure

5.20. The sample from vessel number 7 (purple diamond series) was obtained straight

after inoculation and the one from vessel 8 (black circle series) was obtained 3 hours

after. The mixture gluc3 for the sample from v7 is lower than expected and for the

sample from v3 is higher than expected. Thus, only considering the raw sample from

v7 and from v8, the growth of yeast was 0.33g/L.

Figure 5.20: Estimation of yeast concentration for the two samples collected from the
vessels inoculated with 3g/L of yeast at run C: vessel 7 (v7, purple diamond series) was
sampled straight after inoculation and vessel 8 (v8, black circle series) was sampled 3
hours after inoculation. The x axis shows an index for the type of mixture scanned:
raw sample (0), in mixture ”gluc1” (1), in mixture ”gluc2” (2), in mixture ”gluc3” (3),
and diluted (4). The prediction was corrected for the amount of original sample in each
mixture as described in Table 5.9.
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5.3.3.2 PLS Model for Glucose

The PLS model developed for glucose, based on the described dataset, is summarised in

Table 5.10. The details of the calibration and validation datasets are described in Table

5.11. Predictions of glucose for run D are plotted in Figure 5.21. As expected, in vessels

inoculated with higher cell densities glucose was consumed faster, which means that

valid trends were obtained. However, the plotted values were adjusted to the initial

concentration of 30g/L. Because high error of prediction were originally obtained, a

correction step is proposed below. For run D (4 May), the predicted trends are plotted

in Figure 5.22.

Table 5.10: Model statistics for the PLS model that predicts glucose concentration.

Table 5.11: Performance of the developed model for glucose prediction of the calibration
dataset and the validation dataset.
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Figure 5.21: Glucose prediction (adjusted) for run D, on vessels with 3g/L of yeast
(triangles) and 6g/L of yeast (circles)

Figure 5.22: Prediction of concentrations of glucose and yeast, over the course of run
D.
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5.3.3.3 Correction for Glucose Prediction

A methodology is proposed to correct the concentration of glucose predicted by the PLS

model, as described in Figure 5.23. Firstly, the NIR spectra of samples with known

content of yeast and glucose (i.e. mixtures of full samples) is used to calibrate a PLS

model for yeast and to calibrate a PLS model for glucose. With these predictions, a

new corrected prediction of glucose concentration is obtained.

Figure 5.23: Methodology for correction of glucose prediction.

The correlation between the error of prediction of glucose (x axis) and the prediction

of yeast for each sample is shown in Figure 5.24. A linear regression was built based

on the samples in black and tested on the red samples. The statistics of this model are

summarised in Table 5.12.

Table 5.12: Summary of regression built to obtain a new corrected prediction of glucose
based on the prediction of glucose and the prediction of yeast. The interaction term is
not significant and a general R-squared of 0.90 was obtained.

The regression was built with 9 samples (a total of 45 points) and was tested with

13 samples (total of 65 points). The prediction of the calibration and the validation

datasets are shown in Figure 5.25 and Figure 5.26, respectively.
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Figure 5.24: Prediction of yeast against error of prediction of glucose. Samples used for
calibration (black dots) and used for validation (red dots). Selection of samples with
more than 100g/L of glucose and less than 5g/L of yeast.

164



Chapter 5. Realisation of NIR in Automated Bioreactor Systems

Figure 5.25: Glucose concentration for the samples used for the regression: ground
truth (black line), original prediction from the PLS model (red dashed line) and new
corrected prediction of glucose (green line).

Figure 5.26: A total of 13 samples (5 scans each) was used for validation. Ground
truth (black line), original prediction from the PLS model (red dashed line) and new
corrected prediction of glucose (green line).
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Therefore, the following correction can be used on the glucose prediction:

NewGlucoseV alue = 0.368 × PredGlucose− 51.7 × PredY east (5.5)

Table 5.13: Performance of the regression model for calibration and validation datasets,
before and after correction.

5.3.4 Model Development on Cultivation Samples

A PLS model was calibrated on a total of 59 scans from samples of supernatants and

spiked levels from run B (12 individual mixtures). Figure 5.27 shows the scores plot

for this model and Table 5.14 summarises its statistics. A RMSEE of 4.35g/L was

obtained, and the loadings plot for the selected wavelengths is shown in Figure 5.28.

Table 5.14: Model statistics for the PLS developed on mixtures from supernatant
samples collected during run B.
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Figure 5.27: Scores plot of the PLS developed on mixtures from supernatant samples
collected during run B.

Figure 5.28: Loadings of the PLS developed on mixtures from supernatant samples
collected during run B. Latent variable 1 (black line) and latent variable 2 (blue line).
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Validation Runs

External validation of the model was done by using mixtures prepared in different

days. The RMSEP and bias are listed in Table 5.15 and Table 5.16.

Table 5.15: Summary of statistics of predictions of mixtures prepared with supernatant
from runA (raw supernatant and spiked ”Gluc3”).

Table 5.16: Summary of statistics of predictions of mixtures prepared with supernatant
from runC (raw supernatant and spiked ”Gluc1”, ”Gluc2” and ”Gluc3”).
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5.3.5 A Roadmap to Final Implementation

While Chapter 4 provided the groundwork for building a working automated liquid

handler that implemented spectroscopic tools, Chapter 5 used it to get readings of

cultivation samples. At the same time, both chapters described shortcomings and

lessons for the future. With these lessons in mind, it is possible to give a description

of a prototypical automated bioreactor system that incorporates spectroscopic tools.

For the studied system to be used daily by scientists in Research and Development,

the first step would be to assemble the tested automated analysis system (AM, liquid

handler, flow cell and spectrometer) in the Ambr® system. This could be challeng-

ing for lack of space in the current set-up. Alternatively, a larger laminar flow hood

would have to be used. A proposal for the set-up is shown in Figure 5.29. Ideally, an

appropriate filter for cells would also be integrated, allowing for manipulation of solely

the supernatant, for which the errors of prediction of the analyte to be determined are

lower. It is known that high cell densities might hinder spectral readings.

Specific software is required to control the Ambr® and the modified AM, to obtain

and record data from the spectrometer, MODDE (from Sartorius, used for Design of

Experiments) and eventually a PAT Management Software (such as SIPAT or SynTQ).

A PLS model can be developed in SIMCA (Sartorius) or The Unscrambler (CAMO)

and loaded into the Management Software. The collected spectra could be utilised and

the predictions can be sent to an eventual screen (HMI, Human Machine Interface).

Ideally the developed models can be used for feedback control. Based on the pre-

diction, made available by the PAT Management Software, the automation layer can

take the adequate action.

As for the calibration strategy used, there are two possible scenarios. Scenario 1

focus on a situation where qualitative information would suffice. On the other hand,

scenario 2 applies to a situation where more accurate readings are required. This

thesis has shown that a PAT specialist would be required to perform scenario 1 as an

appropriate model has to be designed and executed.
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5.3.5.1 Scenario 1 - a qualitative approach

For the first scenario, a calibration dataset based on synthetic standards can be devel-

oped in the AM (analysis module). The end-user would define the design space upfront,

i.e, select two main analytes and the range of concentrations that will be used. The

sterilised stocks of the two analytes, fresh media and a stock of cells, would have to be

made available in the sterile area. The automation would then prepare the samples.

During the fermentations, samples can be collected from the vessel, filtered and the

spectral reading obtained in the flow-cell, results in a prediction for which the trend is

still valid.

5.3.5.2 Scenario 2 - a quantitative approach

For the second scenario, the Ambr® should be used to run fermentations and then

the supernatants obtained. This can be prepared to be done overnight, for example.

The Ambr® system would be prepared with the same fresh medium as for the real

runs, and a stock of sterilised glucose prepared and available in the same hood. Then,

different concentrations of microorganism would be inoculated in each vessel. A possible

approach would be:

1 - System starts with the built-in model for yeast and glucose.

2 - Standards of air are collected to obtain the absorbance spectrum

3 – Depending on the desired design space, standards of the desired analytes glucose,

lactate in buffer at the correct temperature are used to correct the model from the

previous status to the desired conditions (e.g. spectrometer status and temperature).

4 – Some of the samples can be collected and the concentration of glucose or lactate

measured offline for confirmation.

5 – Prepare mixtures with the liquid-handler to extend the calibration dataset.

6 - During the calibration run, the monitor (HMI) can display trends from the

in-built model. For all following fermentations, levels of glucose from the adjusted

calibrations and displayed in real-time.

7 – If the developed models are accurate, feedback control can take place and the
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levels are adjusted appropriately.
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5.4 Conclusions

This thesis aims to gain productivity and efficiency improvements in the early stages of

bioprocess development. To that extent, the previous chapter developed a prototype of

an automated NIR system that can save time and reduced human error significantly.

This chapter applied that automated system to real cultivations using the Ambr®

bioreactors.

The real cultivation samples from the Ambr® systems were analysed through three

separate methods. First, two models that were developed in the previous chapter were

now challenged to predict the concentrations of glucose and yeast in real cultivations.

Second, rather than using standards that were scanned months before, standards of

glucose and yeast (prepared with the same raw materials and in the same time frame as

the cultivation runs) were used for model development. These results were obtained at-

line and using the spent medium collected from the samples after centrifugation. Third,

rather than using pre-calibrated models based on simple mixtures of pure analytes, a

new model was developed based on samples collected from the actual cultivation.

Method one, that pre-calibrated a model based on different standards, yielded errors

that were outside of an acceptable scope. When using current standards, the results

were significantly better, particularly for yeast (0.50 g/L). Following a correction for

the glucose prediction, the errors of prediction were also highly reduced (4 g/L). The

best predictions, however, were obtained by the third method, where a new model was

developed on samples collected from the actual cultivation. Predictions of samples of

supernatants varied between 5.16 and 16 g/L, as seen in Tables 5.15 and 5.16.

Various reasons can be thought of why initial predictions are outside of an ac-

ceptable margin of accuracy. The spectra were used as ”counts”, instead of corrected

absorbance (as per Eq. 4.5) which means that there was no correction applied for po-

tential differences in e.g. background, temperature, state of the instrument. Perhaps

a model transfer such as PDS (piecewise direct standardisation) would have been able

to correct for such differences.

To improve these results, an approach was proposed in which the predictions of the

173



Chapter 5. Realisation of NIR in Automated Bioreactor Systems

two individual PLS models (for yeast and glucose concentration) are used to correct the

prediction of glucose concentration. Second, the concentration of glucose in the samples

collected from the bioreactors could have been measured through, for example, a YSI

analyser (YSI2700 Biochemistry Analyzer, YSI Life Sciences) or HPLC. This would

yield a better reference for model development. The advantage of the used strips

was the practicality of obtaining the result at the moment of samples collection, it only

requires about 20µL of sample which makes them suitable for the small volume collected

from each minibioreactor. The reference concentrations can therefore be subjected to

some error.

Regardless of these limitations, model development on the actual cultivations used

for the predictions has the highest chance of success. The downside might be that a

PAT specialist or a chemometrician may have to assist in the model development. In

other cases, however, the pre-calibrated models can still supply valid information and

save significant time, in the least by providing qualitative information on the trends of

the analytes during cultivation.

This chapter’s final contribution comes in the form of a roadmap for the imple-

mentation of spectroscopy and automation into the Ambr bioreactors. Two possible

scenarios were suggested: qualitative and quantitative, with the latter unlocking the

potential of feedback control of analytes. This would represent a major step into a fully

self-controlled bioreactor system leading to further productivity improvements.
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This project set out to develop novel approaches for the integration of NIR mea-

surements in early process development of biopharmaceuticals. With this purpose,

automated minibioreactors were used (as they expand the possibilities of design of ex-

periments and subsequently increase knowledge of the process at early stages), available

NIR instruments were used (more affordable than other spectroscopic systems), new

methodologies were developed. This culminated in the first-ever prototype that com-

bines an automated liquid-handler with spectroscopy. Several multivariate methods

were constructed for the quantification of key analyte concentrations and an approach

to obtain better predictions was also proposed.

Throughout this thesis several attempts of using models to predict samples outside

the calibration range, were made. Even though this is an uncommon approach, the

goal was to evaluate the qualitative information obtained with this method and its

applicability in a fermentation environment.

After introducing the field with the Literature Review in Chapter 2, Chapter 3

shows a first approach to data, focusing on sources of variability involved in a fermen-

tation matrix, while using different NIR instruments. Both glucose and lactate were

modelled due to their importance in fermentations. The highest errors of cross valida-

tion (RMSEcv) were 0.839 g/L for lactate (obtained on spent media) and 2.45 g/L for

glucose (obtained in the presence of cells). This is largely due to increased complexity

of the background and increased variance in the spectra, which in turn also reduces

the contribution from the analyte of interest. Models predicting glucose concentrations

yielded no satisfactory results, besides the prediction from the samples in water. The

stronger effects of lactate on spectral features at the level of concentrations used might

be one of the reasons.

Chapter 4 described work developed during the 6 months internship at Sartorius

Stedim and the development of a system from scratch. For this purpose, an existing

automated liquid handler was adapted together with a prototype flow-cell and a pro-

totype diode-array spectrometer. The ability of this system to accurately prepare and

measure mixtures of key analytes in fermentation was assessed through an extensive ex-
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ploratory data analysis on binary and ternary mixtures. This relatively simple analysis

provided a large wealth of data. It was shown that initial results were highly replicable,

with low variation between them. In addition, within the same datasets, predictions

were relatively accurate. It proved harder, however, to extrapolate models from one

sample to another one.

Various reasons for this were explained in that chapter, relating to sample selection,

the spectrometer, the spectra and the pathlength. However, despite the relatively high

error of predictions, the predicted trends were valid. This gives useful qualitative

information that can be used when there is no need for tight control of the analyte

levels. This information is valuable for the end-user, and was applied in the following

chapter to predict cultivation samples.

In Chapter 5, yeast fermentations conducted in the Ambr® bioreactors were de-

scribed and the predictive ability of the models developed in Chapter 4 was tested.

These pre-calibrated models on glucose and yeast standards failed on the prediction of

complex fermentation matrices. Therefore, a different calibration dataset was selected.

For these new models, not only glucose and yeast’s fresh standards were used, but also

samples of fresh medium and water samples, which resulted in lower errors of prediction

of real fermentation samples. Particularly, the yeast model yielded good results, with

a RMSEP of approximately 0.5g/L for two different runs (B and C).

Because the model for glucose prediction was still not applicable, an extra correction

step was applied. A reduction of approximately 5 times of the error of prediction was

obtained for a test dataset by applying the proposed correction, that makes use of both

predictions from the PLS model for glucose and the PLS model for yeast.

Further to this, a final model for glucose on the mixtures of supernatant samples

was developed. Rather than using pre-calibrated models based on simple mixtures of

pure analytes, a new model was developed based on samples collected from the actual

cultivation. This yielded the best results, suggesting that pre-calibration may only

be desirable in specific cases. In more complicated cases, however, a PAT specialist

or chemometrician may still have to intervene to build a model from the cultivation

samples at hand.
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Here too, there were various lessons drawn on how to potentially improve the read-

ings. First, additional corrections might be required to match datasets collected at

different time points. Second, a better method for reference analysis of glucose could

have been used. Third, an approach was proposed in which the predictions of the two

individual PLS models (for yeast and glucose concentration) are used to correct the

prediction of glucose concentration.

In the end, these lessons culminated in a roadmap for the implementation of the

developed automated spectroscopic system in the Ambr bioreactors. While this the-

sis focused on NIR spectroscopy, the project made parallel strides using Raman, as

discussed in the next section.

6.1 Latest Developments

This thesis set out to investigate the use of spectroscopic methods in the early stages

of developments. Starting in 2013, it was part of a larger project within Sartorius

to expedite the biopharmaceutical development and benefit from the capabilities of

spectroscopy. As the previous chapter concluded, the prospects of NIR being the main

spectroscopic tool to fulfil that, might seem limited. However, a lot has happened in

the seven years that have passed since then. Most importantly, Sartorius have recently

(February, 2020) released a new commercial tool that finally unlocks the potential of

spectroscopy into the early stages of bioprocess development. Rather than using NIR

to do so, this tool, named BioPAT Spectro which is displayed in Figures 6.1 and 6.2,

uses Raman technology from Kaiser Optical Systems or Tornado Spectral Systems to

do so. In the context of the insights provided by this thesis, this chapter takes a closer

look at that and other recent developments in the field of Bioprocess Monitoring.

In the beginning of this project, Raman spectroscopy was not as developed as it is

now. The high cost of the instrument, possible fluorescence of some components of the

medium, the possible length of the optical fibres, were some examples of limitations to

this technique. However, manufacturers of Raman instruments have optimized their

solutions for bioprocess applications and developed specific probes for the application in
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Figure 6.1: The Ambr® system with BioPat Spectro using Raman from Kaiser Optical
Systems

Figure 6.2: The commercial version of the AM - Analysis Module.
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flow-cells (such as bIO-PRO from Kaiser1 or MarqMetrix2), or in single-use applications

(such as ProCellics from RESOLUTION Spectra Systems3).

In addition, Chapter 2 already mentioned the advantage of Raman being insensitive

to water. Furthermore, given the issues of NIR in dealing with water as shown by

this thesis, Raman’s water-insensitivity has proven to be more of an advantage than

initially anticipated. For these reasons, Raman was eventually chosen to be the best

option for process development as well as commercial manufacturing. As shown in this

thesis, BioPAT Spectro can allow for easier and faster model building, high-throughput

process development with spectroscopy. With such tool, all spectral and process data

can be used in a SIMCA-ready file for model building. Some of the cited advantages

are:

� Ambr® derived (Raman) models are more robust due to the use of all process

data, a large DoE design space, and automated spiking of Ambr® samples with

analyte stock solutions;

� Ambr® can use SIMCA® models to predict analyte concentrations and execute

process control in real time.

Note, however, that none of this is to say that NIR will no longer be employed

in the future. Instead, as shown in this thesis, NIR might still yield useful results

under certain conditions. In addition, a recent study by (Li et al., 2018) showed that

while Raman spectroscopy led to slightly better estimations for mAb concentration,

NIR spectroscopy showed a higher signal-to-noise ratio. As they concluded, ”NIR

spectroscopy remains a potential candidate, as further improvements of its real-time

prediction ability could be expected from investigation of other chemometric methods,

such as non-linear regression methods, and by using additional spectral data” (Li et al.,

2018, pp.212). Trunfio et al. (2017) also concluded that NIR generated lower prediction

errors than MIR and Raman. Finally, even when Raman outperforms NIR, Kozma et al.

(2017) has shown that NIR can still provide valid trends, which is confirmed in this

thesis.

1https://kosi.com/products/kaiser-raman-probes/bio-pro-probe-ks-785nm
2https://www.marqmetrix.com/products/flowcell/
3https://resolutionspectra.com/procellics-first-line-real-time-bioprocess-raman-analyzer/
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All in all, NIR and Raman are complementary since they provide information about

different analytes. Therefore, to have both techniques measuring the same sample would

also be a possibility. As spectroscopy is non-destructive, this is feasible, and using the

MVDA techniques from SIMCA one could get the best of both worlds.

Besides the actual spectroscopic tools, supporting tools for the BioPat Spectro

solution are also arising, such as new filters or automated analysers for reference tests.

For example, Nova Biomedical released the BioProfile FLEX2 Online autosampler.

This technology is based on MicroSensor Card technology with optical measurement

and freezing point osmometry and it can test for Gluc, Lac, Gln, Glu, NH+
4 , Na+, K+,

Ca++, pH, PCO2, total cell density, viable cell density, viability, cell diameter, and

osmolality. When an OPC-compatible control system is used, this tool can provide

real-time analysis and feedback control of all measured parameters.

Developments like these can thrive in the current era of Industry 4.0 where au-

tomation is taken to ever higher levels. It involves cyber systems that consist of smart

factories where the units of manufacturing industry interact, share information, and

make adaptive decisions without human intervention. In combination with Quality by

Design approaches allow for significant reductions in the development of drugs.

With the current onset of the Coronavirus (Covid-19) pandemic, the need for Qual-

ity by Design in order to allow a fast, cheap development of drugs is vital. The current

average time span between preclinical studies and the approval of a new product is

12 years (Morgan et al., 2011). Likewise, the price is a challenge as the life cycle of

a new pharmaceutical product can be estimated with different assumptions but the

average ranges from US$161 million (2009) to US$2.87 billion (2013) (Morgan et al.,

2011). Concurrently, big pharmaceutical companies are losing their main sources of

income as patent of important products expire, which creates pressure for more op-

timized processes, while biosimilars join the market (Steinwandter et al., 2019). A

quality by design approach, as well as the implementation of Industry 4.0, would allow

for the much needed reduction of time-to-market of a new drug. With the onset of

a global pandemic looming, the world is in desperate need for these developments to

come sooner, rather than later.
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