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PREFACE

It has been more than four years since I decided to become a Ph.D. student in
the Systems and Control Group of Wageningen University. In retrospect, |
think that by far most of the ideas you will find in this thesis were thought of
on the train or on my bike going home after a long fruitless day. In more than

fifty percent of the cases, the ideas turned out to be useful, even the next day ...

After four years, I have indeed managed to complete this book. Of course, |
have not done it all alone and this should be the place to thank all those who
helped me to make this thesis as thick as it is (although none of them were
present on the train or on my bike). Without them this thesis would have been
only half as thick. However, giving proper thanks to all those involved would
let this preface take over half of the thesis, thus quadrupling its size.

Therefore, I will refrain from summing up a huge thank-you list. I will stick to
only mentioning my promotor and co-promotors for their enthusiasm and
encouragement. They gave me the motivation to complete this study. And all
the students for their major contributions to the work involved in this thesis.
Finally, none of this work would have been possible without the permission
and support from the RIVM.

Ronald Neeleman
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1.1

CHAPTER 1

Bio-Pharmaceuticals and their Production

The primary concern in the pharmaceutical industry is not the reduction of
manufacturing cost (although that is still a very desirable goal), but the
production of a product of consistently high quality in amounts to satisfy the
medical needs of the population, while insuring safety and efficacy. This has
resulted in ‘process monitoring’ becoming an integral part of process
operation. The aim of process monitoring is to achieve early indicators of
changes in process operation that may result in low product yield or low
quality, or the observation of a disturbance that may result in the batch being
terminated early as the process is out-of-specification.

Process monitoring as it is generally applied in the pharmaceutical industry
comprises of monitoring the physical and chemical state of the process (e.g.
pH, temperature, dissolved oxygen, etc.). However, since the quality of the
product and the consistency of the process are determined by the physiological
state of the living cells inside the bioreactor [1], the ‘performance of biomass’
should be monitored. Therefore this thesis will discuss the use of monitoring
methodologies for the acquisition of information directly related to process
performance and especially to biomass performance.

Production Process

The production process of most bio-pharmaceuticals can be divided into two
major steps; upstream processing where the product is made and downstream
processing where the product is purified and treated for final presentation.
Upstream processing involves the preparation of media, cultivation of the seed
lot on inoculum scale, and the final cultivation of biomass in the bioreactor.
During upstream processing the main goal is to maximise product yield, which
can be biomass, proteins, DNA or a combination. When the final cultivation is
finished the process stops, the biological material is harvested and
downstream processing starts. Downstream processing is usually more
versatile and may involve purification, inactivation, detoxification, blending,
adjuvation, and filling. In between and during the various steps of bio-
pharmaceutical production samples - called in-process controls - are taken,
measured and compared to specifications.

This thesis is mainly focused on the cultivation step of upstream processing.
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Regulations

Regulatory approval of a pharmaceutical product is for the product and
process together. Thus, process modifications may require new clinical trials
to test the safety of the resulting product. Since clinical trials are very
expensive, process improvements are made under a limited set of
circumstances. Even during clinical trials it is difficult to make major process
modifications.

Pharmaceuticals sold on the market or used in clinical trials must come from
facilities that are certified as GMP. GMP stands for Good Manufacturing
Practice and concerns the actual manufacturing facility design and layout, the
equipment and procedures, training of production personnel, control of
process inputs (e.g., starting materials and cultures), processing, and handling
of product. The GMP guidelines stress the need for documented procedures to
validate performance. “Process validation is establishing documented evidence
which provides a high degree of assurance that a specific process will
consistently produce a product meeting its predetermined specifications and
quality characteristics” and “There shall be written procedures for production
and process-control to assure that products have the identity, strength, quality,
and purity they purport or are represented to possess.”

The key point is that process modifications cannot be made without
considering their considerable regulatory impact.

The Case of Bordetella pertussis

All theory discussed in this thesis is tested experimentally with various
organisms; Bordetella pertussis, Neisseria meningitidis, insect cells, and
hybridoma’s. However, most research is performed using B. pertussis, which
is the causative organism of whooping cough, a disease of the respiratory tract
that may be life threatening in infants and young children. The disease can
effectively be controlled by immunization with a vaccine consisting of
inactivated whole cells. Whole cell vaccines comprising of heat-killed virulent
B. pertussis cells were introduced in most European countries in the 1950s. In
the Netherlands this vaccine is administered together with diphtheria, tetanus
and polio vaccines to infants aged 2, 3, 4, and 11 months in four subsequent
intramuscular injections.
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Because whole cell B. pertussis vaccines have been associated with adverse
reactions, several acellular vaccines have been developed to replace the whole
cell vaccine. These vaccines are comprised of purified antigens from
B. pertussis such as toxin, filamentous hemagglutinin, pertactin, and fimbriae
[2]. The concentration of these virulence-factors in one dose of acellular
vaccine is generally higher than the corresponding concentrations in one dose
of whole-cell vaccine. Using data from literature it is estimated that the
number of doses acellular vaccine obtained per bioreactor volume is at best
fivefold lower than for whole-cell vaccines [3, 4]. So, to make the acellular
vaccine profitable, the volumetric productivity of B. pertussis has to increase.

Modelling With a View to Monitoring

Why Should Everybody Model?

The ability to describe an object, material, process or action in mathematical
terms is central to our paradigms for analysis and control. Detailed
mathematical models are used by engineers in academia and industry to gain
competitive advantage through applications of model-based process design,
monitoring, control and optimisation. Thus, building high quality and
validated mechanistic models is a key activity in process engineering.

When developing models that use a priori knowledge of physical, chemical or
biological laws to propose (one or more) possible models, these laws dictate
the model structure and invariably contain adjustable parameters. Typically, it
is desired to establish the most appropriate model structure and the best values
for the parameters, thus providing the best fit to experimental data.

Modelling Bioprocesses

The specific growth rate is one of the most important parameters in
biotechnological cultivation processes, and the relationships between the rate
of growth, substrate consumption and product formation are crucial for
monitoring, controlling, and optimising these processes. Therefore, it is of
importance to be able to properly model the specific growth rate as a function
of the states, e.g. biomass and substrates [5].

A common and classic approach for modelling bioprocesses is the assumption
that only one substrate is limiting. In the case of more than one limiting
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substrate, like with B. pertussis, non-interactive models are used that assumes
growth of micro-organisms to be limited by the most limiting substrate [6], or
an interactive limitation model 1s used where both substrates are
simultaneously essential and limiting. Although B. pertussis is clearly dual-
substrate limited, neither interactive nor non-interactive models seem
appropriate [7].

Biological models usually involve two kinds of parameters: the pseudo-
stoichiometric coefficients that rely on the underlying metabolic network and
the kinetic coefficients that indicate the relative speed of that network. The
difference of nature between these two kinds of parameters should be taken
into account, thus stoichiometry and kinetics should not be treated as a whole
in the identification exercise. A problem with dual-substrate limited growth
models is the estimation of these parameters, such as yields and maximal
specific growth rate. Contrary to single-substrate models it is not possible to
determine the yields independently from the growth rate, since the origin of
the formed biomass can not be reduced to one of the substrates. In this thesis it
will be shown how to implement a two-step procedure for identifying
separately the stoichiometry and the kinetics for the case of B. pertussis [7].

Software-Sensors for Bioreactor Monitoring

Need for Monitoring

The performance of the cultivation process depends heavily on the
environment suitable for efficient production of both biomass and product.
Local controllers maintain such an environment and in turn depend heavily on
the accurate and regular measurements. Typical online measurements include
temperature, dissolved oxygen, pH, agitation, and foam, (all used for control),
and off-gas analysis (used to calculate respiration data). With the increasing
move to high cell density cultivation requiring fed-batch growth strategy to
avoid substrate inhibition, as well as to provide an increasing measure of
control, the ability to access more crucial data online, such as biomass
concentration and growth rate, is becoming increasingly desirable.
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What Is a Software-Sensor?

Monitoring bioprocesses by on-line (in-situ) techniques is highly desirable
since it has the potential to produce significant improvements in process
control. However, an issue with pharmaceutical batch and fed-batch processes
is the relatively low level of sophistication of sensor-based instrumentation.
Whilst direct on-line measurement of the states may not be possible, the
influence of their variation can be observed in available online measurements.
It is therefore in certain instances possible to obtain an online inference of the
process states — such an approach is termed a software-sensor [8].

In other words, a software-sensor is a software algorithm giving an online
estimation for state variables in a cultivation, e.g. biomass, substrate and/or
product, whose analyses are normally time consuming, labour intensive and
costly. A software-sensor calculates this prediction from the available online
measurements using a model and proper mathematical inference. Recent
developments in the area of advanced bioprocess control have demonstrated
the applicability of inferential estimation of bioprocess state variables from
secondary variables monitored frequently and regularly online [9-16].

Application of Monitoring

The information gathered by one or more software-sensors can be used to
control the process, improve the accuracy and reproducibility of the feeding
strategy and reduce the labour-intensive offline analysis required. Moreover,
the ability of online monitoring the physiological conditions of biomass, the
biomass performance, potentially yields a better measure of quality then
current animal tests.

Controlled Fed-batch

Batch processing is synonymous with flexible manufacturing and has
advantage over continuous production in that the system can be more easily
modified to take account of changes in product specifications resulting from
changes in or evolving customer requirements. However, apart from varying
inoculum conditions and maintaining environmental conditions there is no
effective way to direct a batch process into a certain region of interest. Thus,
using a fed-batch process where substrates are fed to the bioreactor increases
the ability to control the process.
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Furthermore, fed-batch operation has been found particularly effective for
processes in which effects such as substrate inhibition, catabolite repression,
and product inhibition are important. These phenomena lead to growth rate
expressions that exhibit a maximum with respect to one or more substrate
concentrations. A living cell possesses a complex internal control system
involving phenomena such as activation, inhibition, induction, and repression,
which lead to such non-monotonic growth rate expressions. With optimal
control theory it can be shown that whenever the growth rate expression is a
non-monotonic function of a substrate, a fed-batch process is likely to
outperform both a continuous process and a batch process. The problem is
then the determination of the best feed-rate of substrate as a function of time,
where the meaning of best varies from problem to problem [17-27].

Fed-batch bioreactors may be operated in a variety of ways by regulating the
feed rate in a predetermined manner (feed-forward control) or by using a
feedback control. The most commonly used are constantly fed, exponentially
fed, and extended fed-batch. Where in extended fed-batch cultivation, the feed
rate is regulated to maintain the substrate concentration constant until the
bioreactor is full. However, the application of extended fed-batch is hindered
by the lack of online sensors for substrate. As a result a model-based controller
should be developed, which uses the information provided by software-
Sensors.

Prediction of Future Trajectory

While planning and scheduling is a common industrial problem, the
manufacture of pharmaceuticals by biotechnological processes has certain
unique planning and scheduling aspects. Since batch sizes are often fixed due
to process specifications and its corresponding validation requirements, the
cultivation time as important variable is left. Logically one should not harvest
too early in the process to avoid poor yields. And since the quality of the
product usually deteriorates within several hours after substrate depletion, it is
hence of great importance to harvest in time.

For the prediction of the moment to harvest it is important to determine what
has happened, is happening, and probably will happen in the bioreactor, based
on all available knowledge about the bioreactor and the process. Using a
proper model in combination with advanced monitoring techniques like
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software-sensors it becomes possible to reconstruct what happened in the past
and what the current state of the process is. From that the future trajectory of a
cultivation can be predicted, and thus the moment of harvest can be predicted.
In such case a simulation is started on operator request or on a regular
schedule, with the current reconstructed state to calculate the moment of
harvest.

Product Release

Besides using process monitoring for control purposes, it can be applied to
indicate process consistency and consequently to provide assurance of product
quality. When the physical state of the process is tightly controlled and the
physiological state, the biomass performance, can thoroughly be evaluated, the
opportunity is offered for batch release and regulatory approval based on such
data, without conducting a test on the final product. This technique is called
parametric release and it has the potency to be the ultimate alternative for the
use of animal tests.

Thesis Outline

Aim and Outline

The aim of this research is to examine the performance and reliability of
software-sensors for online monitoring the production of biologicals and to
inquire into the applicability of these sensors. Besides covering practical
applications for prediction, control and consistency checking, the perspectives
of these techniques in a pharmaceutical environment are inquired as well.

Monitoring

Chapter 2 gives some general background in biotechnology, process
engineering and systems theory for modelling and estimation as it is applied in
this thesis. This single chapter is not intended to cover these subjects as a
whole but as a cursory introduction to the theory used in the following
chapters. Chapter 3 describes an algorithm that estimates the dissolved carbon
dioxide concentration during a process. With this observed environmental
variable the respiration quotient of an organism could be determined. Thus, it
gives information on the pathways that the organism is using. In Chapter 4, a
growth rate observer is designed which proves to be a good technique for off-
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line calculation of the specific growth rate from available cell concentration
measurements. Both these chapters (3 and 4) present techniques that are
independent of the organism used and give valuable information about the
state of the organism. As a result the growth rate estimation algorithm was
used as a tool to understand the behaviour of B. pertussis in such a way that a
model could be developed in Chapter 5. Chapter 6 describes the development
of a generic on-line sequential observer for the specific growth rate and
biomass concentration based on common oxygen measurements. This
technique is again independent of the organism used. Besides an improvement
in the medium composition for B. pertussis, the techniques depicted in
chapters 5 and 6 showed to be valuable when applied for on-line monitoring
process performance.

Application of Monitoring

Chapter 7 combines the model of B. pertussis (Chapter 5) with the sequential
estimator (Chapter 6) to reconstruct the complete state of the process, e.g.
biomass and substrate concentrations, online. Then it uses these reconstructed
and estimated values to simulate the future trajectory of the cultivation in
order to achieve a prediction of the right moment of harvesting. The sequential
estimator and model are then used to construct a feed-forward-feedback
controller of the specific growth rate in Chapter 8. Chapter 9 describes its
application for indicating process robustness and consistency in a
pharmaceutical environment in order to considerably simplify validation and
ultimately reduce the number of animal tests used for the release of product.
Finally, Chapter 10 is a combination of concluding and reflecting the
achievements in this thesis and some future perspectives.
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Introduction

Modelling has become a prerequisite for the development of optimisation and
control methods. The usefulness of simulation models in connection with
experimental planning is also evident. Thus modelling and simulation are
valuable tools in basic biological research by directing investigators towards a
search for quantifiable results. Furthermore, for the practical implementation
of control, estimation of non-measurable state variables is necessary as well.
This chapter is written to introduce the techniques of modelling and estimating
biotechnological processes. The subjects will not be covered extensively but
briefly as an introduction to the theory used in the following chapters.

Modelling the Bioreactor

Modelling Biotechnological Processes

The modelling of biotechnological processes began with the equations of
Blackman in 1905 and Monod in 1942, which related the concentration of the
limiting substrate to the growth rate of the microorganism. Ever since, a great
number of models have been developed for a wide variety of processes using
different microorganisms. Most of them still contain kinetics of the Monod
type, which shows the fundamental nature of that equation.

Within the framework of this thesis it would be excessive to provide a
complete survey of all models or model structures. Therefore, emphasis will
be put on introducing the ideas and structure of models for biotechnological
processes together with some interesting examples.

A typical time course of batch cultivation is shown in Figure 1. With respect
to cell mass, the process can be divided into an initial lag phase, a growth or
exponential phase, a stationary phase, and a declining or death phase. The
initial lag phase is due to regulatory phenomena of the microorganisms as an
adaptation from the inoculum to the conditions in the bioreactor. During the
lag and growth phases substrate is in excess. In a later stage of the process,
substrate limitation, product inhibition, or other phenomena lead to the
stationary phase with a zero growth rate. This can be followed by a declining
phase in which the cell mass decreases due to lysis or endogenous metabolism.
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Figure 1: Typical time course of a batch process with biomass (solid) and
limiting substrate (dashed) concentrations. Showing a lag-phase, exponential- or
growth-phase, stationary-phase, and decline- or death-phase.

The behaviour is more complicated when product concentration is considered,
some products are fully growth associated and increase proportionally to the
growth rate. More complicated kinetics will be necessary, when separate
growth and production phases or secondary metabolites are involved.

The function of a biological model is to describe the metabolic reaction rates
and their stoichiometry on the basis of present and past bioreactor conditions.
Biological models or growth models can be classified using the conceptual
framework first suggested by Tsuchiya et al [1], as either structured or
unstructured and either segregated or nonsegregated.

Structured versus Unstructured Models

Unstructured models take the cell mass as a uniform quantity without internal
dynamics. The reaction rates depend only upon the macroscopic conditions in
the liquid phase of the bioreactor. Therefore the models only contain kinetics
of growth, substrate uptake, and product formation. This is a good
approximation if the response time to changes in the environment of the cell is
either negligibly small or very long compared to the duration of the cultivation
process.

In contrast to these unstructured models, the internal state of the cells can also
be considered which leads to so-called structured models. Such models are
structured on the basis of biomass components such as concentrations of
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metabolites, enzymes, DNA and/or RNA. With these models it becomes
possible to describe a lag phase or transient phase.

Segregated versus Nonsegregated Models

Nonsegregated models treat the culture as a collection of average cells, all
with the same characteristics at any given time. Usually unstructured models
are also nonsegregated models. Segregated models treat each cell as
independent, and a population as a collection of such distinct cells. They
describe different morphological types of cells or cell ageing and sometimes
describe the interactions between different cells.

General Model Structure

Biotechnological processes generally have the following structural elements:
the liquid phase, gas phase, and the biotic phase, the latter consists of the cells
or enzymes. All the reactions catalysed by microorganisms take place in the
liquid phase. The relevant components are:

—  Cell mass or biomass, Cy, autocatalytically synthesised from the
substrates.

—  Substrates, Cs, as energy and nutrient suppliers.
—  Products, Cp, inside or outside of the cells.

—  Dissolved gases, mainly oxygen, Cp, and carbon dioxide, C¢, which are
connected to the gas phase by mass exchange.

In Figure 2 the corresponding structure of a model of a biotechnological
process is shown. It consists of the liquid phase model, a gas phase model, and

> Gas phase >
Gas fractions, x

Gas flow rate, F
I Mass transfer, G

Liquid phase >
Concentrations, C

Feed rate, F;

Cells

Reactions, O

Figure 2: Structure of models for biotechnological processes.
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a cell model. Taking this biological model as a local microkinetic model, it
should be independent of the type of reactor and mode of operation.

Liquid Phase

The liquid phase of a mixed tank bioreactor can be modelled using input,
output and consumption mass balances:

dv,C
dt = L,in~in _FL,outC+QVL +GVL
1
dVL M
dt = FL,in o FL,out

Where C is the vector of concentrations of reactants (Cy, Cs, Cp, Cop, C¢), Fp iy
and F ,,, are the inflow and outflow rate of the reactor, V; is the liquid phase
volume, C;, is the vector of concentrations in the inflow, Q is the vector of
reaction rates in the liquid phase, and G is the mass exchange vector with the
gas phase. Rewriting these equations gives:

F, .
%z%(cm —C)+0+G
L (2)
dVL
dt = FL,in _FL,out

With the above model equations different kinds of processes can be described:

—  Batch cultivation: Frin=Fp 0u=0, V;=constant
—  Fedbatch cultivation: Fri#0, Fr =0, V;#constant
—  Semi-continuous cultivation: Frin#E1, 000, Vi #constant
—  Continuous cultivation: Frin=Fr 0?0, V;=constant

Besides this physical model, a kinetic model has to be established, describing
the biological reactions, Q, by the cells. A general characteristic of microbially
catalysed reactions is that the reaction rates are proportional to the amount of
active biomass:

0=q-Cy €)

17



CHAPTER: 2

Where ¢ is defined as the specific reaction rate expressed in mol-g"-h™" and is
related by laws of conservation and stoichiometry to represent the kinetic
equations of the cell model. For unstructured cell models these equations are
algebraic ones, while structured models also include further differential
equations for biological compounds [2].

Gas Phase

The main components of the gas phase are oxygen, carbon dioxide, nitrogen
and water vapour. Sometimes a biological product may also evaporate into the
gas phase, like ethanol. The mass balances for the gas phase are similar to
those for the liquid phase, except they are expressed by their mole fractions,
Xo, X, Xy, X, and xp, for oxygen, carbon dioxide, nitrogen, water vapour, and
evaporated product, respectively:
. F,.. F
%.p;/G: 7Gw,m_pin.xm_ Gfout~p~x—R-VL-G 4)

in

Where, x and x;, are vectors with mole fractions of the components in the gas
phase and the inlet gas flow, ¥ is the volume of the gas phase and F;, and
F .. are the rates of the ingoing and outgoing gas flows. G is a vector of the
transfer rates of the components from the gas phase to the liquid phase. p and
pin (Pa) are the pressures of the gas phase and inlet gas flow, T and T;, are the
temperatures of the gas phase and inlet gas flow, and R is the gas constant. It is
assumed that no nitrogen is exchanged between gas and liquid phases, and that
no product is present in the gas flow at the inlet:

xin:[xain xC,in xN,in xW,in O]T (5)
And
G=[oTR CcTR 0 WTR PTR] (6)

Where OTR, CTR, WTR and PTR are the transfer rates from gas to liquid
phase of oxygen, carbon dioxide, water vapour, and evaporated product
respectively.
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Mass Transfer Between Gas Phase and Liquid Phase

The mass transfer rate between gas phase and liquid phase is proportional to
the concentration gradient in the interfacial area and to the volumetric mass
transfer coefficient, kia (h™). It can be calculated by the film model, here
given for oxygen:

oTR =k24(C} - C,) (7)

Where * indicates the saturation concentration in the gas-liquid interface. The
saturation concentration for the dissolved gases depends on the mole fractions
in the gas phase. Following Henry's law the saturation concentration for
dissolved oxygen, with Hp in as the Henry constant for oxygen, can be

calculated by:
* _Po _ P
c =10 __F y (8)
(0] 0
HO HO

This oxygen concentration in the liquid phase at saturation is proportional to
the partial pressure in the gas phase. The mass transfer coefficient, k;a,
depends on the hydrodynamics in the reactor and the physical properties of the
cultivation medium. It can be determined experimentally, e.g. by a dynamic

[3].

When the oxygen concentration in the liquid is kept constant by a controller,
the accumulation of the dissolved oxygen concentration will be very small and
makes the oxygen uptake rate by the cells, OUR, practically equal to the OTR.
As a consequence the OUR can be deduced directly from gas and liquid
analyses only. First it is assumed that the OTR is approximately equal to -CTR
and the PTR and WTR are negligible, so the flow rate of the inlet gas equals
the flow rate of the outlet gas. Second the difference between the pressure of
the inlet gas and the pressure of the gas phase is assumed negligible. Now the
oxygen fraction in the gas phase can be described by:

dx F T R-TV

O_"@G L

d - V * T xO’in —XO - _V 'OUR (9)
t Ve Ui PVg
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Where

OURk(L)a-(L-xO-CO] (10)
HO

When xp(t=0) is known, the only unknown variable in Egs. (9) and (10) is
OUR.

Unstructured, Nonsegregated Modelling

In unstructured, nonsegregated models, the biological reactions depend solely
on macroscopic variables that describe the conditions in the reactor and the
only biological state variable is the cell mass concentration, Cy. Nevertheless,
this type of model can cover many phenomena in biotechnological processes
and as such is used widely. Unstructured models only fail when intracellular
dynamics must be considered. This thesis will solely deal with unstructured,
nonsegregated modelling.

Simple Growth and Single Substrate Kinetics

During growth, new cell mass is formed autocatalytically with specific growth
rate 1, which is generally defined as a function of the concentration of the
limiting substrate. Microbial reactions usually show saturation at high
substrate concentrations, that is, the reaction rate approaches a maximum
value, (... On the other hand, the reaction rate equals zero if no substrate is
available. So a general representation of the specific growth rate is:

HCy )=ty 11Cs) (11)

Where f'is a normalised function (between 0 and 1) of the growth kinetics.
Table 1 summarises several basic types of normalised kinetics for the specific
growth rate, as been proposed in literature. The ratio of cell mass formed to
substrate consumed, which is called the yield coefficient Yy, is usually
assumed constant. For a simple process with one substrate Eq. (3) becomes:

sl |- Ly iy (12

ds XS
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Figure 3: Normalised Blackman, Monod and Teissier kinetics, versus
normalised substrate concentration.

Since substrate uptake is proportional to the growth rate, the kinetics of Table
1 can also be taken as normalised functions of substrate uptake kinetics.
Although the equations in Table 1 should be taken as kinetics for the globally
observed behaviour of the culture, which need not have a close relation to
microkinetics of the biological reaction, an interpretation of certain kinetics
can be given. The Monod equation is analogous to the Michaelis-Menten
enzyme kinetics and can be seen as a growth rate limiting, carrier-mediated
transport system for the substrate. The Blackman equation can be interpreted
such that, at high substrate concentrations not the substrate uptake, but another
metabolic reaction, is rate limiting and the Teissier model is very similar to
Monod, however, with a more rapid saturation [4].

A plot of the u(Cg) characteristics of these kinetics is given in Figure 3. This
figure shows that when considering measurement errors, it is difficult to
discriminate between the different kinetics, especially when using batch
culture data only. Therefore, the Monod kinetics is generally a good choice for
a single substrate model [4].

Table 1: Growth kinetics for a single substrate

model name normalised kinetics, f
Blackman (1905) min( 1, K3.Cy)
CS
Monod (1942) KM—+CS
Teissier (1942) J—e KrCs
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Inhibition

Besides substrate limitation, inhibition by substrates, products or biomass is
quite often found in biotechnological processes. Han and Levenspiel [5] give
an extensive review of inhibition kinetics. Most of the kinetics are extensions
of the Monod equation and have been derived from enzyme inhibition
kinetics. The most cited inhibition kinetics is proposed by (and called)
Haldane:

C
rleg)= S (13)
C]
Ky, +Cc+—
M S K]

Product, substrate, or cell inhibition can be obtained by choosing the variable
C;as Cp, Cyor Cy, respectively.

Multiple Essential Substrates

The above kinetics are valid for a single limiting compound. However, when
multiple substrates limit the growth of the organism the elementary kinetics of
Table 1 and equation (13) have to be extended. When all substrates are
essential, meaning there is no growth if only one of the substrates is lacking,
there are two ways of modelling the kinetics; interacting and non-interacting.
In the interacting model all substrates together determine the growth rate, for
N substrates, this can be expressed by a product of N normalised kinetics:

'H(CSI’CST""CSN) = Hpax 'fl(CSI)' fz(Csz)' e fN(CSN) (14)

In the non-interacting model, it is assumed that only the substrate with the
greatest limitation determines the growth rate. This leads to a selection of the
minimum growth rate allowed among all substrates:

#(Cg),Cyaoenr, Coy )= minitig) (Cgy ) g (Co )ons tigy (C oy )i (15)

Where all terms g have the form of Eq. (11). As an example, both are
represented below for a situation with two limiting substrates:

Interacting model,

C C
s S2 (16)
1T Cs1 Kyt Cy)

'u(CS]’CSZ):'umax'KM
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Non-interacting model,

C C

SI__ S2 } (17)
Ky +Csp Kyy+Cs,

'u(CSI’CS2): Hinax -min{

Growth Enhancing by Alternative Substrates

Another case where multiple substrates have to be considered is when one of
the substrates is sufficient for growth and others are used up in parallel, and so
increase the growth rate. For modelling these kinds of phenomena the entire
kinetics can be derived from the sum of elementary kinetics, Eq. (11):

1Cq;.CgrrnConr )= 1, (Cg )+ 11,(Cs 5 )+ oo+ 11y (C gy ) (18)

The biological meaning of additive kinetics is that the bottleneck for growth is
not associated with substrate uptake steps. While the multi-substrate kinetics
Egs (14) and (15) for essential substrates is used regularly in literature and
seem to give a good description of observed phenomena, the case for
enhancing substrates is not often described. Experimental data that support Eq.
(18) are very rare. The reason might be a too-simple approximation of the
growth kinetics due to the neglect of the regulator response of the
microorganisms, which can only be described by structured models.

Cell Maintenance

At low growth rates one often can observe a decrease in cell yield. This can be
explained by an additional growth-independent substrate consumption for
maintaining the cell structure, or by lysis processes. Herbert (1959) took this
effect into account by discriminating between observed net specific growth
rate, 4, and true specific growth rate u. The difference is the specific rate of
endogenous metabolism, my.

Compared with Eq. (12) the observed growth dependent yield becomes:

_ U
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Here, 1z may be expressed as any of the previously given kinetics. During
strong growth limitation the observed growth rate, y, can become less than
zero. In this case the rate my also can be viewed as a specific rate of cell lysis
or the degradation rate of intracellular storage material.

Pirt [6] and Ierusalimsky [7] described the phenomena of the decreasing yield
as an additional need for substrate consumption for maintenance of the cell
structure, expressed by the specific rate mg. Thus, if the uptake rate of
substrate used only for growth is ggg, then the total substrate uptake gy is:

¢ = 4sg — Mg (21)

Note that production is defined as positive rate, and thus gy is negative. Now
the specific growth rate is given by

H=—45c Vx5 (22)

And the yield becomes, comparing Eq. (8),

y7i
Yys () =Yyg6 - (23)
XS XSG atmg-Yyoo

By comparing Egs. (20) and (23) it can be seen that both are equivalent in the
regions of normal growth, if

m
mg=—X_ (24)

The main drawback of Eq. (21) is that in dynamic simulations the substrate
concentration can become less than zero because of the zero-order
maintenance reaction. This situation cannot occur with the model in Eq (19),
where with strong limitation the growth rate becomes less than zero.

Observing the bioreactor

In this paragraph, some general concepts on state and parameter estimation for
biological processes are briefly discussed. This introductory paragraph is
based on the works of Bastin and Dochain [8], Stephanopoulos and San [9],
Jazwinski [10], and Lewis [11].
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Indirect Measurements and Correlations

Certain data collected from bioreactors can be used directly (e.g. pH, dissolved
oxygen concentration, carbon dioxide fraction, etc.), while others have very
little physical significance by themselves and must therefore be combined with
other measurements to provide physically significant information. Such a
procedure is called an indirect measurement and provides information on
cellular metabolism and cultivation conditions. The rates of consumption or
production of many species can be calculated by taking a simple species
balance around the bioreactor. Among the quantities most easily acquired on-
line and most frequently calculated are the oxygen uptake rate (OUR), the
carbon dioxide evolution rate (CER), and the respiratory quotient (RQ). These
provide very useful information and are very good indicators of cellular
respiratory activities.

Software sensors

During cultivation, information on the biological components and well-being
of the micro-organisms (biomass performance) is of vital importance. For
better control and optimisation of cultivation processes it is essential to know
on-line these physiological parameters. Measuring is difficult, if not
impossible, for many of these parameters. Therefore, any control or
optimisation based on physiological parameters cannot be implemented unless
values can be measured on-line to provide the necessary information required
by the controller or optimiser. Although efforts to develop such sensors are
underway, the availability and reliability of instruments are very limited.
There is thus an urgent need to provide the necessary information by
estimating these parameters from others that are simpler and easier to measure.
Such an estimation technique is called an observer or a software-sensor.

A software-sensor is a systematic method to utilise information of varying

noise-reduced
Measurements — mecasurements

| erTors, noise

System estimations of
Estimation [ immeasurable state
r : —»
incompleteness > identification of
Process unknown dynamics

Figure 4: Schematic description of system estimation with inputs and outputs.
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form and accuracy for the purpose of identifying the state of cultivation. As
indicated in Figure 4, the methodology utilises general process knowledge
(with its incompleteness) as well as information contained in the process
measurements (with its noise and errors) in order to produce noise-reduced,
corrected measurements, to estimate immeasurable states, and to identify
unknown or uncertain elements of system dynamics. This output can be an
instrument for control or optimisation.

State estimation

Consider the general model for the biological process introduced in paragraph
2.2

dC

~=0(0)+ plc, -c)+a(c) (25)
where the development through time of the state (concentrations in the liquid)
C, depend on the reaction rates Q(C), the dilution rate D, the incoming
concentrations C;,, and the mass exchange with the gas phase G(C). From this

model, a general class of state observers can be written as follows:

ac _

P 0(¢)+plc, -C)+6(C)+ p(é)[c;" - él] (26)

in which C denote the estimated concentrations, C;" a measurable subset 1 of
the concentrations, C ; the estimated subset 1 of the concentrations, and p((:’)

the observer gain. Note that the observer consists of two parts, a copy of the
model and an error term. In the case of perfect estimation, the latter equals
zero [8, 10, 11].

Not all combinations of model equations and measurements yield a suitable
estimate of the desired state. The concept of observability is introduced to test
whether the model structure and subset of measured concentrations contain the
right information for estimating the immeasurable concentrations. If the
convergence speed of the implemented observer can be fixed arbitrarily, then
this is called exponential observability. If the dynamics are exclusively
determined by the experimental conditions, this is called asymptotic
observability [8].
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The design of an observer entails finding a suitable expression for p(C ) To

A

this end, the dynamics of the observation error, e = C — C, is investigated:

% = 0(C+e)-0(C)-De+G(C+e)-6(C)+ plC )[C;" - C”]] 27)
In the design rule for a Luenberger observer, which is described above, the
goal is to make e = () an asymptotically stable equilibrium point of Eq (27).

Therefore, p((:’) is selected such that the eigenvalues have a strictly negative
real part [8].

Parameter Estimation

Biological systems are characterised by complex, non-linear relationships
involving poorly identified parameters. This makes them likely candidates for
applying adaptive algorithms. For instance, to avoid explicitly modelling the
specific rates, these can be treated as parameters, and estimated along with the
state variables. The dynamics of the latter can then be described by simple
mass-balance equations.

Stephanopoulos and San [9] followed this approach by implementing an
adaptive Extended Kalman Filter (EKF). Specific rates and state variables
were both satisfactorily estimated under steady-state or transient operation
from measurements provided by the off-gas analysis of a cultivation.

Kalman Filtering

The Luenberger observer as described above is applicable in many situations,
however, when knowledge of measurement noise and model uncertainty is
available the use of a Kalman filter would be preferred. A Kalman Filter
estimates the state of a system based on the knowledge of the system input
(with its uncertainty), the measurement of the system output (with its
uncertainty), and a model of the relation between the input and output (with its
uncertainty). Kalman filters are well known and widely applied but are usually
treated in a very concise and formal way, concentrating on the mathematical
derivation, thus making bioengineers reluctant in applying the technique. In
this paragraph the Kalman filter will be introduced briefly and intuitively.

The Kalman filter provides an estimate of the state that tries to minimise the
inconsistencies with all pieces of information in the least squares sense. When

27



CHAPTER: 2

doing so, the inconsistencies are weighted with a measure of the certainty of
the information. Uncertain information is given low weight, whereas highly
certain information is given a very high weight. When all information is
available at once, it can be processed in batch, resulting in a classical weighted
least squares problem. If, however, the information becomes available
incrementally, as is the case for an on-line Kalman filter, a recursive
formulation of the estimation problem is necessary.

Linear Kalman Filter Algorithm

Suppose the state of a system evolves according to the linear discrete-time
state equation:

Xy =Ax, +Bu, +w, (28)
Where 4 is the state matrix, B the input matrix, u; the input vector at time step

k, and wy; represents the process uncertainty at time step k& with covariance
matrix Q. A linear system has a linear output (measurement) equation:

Vi =Cxp +vy (29)
Where y; is the measurement vector, C the measurement matrix, and v,

represents Gaussian measurement inaccuracy with zero mean and covariance
R. Depending upon the matrix C, a (multiple) of all states, some of the states,

™ »|  Process T
process
algorithm
time Visl measurement

S »  update - update - >
Xk KX+l X1

= g —P = >
Pk Pk+l Pk+l

sample k sample k+/ sample k+2

Figure 5: Schematic representation of the Kalman filter calculations. It shows
the different steps to be taken at each time instant &£. The dashed horizontal line
makes distinction between the algorithm and process, the dotted vertical lines
symbolise the successive sample moments.
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or a linear combination of the states are measured.

The linear Kalman filtering algorithm is depicted in Figure 5. In this figure, a
distinction is made between the cultivation process that gives the data and the
algorithm that processes the data. The algorithm has two steps, respectively
the time update and the measurement update. In the time update a one sample

ahead prediction is made for the state and output variables (respectively
Xi+1- V41 ) and the prediction variance of the states (£, ). The actual values

of the input variables (1, ) and the available estimated results of the Kalman

filter (fck,f)k) at sample moment & are used for this prediction.

The next step is the measurement update, which takes place as soon as new
data becomes available and where the prediction of the output variable (y, )

is corrected. The correction is proportional to the innovation, which is the
difference between the measured process output (y, ;) and the predicted

output (¥, ;). The magnitude of the correction, called the Kalman gain K;,
varies for successive samples and aims to minimise the error covariance (ﬁk)

for the state and output variables. Now, the measurement update gives the best
estimate (X, ;) of the states and its variance (P ;). The values for the state

estimate (X; ;) are used as the software sensor output. The entire set of these

Table 2: Discrete time linear Kalman filter algorithm
System and measurement model

Xpy1 = ApXp + Brug +wp o wy ~ (0, Qk)

Vi = Cpxp vy ve ~(0.R,)
Initialisation
Fo=F» %o =%

Time update (one sample-ahead prediction)
X=X T Bruy,

Vi1 = CrXp

= _ .5 ,T

Per= b Ay + 9

Measurement update (after including the measurement)

A - — — T —

Pk+1_ Pk+1 _Pk+lck+1Rk+1Ck+1Pk+l
D T -1

Kk_Pk+1Ck+1Rk+1

Xpp =Xppr T K (yk+1 _fk+1)
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equations comprises what is called the discrete time Kalman filter [12, 11] and
1s summarised in Table 2.

A few remarkable advantageous features of this linear Kalman filtering
algorithm can easily be observed. First, each calculation step only requires the
last estimate and a new set of measurement data. The essential advantage of
such simple "step-by-step" structure of the computational scheme is that there
is no need to store all old results and measurement data for each up-dating
state estimate, and this saves computer memory and processor time, especially
in real-time (on-line) applications. Second, all recursive formulas of the
algorithm are straightforward and linear, consisting of only matrix
multiplication and addition, and a single matrix inversion in the calculation of
the Kalman gain.

Non-linear Kalman Filter

The state equation (28) and measurement equation (29) calculate respectively
the measurement and the predicted state as a linear function of the state x.
Unfortunately, in practice these functions are often non-linear:

X = f(xk—l’”k—l)"' w 20
z; = h(xk )+ v 30)
In order to apply the Kalman filter these equations are linearised in the most
recent estimate to obtain the so-called Extended Kalman filter. Jazwinski [10]
and Lewis [11] wrote classical books on Kalman filters which contain, among
other things, a study of stability, sensitivity to modelling errors for linear
Kalman filters, and various approaches to non-linear filtering.

Tuning of software sensors

The first prerequisite for tuning software sensors is the availability of
performance criteria such as convergence speed and noise sensitivity. The
tuning of software sensors can then be studied in various ways. By finding the
relation between the tuning parameters and the performance criteria a
performance analysis can be made. From such an analysis, one can gain
insight in the tuning procedure. However, this usually does not yield values for
the tuning parameters that are suitable for the actual process. Another
approach is defining an objective function from the performance criteria
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mentioned above. By using simulation data or experimental data from
previous runs, the optimal values for the tuning parameters can be found by
using an optimisation routine. Although this method will not give insight in
the tuning problem, it will result in an observer that is tuned properly for
practical implementation [13].

Control

The main goals in applying control methods to microbiological systems are to
improve operational stability and production efficiency and profit, and to
handle dynamic changes during start-up and shutdown. The number of ways to
control a biotechnological process and the number of reports about such
control is vast, therefore, this paragraph will briefly describe only a few well-
known concepts of general control.

Feedback control

A classical automatic control system in the form of feedback control is shown
in Figure 6. Since classical control techniques are covered extensively in
standard references [14], the treatment given here is at most cursory. Almost
all feedback control systems use negative feedback. The controller generates
an error signal, & by subtracting the measured process output (y, the controlled
variable) from a desired value (y,,, set-point), and calculates the control signal,
u, by applying a certain algorithm to the error signal. This control signal then
manipulates the process input (control element) to reduce the error. The most
common controller is called a PID controller and uses proportional, integral,
and derivative actions [14].

ysp+' T £ ' CB u ' P y >

Figure 6. Feedback controller Cy for process P.

Feed-Forward Control

In most situations simple feedback control is adequate. However, there are
situations in which simple feedback control is inadequate, and more advanced
control is required. For instance with feed-forward control where, unlike with
normal feedback control, one does not wait until a disturbance actually affects
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the output. Instead the disturbance is measured and corrective control is
applied in anticipation of the expected effect. This is a better control for
eliminating the effect of disturbance [14].

| d
ySP ' CF

IR B I

Figure 7. Feed-forward controller Cr eliminates disturbance d.

The disadvantages of a feed-forward controller as depicted by Figure 7, are the
need for a good process model, its sensitivity to process parameter variation,
the need to know the disturbance a priori, and its inability to cope with
unmeasured disturbances.

Feed-forward-Feedback Control

A feed-forward control scheme is rarely used alone for the reasons mentioned
above. Generally it is combined with feedback control to correct errors caused
by imperfect knowledge in predicting the effect of disturbances on the output.
A combination of feedback and feed-forward control is shown in Figure 8.
This permits the major effect of the disturbance to be corrected by the feed-
forward controller leaving the fine trimming to the feedback loop. Table 3
shows the advantages and disadvantages of feed-forward and feedback control

[14].
d
>  C 4%

+
Vo +>$S> Cs »é 2 » P >

+

Figure 8. Combined feed-forward Cr and feedback Cp control.
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Table 3: Advantages and disadvantages of feed-forward and feedback control.

Advantages Disadvantages
Feed-forward

Acts before the effect of a possible Requires an accurate process model

disturbance Cannot cope with unmeasured
Good for slow systems disturbances
Does not introduce instability Sensitive to process parameter

variation
Feedback

Does not require a good model Waits until the effect of a
insensitive to modelling errors disturbance is felt
insensitive to parameter changes unsatisfactory for slow systems

might create instability

Nomenclature

Paragraph 2.2

Cc mol-m™ carbon dioxide concentration in the liquid phase

Ci, mol-m” vector of concentrations in the liquid inflow

Co mol'm” oxygen concentration in the liquid phase

C»y molm> oxygen saturation concentration

Cp mol'm™ product concentration

Cy mol-m™ substrate concentration

Cy gm’ biomass concentration

CTR  mol'm™>h™ carbon dioxide transfer rate from gas to liquid phase

Fgin m’>h! inlet gas flow rate

FGou m>h! outlet gas flow rate

Fri m>h! liquid inflow rate

Frou m’h! liquid outflow rate

G mol'm™h”  vector of mass exchange betweeen the liquid and gas
phase

f - normalised function of growth kinetics

Hy Pa‘m>mol” Henry constant for oxygen

Kz m>-mol” saturation constant of Blackman kinetics

K; mol>m® inhibition constant

Ky mol-m™ Monod saturation constant
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saturation constant of Teissier kinetics

volumetric mass transfer coefficient between gas and

liquid
volumetric mass transfer rate for oxygen

specific substrate consumption rate for maintenance

specific rate of endogenous metabolism (maintenance)

oxygen transfer rate from gas to liquid phase
oxygen uptake rate
pressure of the gas phase

pressure of the inlet gas flow

evaporated product transfer rate from gas to liquid phase

vector of reaction rates in liquif phase
vector of specific reaction rates

specific reaction rate for substrate
specific reaction rate for biomass

gas constant (8.314 J-mol K™
temperature of the gas phase
temperature of the inlet gas flow
volume of the liquid phase

volume of the gas phase

water vapour transfer rate from gas to liquid phase
vector of fractions in the headspace
carbon dioxide fraction in the headspace
vector of fractions in the inlet gas flow
nitrogen fractrion in the headspace
oxygen fraction in the headspace
product fraction in the headspace

water vapour fraction in the headspace
yield coefficient of biomass on substrate
specific growth rate

maximal specific growth rate
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Paragraph 2.3

A state matrix

B input matrix

C measurement matrix

K; Kalman gain at time step k£

k moment in time

13k predicted predicted covariance matrix at time step &

i)k estimated covariance matrix at time step k

O covariance matrix of wy

R; covariance of vy

Uy input vector at time step k&

v Gaussian measurement uncertainty

w process uncertainty / noise

Xk state vector at time step k

X estimated state vector at time step k&

X predicted state vector at time step k

Vk measurement vector at time step k&

Vi estimated measurement vector at time step k
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Abstract

The Respiration Quotient (RQ) is a key metabolic parameter for cell cultures
and is usually determined from gas analysis only. In bicarbonate buffered
media the carbon dioxide balance is affected by accumulation and hence the
RQ can not directly be calculated from gas measurements. A Kalman Filter as
software sensor that estimates the carbon dioxide evolution rate can cope with
these buffering capacities and thus is used for determining the RQ. The model
used by the Kalman Filter lumps all carbonate in the liquid to one term in
order to eliminate the role of a priori knowledge of cell and medium kinetics
without affecting the performance. A reference experiment verified the
performance of the software sensor and subsequent experiments with insect
cells showed the progress of the RQ during cultivation.

Introduction

Animal cells, yeast cells and aerobic microbial cells oxidise organic
compounds into water, carbon dioxide and other organic compounds to gain
energy for their maintenance and growth. As such these organisms consume
oxygen and produce carbon dioxide with rates called the oxygen uptake rate
(OUR) and the carbon dioxide evolution rate (CER). These rates are direct
indicators of metabolic activity. Their ratio called the respiration quotient

_ CER

RO =—""
0 OUR

(1)
varies with the nature of the substrates and products of the organism. Bonarius
et al. [1] and Royce [2] argue that for cell cultures the RQ can be considered as
a key metabolic parameter making it possible to detect on what medium
substrate the organism grows.

Furthermore, stoichiometric coefficients, e.g. yields, are usually determined
using elemental balancing (conservation of chemical elements). This set of
balance equations can mostly not be solved since the number of unknown
coefficients exceeds the number of balance equations. Additional information
is required and with the right set of extra measurements the equations become
solvable. Measuring the RQ introduces such information to solve the balance
equations and calculate the stoichiometric coefficients. By means of RQ
measurements it has been possible to close mass balances and to determine
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metabolic flux distributions for yeast [3]. RQ data has also been used for on-
line bioreactor control, for example to minimise glucose effects [4] or to
optimise substrate consumption in yeast [5]. Its accurate evaluation is hence of
great importance.

The RQ-value can be calculated using the oxygen and carbon dioxide
concentrations in the gas stream into and from the reactor headspace [1].
However, the effect of pH control action on carbon dioxide evolved from the
medium troubles the measurement of the CER. Royce [2] describes this
phenomenon together with a solution to compensate for these so-called pH-
effects. Besides these pH-effects, buffering capacities (e.g. bicarbonate) of the
medium also trouble on-line determination of the CER. When the reactor is
not in steady state (e.g. batch cultivation), direct measurement of carbon
dioxide concentrations in the inlet and outlet of the reactor headspace does not
satisfy. Dissociation and accumulation of carbon dioxide in the medium and
headspace disturbs the steady state balance and results in an incorrect CER-
and thus RQ-calculation.

To manage such problems software-sensors based on standard measurements
are combined with mathematical observers to derive the internal states of the
system. Stephanopoulos and San [6] gave an extensive discussion on such
observer-based software-sensors for the reconstruction of the process states.
For example the achieved amount of biomass and substrate concentrations are
derived from oxygen and carbon dioxide measurements. Since that time the
importance of observer based software- sensors increased. Other important
work in this area was produced by Bastin and Dochain [7] and concerned
observer-based software-sensors for adaptive control. All the work in this area
was focussed on biomass and substrate estimation and requires more or less
detailed a priori knowledge of the system. However, for monitoring and
control purposes it is not always necessary to know the states, in a lot of
applications only an indicator is needed on what substrate is being used or is
necessary to be added.

This chapter describes and discusses a Kalman Filtering algorithm as
software-sensor for estimating the RQ-value for batch cell cultivation from
carbon dioxide measurements. The sensor will take account for buffering
capacities of the media for carbon dioxide.
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Materials and methods

Cell line and culture medium

The insect cell culture used was Se-1ZD 2109, subclone G9, developed from
Spodoptera exigua (Se) cells (German Institute for Zoology of the Technical
University Darmstadt). For cultivation of the insect cells HyQ-CCM3
(Hyclone, Utah, USA) medium was used with 2.5% serum. It contained 0.1%
Pluronic to protect the cells against shear forces. To avoid contamination, 50
mg.I"" gentamicin, 50 mg.1" streptomycin and 10 mg.I"" penicillin were added.

Bioreactor

The cells were grown in a 1.8-litre flat bottom reactor containing 1 litre
medium. A three-bladed marine impeller was used to agitate the medium and a
four bladed turbine impeller was situated in the headspace. Both stirrers were
mounted on the same axis and baffles in the reactor prevented vortex
formation. Temperature, pH, and stirrer speed were controlled at 28°C, 6.3,
and 400 rpm respectively. Oxygen was transported through the headspace only
and the dissolved oxygen concentration was controlled at 30% air saturation
by changing the oxygen fraction in a nitrogen/oxygen gas mixture. The total
gas flow was kept constant at 100 ml.min".

Analysis

The dissolved oxygen in the medium was measured by a polarographic
electrode (Ingold, Urdorf, Switzerland). The pH was measured by a pH
electrode (Ingold, Urdorf, Switzerland). The temperature was measured with a
Pt100 temperature sensor. The CO, fraction in the outflow was measured by a
Servomex 1400 series CO,-Analyser (Servomex, Zoetermeer, The
Netherlands). Data were logged and saved by an application in Matlab on a PC
connected to the Bio Controller. Bicarbonate concentrations were calculated
using the pCO, pressure, measured by a Radiometer ABL 500 (Radiometer,
Zoetermeer, The Netherlands), and the acid dissociation constant for the
CO, HCO; equilibrium. Glucose and glutamine concentrations were measured
with a YSI 2750 Select (Yellow Springs Instruments, Ohio, USA).
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Gas concentrations in batch-wise cell cultures

For the on-line calculation of the RQ, the OUR and CER have to be known
(measured or estimated) on-line. Two different methods are applied in the
determination of these rates. First the OUR will be deduced directly from gas
analyses and liquid measurements. Since there are no satisfactory sensors for
dissolved carbon dioxide and the accumulation of carbon dioxide can not be
discarded, an estimator is developed for the on-line estimation of the CER.
Finally, the ratio of these rates will give the RQ-value.

Oxygen Uptake Rate (OUR)

In their general form, the mass balances for oxygen in the gas and liquid
phases include accumulation terms for oxygen. However, oxygen is sparingly
soluble in aqueous solutions and usually kept constant by a controller.
Therefore accumulation of the dissolved oxygen concentration will be very
small and makes the OUR practically equal to the transfer rate of oxygen over
the gas-liquid interface. As a consequence the OUR can be deduced directly
from gas and liquid analyses only:

OUR= kfc{ b ;[p w

%0 -CO] 2)
0]

For this expression it is assumed that the gas and the liquid phase are

sufficiently mixed and that the gas flow rate is high so that xg = x(O)ut. Xo

represents the fraction of oxygen in the headspace of the bioreactor, Cy the
oxygen concentration in the liquid phase, p the headspace pressure and p,, the
partial pressure of water vapour, which has to be taken into account because
the oxygen fraction is expressed on a dry basis. Hy is Henry's constant for
oxygen. The mass transfer coefficient for oxygen transfer, k%, can be
experimentally determined using a dynamic method as described by Van ‘t
Riet [8].

Carbon dioxide equilibrium in the gas phase

The transfer of carbon dioxide across the gas-liquid interface is a physical
process (as for oxygen), which is liquid-film limited:
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p-p
CTR=-kca( Wy -C j (3)
L HC c ~C

Where x¢ is the fraction of carbon dioxide in the headspace, C¢ is the carbon
dioxide concentration in the liquid phase, and H- the Henry's constant for
carbon dioxide. In this expression, it is assumed that both the gas-phase and
the liquid-phase are well mixed. The mass transfer coefficient for carbon
dioxide, kLCa, is difficult to determine by the dynamic method. Transfer
kinetics could be influenced by pH control and pCO, electrodes suffer from
poor response times. However, the ratio of k;a values for CO, and O, is
proportional to the ratio of their liquid phase diffusivities, and thus of the
square root of their mole mass:

0]
k]éa = DO = MO =0.89 4)
kLa DC VMC

Since the k;%a can be determined experimentally as mentioned in the previous

paragraph and the mole masses are known, the k;,“a can be calculated. The
total mass balance for the CO, concentration in the headspace is given by

dx F~RTx p-p V:RT
C:_ G C 'kga{ WxC_CC] L (5)
d  Vy(p-p,) c Vu-p,)

With F; as the gas flow, assuming absence of carbon dioxide in the incoming
gas. And R is the gas constant, 7" the temperature and V' the headspace
volume.

Carbon dioxide equilibrium in the liquid phase

In contrast to the assumptions for the OUR there is a discrepancy between the
carbon dioxide transfer rate (C7TR) across the gas-liquid interface, available
from gas analyses, and the carbon dioxide evolution rate (CER) of the biomass
in the bioreactor. The CER cannot be measured directly as carbon dioxide has
a much higher solubility than oxygen that is enhanced by its hydrolysis to
bicarbonate. Changes in the concentrations of dissolved carbon dioxide and
bicarbonate results in differences between the CTR and CER [2], which
increase with the bicarbonate buffering capacity of the medium. By measuring
carbon dioxide in the off-gas of the bioreactor, a substantial amount of carbon
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total carbonate: C,

Figure 1: Diagram of the CO, balance in a cell culture. Showing the rate
constants k; and k, and the dissociation constant Kc. All components in the
dashed area are lumped to C, , which is called the 'total carbonate
concentration'.

dioxide coming from the buffer system will inevitably be measured, and not
only the carbon dioxide produced by the cells [1]. Figure 1 shows the diffusion
of carbon dioxide through the cell membrane and the subsequently following
reactions with k; and £, as the rate constants for the indicated reactions and K
is the carbonic acid dissociation constant. Further dissociation, of bicarbonate
into carbonate is negligible for the pH range used during standard cell cultures
(pH < 7.8). The concentration of carbonic acid is always very small in
comparison to that of dissolved carbon dioxide, Cc. The mass balance for
carbon dioxide and bicarbonate is:

dC,. dC
~——C “"H \-CER-CTR (6)
dt  dt

with Cc the concentration of carbon dioxide and Cy the concentration
bicarbonate, [HCO5']. As there is no sink for bicarbonate ions other than by
dehydration, the time scale of changes in cell culture is long enough to ensure
that the reactions involved in the dehydration of bicarbonate are close to
equilibrium. The rate constants associated with carbonic acid dissociation are
so large that this reaction can be considered to be at equilibrium.

During batch cultivations, the pH is controlled closely to the desired set-point.
Therefore it is not necessary to model both the carbon dioxide and the
bicarbonate concentration separately, because carbon dioxide and bicarbonate
are in equilibrium; the dissociation constant for hydrolysis of bicarbonate is
given by:

-pH
C,, x10°7
K, =—H (7)
Ce
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Now, a lumped variable C,, called ‘total carbonate concentration’, can be
introduced:

C,=Cy +Cc (8)
and thus the carbon dioxide concentration in the liquid is given by:

C
Ce z—]fg ©)
1+ AH
1077

The dashed area in Figure 1 represents the lumped concentration. Combining
Equations (3), (6), (8) and (9) gives the mass balance for the 'total carbonate

concentration':
dC 4 c |P Py C4 Iy
—~==CER+fkFa Xo - -—=Cy (10)
dt Lo H, YRR
10”71

The last term in this equation, with sample flow rate F, is inserted to take the
loss of C, due to sampling in account. Equations (5) and (10) represent the
complete carbon dioxide mass balance for liquid and gas phase. It must be
noticed that information about cell kinetics is not necessary and for the
medium only known physical constants like H, K, and R, are used.

Software sensor design

The software sensor is not based upon an equilibrium model (CTR = CER) but
on a dynamic model for the carbon dioxide concentrations in headspace and
medium, Equations (5) and (10). This dynamic model is used to reconstruct
the actual CER from the measured carbon dioxide in the headspace.

Dynamic model

In systems theory there are two concepts, which must be clearly distinguished
from each other. The plant is the actual physical system that needs to be
observed. The model is the mathematical description of the physical system,
which is used for the filter design stage. Within the control-engineering field,
it is common to rewrite a model to its state-space representation. In such a
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presentation all relations are linear or linearised and written in matrix-notation.
The input, state, output, and noise of the model are given as vectors. The input
vector usually contains the manipulable variables of the model, the state vector
consists of those variables that develop through time dependant of each other
and of the input, and the output usually contains all the measured variables.
The total system can be written as an ABCD-system:

ﬂ=Ax+Bu
dt (11)
y=Cx+Du

Where u is the input vector with m inputs, x the state vector with » states and y
the output vector with £ outputs. The matrices 4 and B contain information
about the way the states develop through time and with the matrices C and D
the output can be calculated. 4 isa n'n, Ban'm, C a k'n and D a k-m matrix.

In this situation the model, consisting of Equations 4 and 9, are extended with
an extra differential equation used for estimating the CER. The prediction of
the CER is a zero mean random walk process, i.e. its derivative is zero:

dCER _
dt

0 (12)

For use in a discrete Kalman Filter algorithm the model is discretised and
rewritten to a state-space representation by defining the input, state and output
vectors. The state vector consists of the CER, the lumped concentration of
both dissolved carbon dioxide and bicarbonate (C,) and the molar fraction of
carbon dioxide in the headspace (x¢). There is no input vector and the output
vector is constructed from the measured variables, which is only the molar
fraction of carbon dioxide in the off-gas.

This model is linear in the state variables for the equations so the ABCD-
matrices can be developed straightforward. A consequence of computer
application for process monitoring is data sampling. Only process values at
discrete time moments are available. Therefore, instead of continuous time
models, the process behaviour is given by the discrete time equivalents.
Moreover, since there is no input, there are no B and D matrices. Now the state
vector, A matrix and C vector are:
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The Kalman Filter algorithm

Both the plant and the model use the same known input. The state of the plant
is, of course, unknown and its output can be measured. The state and output of
the model is based on the predictions of the model, as can be seen in Table 1,
where wy and v, represent process noise and measurement noise vectors,
respectively, they are assumed to be random with mean values zero and
variances Q and R.

™ »  Process
process
algorithm:
—> . -
time YVin measurement

———»  update = update S >
X Xit1 Xen

——P —P = >
Bc Pk+1 B{+l

sample k sample k+1 sample k+2

Figure 2: Schematic representation of the Kalman filter calculations. It shows
the different steps to be taken at each time instant k. The dashed horizontal line
makes distinction between the algorithm and process, the dotted vertical lines
symbolise the successive sample moments.
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The Kalman Filtering algorithm is depicted in Figure 2. In this figure, a
distinction is made between the cultivation process that gives the data and the
algorithm that processes the data. The algorithm has two steps, respectively
the time update and the measurement update. In the time update a one sample
ahead prediction is made for the state and output variables (respectively
Xi+1-Vk+1) and the prediction variance of the states (B, ). The actual values

of the input variables (u; ) and the available estimated results of the Kalman

filter ()”ck,f)k) at sample moment & are used for this prediction.

The next step is the measurement update, which takes place as soon as new
data becomes available and where the prediction of the output variable (y; )

is corrected. The correction is proportional to the error between measured
process output (y, ,.) and predicted output (y, ;). The magnitude of the
correction gain varies for successive samples and aims to minimise the error
covariance (F,) for the state and output variables. Now, the measurement

update gives the best estimate (x;_, ;) of the states and its variance (f’k +1)- The

values for the state estimate (X, ) are used as the software sensor output. The

entire set of these equations comprises what is called the discrete time Kalman
Filter [9, 10] and is summarised in Table 1.

Table 1: Discrete time Kalman Filter algorithm
System and measurement model

Vi = CrXp v v ~(0.R,)
Initialisation
Fo=F» Yo =%

Time update (one sample-ahead prediction)
X1 =Ag Xy + By

Vi1 = CpXpa1

= _, 5T

Benr= A P Ay + 9y

Measurement update (after including the measurement)

A . R R T R

Pk+1_ Pk+1 - Pk+1Ck+1Rk+1Ck+1Pk+1
- T -1

K =B 1 Cr1 Rt

Xpa1 = Xpp T Ky (ym,k+1 - 7k+1)
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A few remarkable advantageous features of the Kalman filtering algorithm can
easily be observed. First, each calculation step only requires the last estimate
and a new set of measurement data. The essential advantage of such simple
"step-by-step" structure of the computational scheme is that there is no need to
store all old results and measurement data for each up-dating state estimate,
and this saves computer memory and processor time, especially in real-time
(on-line) applications. Second, all recursive formulas of the algorithm are
straightforward and linear, consisting of only matrix multiplication and
addition, and a single matrix inversion in the calculation of the Kalman gain.

Application of the software sensor

The Kalman Filtering algorithm is used as software sensor for the CER. First
the performance was validated by an experiment, then the application and use
was proven by a series of experiments and finally two experiments show the
robustness of the software sensor in coping with disturbances. Table 2 shows
the values for the experimental conditions and used parameters.

Validation of the software sensor

Before applying the software-sensor, its performance needs to be validated.
The bottleneck in the RQ-estimation procedure is that the software sensor
must be able to detect the CER correctly. To validate the sensor at this point
medium, to which a known amount of bicarbonate was added, was pumped

Table 2: Experimental conditions and parameter values

Parameter value
Fg 0.004 mol-min™-cells™
0.010 mol'min™ (sensor validation)
He 3.137x10° Pa-l'mol™ at 28°C
Ky 4.42x10" mol-I"
kiCa 0.0206 min™'
kila 0.0231 min™'
PP 101325 Pa
R 8.3143 J-mol K
T 28 and 35°C
Vi 0.8251
|7 11
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from a storage vessel into the reactor. So the carbon production by cells was
imitated by pumping an exactly known amount of bicarbonate into the reactor.
If the software sensor operates well, it should be able to detect this amount of
bicarbonate correctly. Moreover, as the software sensor gives also the value of
the total carbonate content (C,), the performance can also be checked by
analysis of the total carbonate concentration in the solution.

During the experiment, there was a minimum of headspace in the storage
vessel, which limits the loss of bicarbonate from the liquid phase.
Consequently, the total carbonate concentration in the feed to the reactor
remained constant. Feeding of the bicarbonate solution to the fixed volume
reactor by a continuous pumping system imitated the CER by cells. From the
measurements of the total carbonate concentration (C,) in the feed and reactor
together with the feed rate, the actual CER was calculated. During the
experiment the feed flow rate was manipulated in order to obtain several levels
for the CER and C.

0.03 T
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o 0021

20015-

S o001+ .

0.005 - f

| | | | | | 1 | 1
0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000
Time (min)

0 560 10‘00 15‘00 20‘00 25‘00 30‘00 35‘00 40‘00 45‘00 5000
Time (min)

Figure 3: Validation of the software sensor, imitation of the CER of cells by

feeding a given amount of bicarbonate to the reactor. A: Measured (A) and

estimated (solid line) total carbonate concentrations, C,. B: Actual (A) and

estimated (solid line) CER.
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Figure 3 shows the C, and CER obtained by the software sensor compared
with the measured C, and the “imitated” CER (obtained by pumping the
bicarbonate medium in the reactor). At 600 minutes the reactor contained an
amount of bicarbonate and the feed flow and software sensor were started. The
sensor results of the first five minutes are affected by the start-up of the
sensor. The total carbonate concentration, Cy, in the reactor decreased during
the first 500 minutes due to its high start concentration. At 3200 minutes,
together with the feed flow rate, the CER was increased and at 4700 minutes,
it was decreased again. During the whole experiment, there is a good match
between the C, and CER values obtained from the software sensor and the
laboratory measurements. The CER signal from the software sensor in the
second part of the experiment reveals some variations, which are a
consequence of variations in the measured carbon dioxide concentrations in
the off-gas. The good match between the obtained results confirms the use of
the software sensor for C; and CER measurement.
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Figure 4: Batch-wise insect cell cultivation. A: Measured molar fraction of
carbon dioxide in the off-gas (solid line) and the estimated CER (dashed line).
B: Measured total carbonate C, (A) and the estimated total carbonate (solid
line).
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Application to cell cultivation

The on-line application of the CER software sensor was evaluated for 18 batch
cultivations of insect cells and 2 mammalian cell cultivations. Figure 4A
shows standard results for the measured carbon dioxide in the off-gas and the
CER-values from the software sensor during one of the insect cell cultivations.
The CER-values are in the range that can be expected for the used cells. Due
to a re-calibration of the pH sensor at 5100 minutes, the pH controller reacted
suddenly, which in turn affected the measured carbon dioxide and the
estimated CER. In this experiment, together with the estimation of the CER,
the C, is estimated. Figure 4B shows the estimated C, and the laboratory
measurements, which correspond well. The mean error between the estimated
and measured 'total carbonate concentration' is 0.014 mmol.I"" with a standard
deviation of 0.066 mmol.I". With the estimated CER and calculated OUR the
RQ could be calculated.

Figure 5 shows the estimated RQ for a part of a batch together with the
measured substrate concentrations: glutamine and glucose. The peaks in the
RQ signal fall together with the sampling moments when some C, containing
medium is replaced by the same amount of C, free medium. Figure 5
illustrates that when glucose and glutamine (till 4500 minutes) are in
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Figure 5: The estimated RQ (solid line) and the concentrations of glutamine (A,
left axis) and glucose (e, right axis) during batch wise cultivation of insect
cells.
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sufficiently high concentration available the organism grows well with a RQ
around 1.0. After 5000 minutes, the glucose is depleted and now glutamine is
the main substrate for the organism. The RQ-value that falls from 1.0 to 0.8
reflects the change in the physiological state of the organism due to the lack of
glucose. Thus, with the ability to estimate the RQ on-line the physiological
state of the cells can be monitored on-line and be used as an indicator for
adding extra substrates. This finding confirms the statement of Royce [2] and
Bonarius et al. [1] that the RQ can be used as parameter to detect the metabolic
activity of the cell.

Robustness of the software sensor

Examples of RQ estimates for other cultures are given in figure 6. Figure 6A
shows the estimated RQ during a batch where at 2700 minutes the
communication between the computer and the PLC failed for approximately 1
hour. The Kalman filter waited 1 hour before a new measurement update
could be calculated. After this disturbance, the software sensor quickly
recovered the same RQ value. Figure 6B shows the estimated RQ during
another batch where at 1800 and 2600 minutes huge samples were taken and
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Figure 6: Two examples of estimated RQ values during batches where the
Kalman filter had to cope with disturbances. A: The estimated RQ during a
batch where at 2700 minutes the communication failed for 1 hour. B: The
estimated RQ during a batch where at 1800 and 2600 minutes huge samples
were replaced with the same amount of fresh medium.
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replaced with fresh medium. Samples were taken by pressurising the
headspace to withdraw the liquid. This way of sample taking gives a major
impact on the headspace pressure and CO, fraction. Furthermore, the fresh
medium instantly changes the 'total carbonate concentration' in the medium.
Again it can be seen that the software sensor quickly recovers from these
disturbances.

Concluding Remarks

For batch cell cultivation in media which buffer carbon dioxide, the carbon
dioxide evolution rate (CER) and respiration quotient (RQ) cannot be obtained
from an equilibrium model only. As an alternative, a software sensor is used.
Main features of the sensor are:

—  The CER detection is based on a dynamic model that covers the transient
phases for bicarbonate buffering media and batch wise operations. In the
model all carbon dioxide and bicarbonate in the liquid phase are lumped
to a single component "total carbonate" and as a result no detailed
knowledge of the reaction kinetics is necessary; only physical constants
are required.

—  The sensor uses a discrete time Kalman Filter algorithm.

— In a validation experiment where cell carbon dioxide production was
imitated, the software sensor proved to be successful for estimation of
the CER from on-line carbon dioxide measurements in the off-gas.

—  Results obtained from experiments with insect cells showed that the RQ-
value was close to 1.0, a value that is common for cells growing on
glucose and glutamine as main substrates. As the physiological state of
the organism changes due to substrate limitations, the RQ-value reflects
this change.

—  Results of experiments where disturbances occurred showed that the
Kalman Filter could cope efficiently with communication failures and
sudden medium or headspace changes.

Important difference with the work of Stephanopoulos and San [6] and Bastin
and Dochain [7] is that a minimum of a priori system knowledge is needed for
the estimation of the RQ value. In contrast to a limited amount of information
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that can be obtained from laboratory samples the software sensor produces a

continuous stream of RQ and CER values to monitor the state of the organism.

Therefore, it is a powerful tool to be used for various cell cultivations.

Nomenclature
Model

C,  moll’

Cc mol-1"!

Cy mol-l”!

Co  moll’

CER  mol'I"'min™
CTR mol'I"'min”
Fg mol-min”!
Fy l'min’!

Hc Pa‘l'mol’
Hp Pa‘l'mol’
K, mol-I”!

Kc mol-I”!

ky min”

kLCa min™!

k%  min”

OUR mol'I"'min”
p Pa

Dw Pa

pH -

R kJ-mol"-K™!
RO -

T K

Vv 1

X0 -

Xc -

‘total carbonate concentration’

carbon dioxide concentration in the liquid
bicarbonate concentration

oxygen concentration in the liquid

carbon dioxide evolution rate

carbon dioxide transfer rate

gas flow rate

liquid sample flow rate

Henry's constant for carbon dioxide
Henry's constant for oxygen

dissociation constant for bicarbonate hydrolysis
carbonic acid dissociation constant

rate constant of reaction #

mass transfer coefficient for carbon dioxide
mass transfer coefficient for oxygen
oxygen uptake rate

pressure

partial pressure of water vapour

pH in the bioreactor

molar gas constant

respiration quotient

temperature

volume

fraction of oxygen in the headspace

fraction of carbon dioxide in the headspace
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Kalman filter algorithm

A,B,C system matrices

G selection matrix for state variance

K Kalman gain

k sample moment

P state variance matrix

0 variance matrix of state variables

R variance matrix output variables

u input variable vector

v output uncertainty

w process uncertainty

X state variable vector

y output variable vector

Vm measured process output
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This chapter is based on:
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Abstract

For modelling purposes it is of great importance to derive the specific growth
rate as a function of time from biomass measurements. Traditional methods
such as exponential or polynomial fitting of biomass measurements do not
give satisfactory results nor do these methods take the noise characteristics of
the biomass measurements into account. Standard recursive techniques, such
as Kalman filtering, use only the data up to the time under consideration and
are dependent of a good initial estimation. This paper describes a technique
based on combining subsequent backward and forward extended Kalman
filtering to give a smoothing estimator for the specific growth rate. The
estimator does not need an initial value and is shown to have a single tuning
parameter. The applicability of the estimator is demonstrated on batch and fed-
batch cultivations of two organisms: Bordetella pertussis and Neisseria

meningitidis.

Introduction

The specific growth rate is one of the most important parameters in
biotechnological processes and the relationships between the rates of growth,
substrate consumption, and product formation are crucial for monitoring and
controlling these processes. Common practice in specific growth rate
determination is fitting exponential or polynomial functions through the
biomass measurement results. Apart from the unknown order of the
polynomial function, the main disadvantage of such an approach is the
assumption that the specific growth rate remains constant or follows a
polynomial pattern. In batch and fed-batch processes, substrate and biomass
concentrations change and as a consequence the specific growth rate is subject
to changes. Therefore, it is of importance to be able to monitor the specific
growth rate as a function of time without a priori knowledge of the order in
which it changes. Especially when developing a structured model and for
microorganisms in a multi-substrate or multi-limiting environment such an
impartial specific growth rate determination is of great importance.

A great number of applications of recursive estimation of biological processes
are reported [ 1-9]. Several different techniques are used amongst which are the
extended Kalman filter and the asymptotic observer. These techniques have in
common that they are intended as software sensors for online use. Each

58



4.3

ESTIMATION OF SPECIFIC GROWTH RATE FROM CELL DENSITY

MEASUREMENTS

estimate is based only on the measurements up to the time under consideration
and as a result the estimators react too late to changes.

For model development where the estimation of the specific growth rate is
done offline, these recursive techniques use only measurements from the past
and thus do not exploit all available data. This paper describes a smoothing
technique based on the extended Kalman filter [10, 11], where all data, both
past and future, are taken into account for estimating the specific growth rate.
A typical feature of this smoother is that the initial-value problem of the
general Kalman filter is cancelled. Furthermore, for estimation of the specific
growth rate, the problem of tuning is reduced to a single scalar parameter.

Materials and Methods

Strains and culture media

Bordetella pertussis strain 509, which is one of the two strains included in the
DPT-Polio vaccine applied in the Netherlands, was used with the chemically
defined medium containing glutamate and lactate as main carbon substrates
[12]. For the experiments using Neisseria meningitidis strain JB16215 on,
glucose and glutamate were the main carbon substrates in the chemically
defined medium.

Bioreactor conditions

The cells were grown in a 5-litre round-bottom reactor containing 3-litre
medium. An eight-bladed marine impeller was used to agitate the medium.
Temperature, pH, dissolved oxygen and stirrer speed were controlled at 34°C,
7.2, 20% and 400 rpm, respectively, for B. pertussis and 35°C, 7.0, 30% and
600 rpm, respectively, for N. meningitidis. Oxygen was transported through
the headspace only and controlled by changing the oxygen fraction in the gas
flow. The total gas flow was kept constant at 1-I'min”".

Analysis

A polarographic electrode (Ingold, Urdorf, Switzerland) was used to measure
the dissolved oxygen in the medium. A pH electrode (Ingold) was used to
measure the pH and the temperature was measured with a Pt100 temperature
sensor. Biomass was measured by optical density using a Vitalab 10 (Vital
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Scientific, Dieren, the Netherlands) at 590 nm. The optical densities of
B. pertussis were recalculated to mmoll1" according to a calibration curve.
Glutamate and L-lactate were determined with a YSI 2750 Select analyser
(Yellow Springs Instruments, Yellow Springs, USA).

Software

Matlab and Simulink (Mathworks, Mass., USA) were used for the
development of the forward and backward extended Kalman filter algorithms,
the smoothing algorithm, the simulation of microbial growth, and for the
visualisation of the results. All the used algorithms can be downloaded freely
at http://www.aenf.wau.nl/mrs/staff/neeleman/estmu.

Methods for growth rate estimation

Traditional methods

For model development one of the main issues is to reconstruct the time
function of the specific growth rate, 4(?) from biomass measurements, Cx(z).
Besides dividing the total growth rate by the average biomass concentration
between two measurements, biotechnology textbooks, e.g. [13], present the
following frequently used function to calculate the specific growth rate
between two consecutive biomass measurements:

(CX,k+]]

e

Xk

U=——-"—= (1
ev1 ~ Uk

With this approach, the specific growth rate is calculated over each time
interval; however, with a decreasing time interval, noise on the biomass
measurements plays an increasing role. Other approaches seen regularly are
fitting exponential curves or sigmoids. Main disadvantage of fitting such
equations through data is the assumption that the specific growth rate is
constant and so these methods are not appropriate to determine changes.
Polynomials or splines solve that problem, but fix the specific growth rate to
change according to a polynomial of a lower degree. The order of this
polynomial function is a crucial and unknown parameter. The main
disadvantage of all these traditional techniques is that they consider each
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measurement to be exact by disregarding the accuracy and noise
characteristics of the biomass measurements.

Recursive estimation

Several authors described recursive estimators; Stephanopoulos and San
reported on the subject [8, 9] and Claes and Van Impe [3] validated the
performance of an observer online. Such a recursive estimator uses a model to
reconstruct the state when only part of the state is measured. The model
necessary for specific growth rate estimation describes changes of biomass as
directly related to the biomass concentration, net specific growth rate and the
dilution rate, D:
dCy
—==uC,-DC, (2)
dt

The behaviour of the specific growth rate during cultivation is not known a
priori, and so the change of the specific growth rate is assumed to be a random
walk process:

M _gyz z—0y) 3)

dt
With z as a white-noise process with zero mean and spectral density . The
expected variability of the specific growth rate in time is reflected by the
choice of the variance of yin the algorithm. Transferring this model, Eq. (2)
and Eq. (3), into state representation for the estimator, using the state vector
x=/[Cy ,u]T, input u = /D] and output y = Cy:

dx

E=f(x,u)+w W~ (O,QS)

4)

Vi =ka+vk Vi ~(0,Rk)
With £, the non-linear function of x and u. w is zero mean white noise with
spectral density O, y; is the sampled output with H as the output matrix and vy
as zero mean white noise with covariance R,. Biomass is determined by
measuring the optical density of the cells and due to the limited range of the
analyser, samples with high biomass concentration are diluted. This results in
a standard deviation of the biomass measurements, which is proportional to
biomass: 0= A-Cy. Thus, the covariance R; of these measurements equals o
The parameter A can easily be determined from actual measurements. Since all
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unpredicted changes of the biomass have to be reflected by the specific growth
rate, the model description for biomass growth is assumed perfect. Thus, the
spectral density of the biomass prediction equals zero. The remaining single
tuning parameter is Y.

s [0 0 S
Q—Oy )

Forward Extended Kalman Filter (EKF)

The EKF algorithm, a frequently used recursive estimator [8, 9], is a two-step

algorithm using a time-update and a measurement-update. The algorithm is
given in detail in the appendix. Given the current estimate, )”ck , the time update

predicts the state value at the next sample, X, ,;, (one-step-ahead prediction)

using Runge-Kutta integration. The prediction of the corresponding error
covariance, P is calculated using the linearised model. The next step in

the EKF algorithm, the measurements-update, consists of a Joseph stabilised
approximation of the error covariance, f’k ,;» and the correction of the state

based on the new measurement, y, . ,. The correction term is a function of the

innovation, that is, the discrepancy between the measured and predicted
values. The innovation gain, K, is chosen to minimise the covariance of the
estimation error given the covariances O, and R,.

So, in contrast to the traditional techniques, the Kalman filter algorithm takes

the measurement error characteristics into account. The drawback of this
algorithm is the unknown initial state )20 and the corresponding error

covariance ]30. Furthermore, due to the restriction that the specific growth rate

changes as a random walk process, it reacts too late to changes, as can be seen
in Figure 1. This figure presents a simulated pattern together with the
estimated specific growth rate and error covariance. For the simulation, a
sample time of 1 hour was used and random Gaussian distributed noise was
added to the biomass ‘measurements’. It shows that, although the initial state
was far from the actual value, the EKF converged to the true state within two
steps. This filter can be implemented online since it is based on the
measurements up to and including the moment of estimation.

The performance of the filter depends on the single tuning parameter . High
values result in a specific growth rate with high variability, while low values
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Figure 1: Demonstration of estimator results on simulated biomass
measurements. A: simulated biomass ‘measurements’ (triangles) and estimated
biomass (solid line). B: corresponding estimated specific growth rate (solid
line) and variance (dashed line). Data were generated with a simulated specific
growth rate pattern (dotted lines) and noise was added to the biomass
‘measurements’. In the period 22 to 23 hours the simulated specific growth rate
changed from 0.16 to 0.10 h™".

result in a delayed response to changes. An intermediate between noisy and
delayed estimation has to be determined by tuning.

Backward Extended Kalman Filter

For the above-mentioned forward EKF, the initial specific growth rate is
unknown. As a result, during the first hours of the batch, the estimation is
inaccurate and the corresponding error covariances are high. Since the final
specific growth rate of a cultivation is usually known, this problem can also be
approached in an opposite way. Standard batch and fed-batch processes are
terminated when the substrates are depleted, the specific growth rate
approaches zero and biomass no longer increases. At this moment, the state,
Xy, 1s most accurately known. Therefore, the estimator can be implemented to
run backwards starting with a specific growth rate of zero (the algorithm is
presented in detail in the appendix). Figure2 shows the result of the backward
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Figure 2: Specific growth rate estimation results (solid) with variances (dashed)
of the backward (top), subsequent forward (middle) and smoothing (bottom)
estimators. Data were generated wit a simulated specific growth rate pattern
(dotted) and noise was added to the biomass ‘measurements’.

estimation together with the simulated specific growth rate. Now, the initial
state is chosen properly and the specific growth rate during the first hours of
the batch is estimated correctly. The drawback of the backward filter is that it
tends to overshoot in the other direction; seen in normal time direction, the
changes in specific growth rate are detected too early.

Smoothing estimation

With the final estimation of the backward filter, )”cb (1), a good estimation of

the initial specific growth rate is made. This value is used by a subsequent
forward EKF, avoiding the earlier mentioned initial-value problem. Figure 2
shows the estimates of the subsequent forward filter.

Combining the better of the two approaches gives a smoothing estimator [10,
11]. The smooth estimate x_, is obtained by averaging the backward

estimates, )”cb i with the subsequent forward estimates, x ko weighted by

their respective error covariances. The algorithm is described in detail in the
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error covariances

MEASUREMENTS

appendix. Now, each estimation incorporates all available data. Figure 2
shows the smooth estimate of the simulated specific growth rate. It can be seen
that the variability of the smooth estimate is less than the variability of the
forward and backward estimates. Furthermore, the timing of the smooth
estimate is more accurate in detecting growth rate changes compared to the
forward and backward filters.

Besides averaging states, the error covariances are also smoothed. Figure 3
shows the error covariances of the forward, backward and smooth estimations.
Since each measurement increases the accuracy of the estimation, the error
covariance of the smooth estimate, using all data, is smaller than or equal to
the smallest error covariance of the other two estimates.

Both the forward and backward filters need an initial guess of the error
covariance matrix, respectively P and Py. Since high error covariances have a
minor effect on the smoothed estimation, while low error covariances have a
major effect, the initialisations are done based on rules of thumb and have
small influence on the final smoothed estimate.
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Figure 3: Forward (dotted), backward (dashed) and smooth (solid) error
covariances for the specific growth rate of the smoothing estimator for a batch
simulation.
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Results and Discussion

Application to batch cultivation of B. pertussis

The smoothing estimator was used to estimate the specific growth rate of
several experiments. Figure 4 shows the estimated specific growth rate during
a cultivation of B. pertussis. The two substrates are depleted at 25 h and the
specific growth rate during the unlimited part of the cultivation remained
constant around 0.15 h™'. Note that the substrate concentrations are not used by
the smoothing estimator, but are shown to illustrate the specific growth rate
dependency on the substrate concentrations.

Figure 5 shows a second cultivation of B. pertussis, where different starting
concentrations of glutamate and lactate were used. Clearly, the specific growth
rate of B. pertussis equals 0.15 h™' when all substrates are present in excess.
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Figure 4: Estimation of the specific growth rate during a cultivation of
B. pertussis where both substrates are depleted simultancously. A: Biomass
measurements (triangles), estimations (solid) and concentrations of glutamate
(dotted) and lactate (dashed). B: Smooth estimation of the specific growth rate
(solid) and variance (dotted).
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Figure SEstimation of the specific growth rate during a batch cultivation of
B. pertussis. A: biomass measurements (triangles) and estimations (solid) and
concentrations of glutamate (dotted) and lactate (dashed). B: smooth estimation
of the specific growth rate (solid) and corresponding variance (dotted) and
calculated by Eq. (1) of specific growth rate (dashed).

Also, when after 22 h lactate is depleted, the specific growth rate is at a lower
level of 0.10 h''. Furthermore, the specific growth rate decreases towards zero
at 35 h when the glutamate becomes depleted. Besides the estimated specific
growth rate, the specific growth rate according to Eq. (1) is shown as well.
Clearly, the traditional technique is noisier and not a good indicator for
changes of the specific growth rate. Furthermore, experiments with lactate
only (data not shown here) showed no growth at all. From these experiments,
it is deduced that the specific growth rate of B. pertussis is enhanced by the
presence of lactate. In this way, the smoothing specific growth rate estimator
elucidated the model structure for B. pertussis.

Application to batch cultivation of N. meningitidis

Since the method is not specific to B. pertussis, the smoothing estimator can
be used for various microorganisms, such as N. meningitidis. In this case, as
there is a linear relationship between optical density and dry weight of the
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Figure 6: Estimation of the specific growth rate during a batch of
N. meningitidis. A: optical density measurements (triangles) and estimations
(solid) and concentrations of glutamate (dotted) and glucose (dashed). B:
smooth estimation of the specific growth rate (solid) and variance (dotted).

cells, the optical density is used directly instead of the biomass concentration.
Figure 6 shows the estimated specific growth rate during batch cultivation. For
this cultivation, a chemically defined experimental medium was used with a
lower concentration of glutamate. After 7 h, the glutamate became depleted
and it can be seen that the specific growth rate decreased from 0.55 h™' to 0.35
h'. The final specific growth rate could not be estimated properly due to the
limited number of samples at the end of the growth phase. Clearly, the
smoothing estimator can be applied to various microorganisms and biomass
need not be converted to g'I"" or mmollI"" when a linear relationship between
optical density and dry weight is found.

Application to fed-batch cultivation

Besides estimation during batch cultivation, it is also of great interest to
estimate the specific growth rate during fed-batch. Since the smoothing
estimator is based on a model describing the effect of the dilution rate, it can
be used for batch, fed-batch and continuous cultures. Figure 7 shows the
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Figure 7Estimation of the specific growth rate during a fed-batch cultivation of
B. pertussis. A: biomass measurements (triangles) and estimations (solid) and
concentrations of glutamate (dotted) and lactate (dashed) on the right axis. B:
smooth estimation of the specific growth rate (solid) and variance (dotted).

estimated specific growth rate of a semi-fed-batch cultivation of B. pertussis.
The first 32 h of the cultivation were batch, after which the feed flow rate was
set constant at 12-ml-h” containing 250 mmol-I" glutamate and 415 mmol-I”
lactate. The volume was kept constant by sample taking and with a level pipe.
The specific growth rate started at 0.15h™ and became dependent on the
substrate concentrations after 30 hours. The estimated specific growth rate
reacted to this phenomenon by a decrease. At 32 h, the feed was started and
the supply of substrates temporarily prevented further limitation. This resulted
in a short period where the specific growth rate stabilised. After 40 h, the
substrate consumption by the incremented biomass surmounts the feed and the
substrate concentrations further decreased. From 40 h, the substrates became
further limiting and the specific growth rate dropped to a lower nearly constant
level after 50 h. Sudden changes in biomass at high cell densities are reflected
by slight variations in the specific growth rate towards the end.
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Conclusions

For offline model development, traditional methods such as fitting exponential
or polynomial functions are not satisfactory, since they do not cope with
dilution or with the characteristics of biomass measurement errors.
Furthermore, it is shown that the specific growth rate of organisms is subject
to change, while fitting an exponential curve over the complete cultivation
interval assumes it to be constant. Calculating the specific growth rate in
between consecutive biomass measurements results in noisy estimations at
high sample rates.

There are many reports about recursive techniques, which are designed for
online use and take into account the characteristics of measurement errors.
These recursive techniques depend on a good guess of initial values and
corresponding high error covariances and, when applied offline, not all data
are used for each estimation.

In this paper, an offline smooth estimation algorithm for the specific growth
rate is presented based on consecutive backward and forward extended
Kalman filtering. The main features of this algorithm are the following:

—  All data, both past and future, are taken into account for each estimation
and, since the algorithm starts with the last known state, the estimations
do not depend on an initial value.

—  The model does not use organism-specific parameters and thus can be
applied to various microorganisms.

—  Contrary to the traditional techniques, biomass measurement error
characteristics are not neglected.

— A single tuning parameter describes the trade-off between smoothness
and adaptation. The initial guess of the error covariance matrix has a
negligible effect on the final result.

—  When a linear relationship between optical density and dry weight of the
cells exists, the optical density can be used directly by the algorithm.
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Application of the algorithm showed:

—  When the specific growth rate in a multi-substrate environment changes,
this technique accurately traces the changes in specific growth rate. Thus,
making the smoothing estimator a powerful tool for model structure
identification. It must be noted that the filter smoothes fast changes in
growth rate unless a large number of samples are taken during the
change.

—  Two different micro-organisms were used to show the micro-organism
independency of the algorithm.

—  Experimental data showed the applicability of the algorithm for both
batch and fed-batch operation.

Important differences with established recursive techniques are the lack of
necessity for an initial estimation and the use of all data over the cultivation
time interval.

Nomenclature

biomass concentration (mmol-1™")
dilution rate (h™")

linearised and discretised model f
selection matrix for state variance
output matrix

Kalman gain

sample moment

state variance matrix / eror covariance

spectral density / covariance of w

wt@%»%t@ﬁng

variance matrix of v

input variable vector

<

<

output uncertainty
process uncertainty
state variable vector

measured process output

T T = =

specific growth rate (h™)
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t time (h)

z white-noise

14 spectral density of z
Appendix

Linearisation and discretisation of Eq. (4)

For both EKF‘s, the model f{x,u) is linearised and discretised (using a first-
order approximation) at sample time & to the matrix Fj:

df(xk’”k)At

dx i

F

=1+

The covariance matrix Q; equals the discretised spectral-density matrix Q'
evaluated at sample time £.

Forward EKF algorithm

Time update:
—_— o t ~
Xppp =%+ jtfﬂ f(x,u)dt
5 _pppT
By =B 0L +0
Measurement update:

=P, HT(HzB HT+R
T T k+l k+1 k+1

Kk+1

5 _ ) T
Pk+1 - (] - Kk+1H)Pk+1 (1 - Kk+1H)T + Kk+1Rk+1Kk+l
)ek+1 = fk+l + Kk+l(yk+l o ka+l)

Backward EKF algorithm

Time update:
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Measurement update:

_ _ |
_ T T

Ky =6 H (H B+ Rk—lT

- = T

B = (r- K, H P 7o (- K, H J+ KRy 1Ky

=%t K ey -H fk—l)
Smoothing algorithm
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Abstract

To improve the cultivation of Bordetella pertussis and take advantage of the
newest techniques in monitoring and control, a quantitative description of
substrate utilisation is necessary. Growth of the organism is limited by two
main substrates. However, neither interactive nor non-interactive modelling
seems appropriate. A model that combines essential and enhanced kinetics
was developed based on experimental observation. Instead of fitting all model
parameters at once, a step-wise experimentation procedure was used. Finally,
two cultivations showed the accuracy of the model.

Introduction

Bordetella pertussis is the bacterium responsible for whooping cough, a
disease of the respiratory tract that may be life threatening in infants and
young children. The disease can effectively be controlled by immunisation
with a vaccine consisting of inactivated whole cells. Thalen et al. [1] described
the metabolism of B. pertussis in detail and noticed a deficiency in the citric
acid cycle. Experimental studies showed that the organism is not capable of
utilising lactate as a main carbon source. However, when grown on a medium
with glutamate as the main carbon source, addition of lactate increased the
growth rate [2]. This clearly indicated dual-substrate growth limitation and,
although the complete metabolic pathway is known, the kinetics have not been
quantitatively described.

Pharmaceutical production processes are tightly controlled, and online quality
monitoring is of increasing interest. To develop such advanced monitoring
tools and to enhance the production efficiency of a vaccine against whooping
cough, a quantitative model of the process is needed. A common approach for
modelling bioprocesses with multiple-substrate limitation is the use of a non-
interactive model that assumes growth of micro-organisms to be limited by the
most-limiting substrate [3], or an interactive limitation where both substrates
are essential and limiting simultaneously. B. pertussis is clearly dual-substrate
limited, but neither interactive nor non-interactive models seem appropriate.
Another problem with dual-substrate limited growth models is the estimation
of the parameters, such as yields and maximal specific growth rate. Contrary
to single-substrate models, it is not possible to determine the yields
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independently from the growth rate, since the origin of the formed biomass
can not be reduced to one of the substrates.

Hence, the main purpose of this study was to develop a model of B. pertussis
in a dual-substrate-limited environment and to find a solution for the
estimation of the parameters other than simply fitting them all at once.

Materials and Methods

Strains and Culture Media

B. pertussis strain 509 (available from the RIVM collection, Bilthoven, The
Netherlands), one of the two strains included in the DPT-Polio vaccine used in
the Netherlands, was used with the chemically defined Thijs-medium (RIVM,
Bilthoven, The Netherlands) containing glutamate and lactate as main carbon
substrates.

Bioreactor Conditions

The cells were grown in a 5-1 round-bottomed reactor containing 3-1 medium.
An ecight-bladed marine impeller was used to agitate the medium.
Temperature, pH, dissolved oxygen, and stirrer speed were controlled at 34°C,
7.2, 20%, and 400 rpm, respectively. Oxygen was transported through the
headspace only and controlled by changing the oxygen fraction in the gas
flow. The total gas flow was maintained at 1 L.min".

Analysis

A polarographic electrode (Ingold, Urdorf, Switzerland) measured the
dissolved oxygen in the medium. A pH electrode (Ingold) measured the pH.
The temperature was measured with a Pt100 temperature sensor. Biomass was
measured by optical density using a Vitalab 10 (Vital Scientific, Dieren,
The Netherlands), at 590 nm and by dry weight. The optical densities of
B. pertussis were recalculated to g-1' dry weight according to a calibration
curve. Glutamate and L-lactate were determined with a YSI 2750 Select
analyser (Yellow Springs Instruments, Yellow Springs, USA).
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Table 1: Three main types of kinetics when growth is limited by two substrates.

Model Kinetics

Interactive / Multiplicative M=y (C ) Hy (Csz)

Non-interactive M= mln{,ul (Csl )’ Hy (CS 2 )}

Additive / Enhanced H=H; ( )+ Y] (CS 2 )
Results

Dual-Substrate Limitation

Generally, unstructured non-segregated models describe microbial growth as
an autocatalytic process; the change of biomass in batch cultivation is directly
related to the product of biomass concentration Cy and growth rate . For a
medium with more than one main substrate, the assumption is made that the
growth rate is environmentally limited by the most-limiting substrate [3].
Although dated, this concept, called ‘non-interactive modelling’, still holds
today for many cases. However, the number of reports of microorganisms that
are simultaneously limited by two or more substrates is increasing [4-7].

Unstructured dual-substrate models are characterised according to whether
they are ‘interactive’ or ‘non-interactive’. ‘Interactive’ models assume that
growth i1s limited by both substrates simultaneously. For these models both
substrates are essential and thus have to be present for growth to take place.
Tsao and Hanson [8] extended these models to include the effect of growth-
enhancing substrates. These substrates are assumed to increase the growth rate
and at the same time are not essential for growth to take place. For this third
‘additive’ case, the growth rate is the sum of the two individual growth rates,
which are measured separately. Moreover, the growth rate would change when
one of the substrates becomes depleted while the other is still saturating. The
three main types of dual-substrate models are shown in Table 1. All of these
models mainly concern biomass growth, and although the consumption rate of
the substrates is of importance, they have not been discussed previously.
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Growth Rate

From previous experiments it was noticed that the growth rate of B. pertussis
on glutamate only is lower than the growth rate on medium containing both
glutamate and lactate. Furthermore, a dual-substrate-limited approach seems
appropriate, since the specific growth rate changes during cultivation when
one substrate becomes depleted (Figure 1). In Figure 1, the growth rate is
estimated from cell density measurements by a model-free smoothing
algorithm [2]. When both substrates are present during the first 20 h, the
growth rate is maximal at approximately 0.15h”, when lactate becomes
depleted after 23 h, the growth rate drops to approximately 0.10 h™.

This contradicts the first two ‘essential’ cases of dual limited growth. One
possible explanation for this situation is additive growth, the third case, which
means that B. pertussis is capable of utilising lactate in parallel with glutamate
and enhancing its growth rate. Growth on glutamate would then be
independent of growth on lactate, and the total observable growth rate would
be the sum of the two growth rates. However, this does not reflect reality since
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Figure 1: Estimated specific growth rate during a batch cultivation of
B. pertussis. A: Biomass measurements (triangles) and estimations (solid) and
concentrations of glutamate (dotted) and lactate (dashed). B: Smooth estimation
of the specific growth rate.

79



CHAPTER 5

it assumes that the organism can grow on lactate only, which is not the case
[1]. Hence, using the current medium, a combination of essential and additive
modelling has been used, where glutamate is an essential, and lactate is an
enhancing substrate.

Substrate Utilisation

Glutamate is used by B. pertussis both as a carbon and nitrogen source for
building material for growth and as an energy source. The metabolism of
B. pertussis has been described in detail by Thalen et al. [1] and can be
generalised to the formation of biomass from glutamate and lactate by two
major pathways. The first pathway describes growth on glutamate only and the
second pathway describes enhanced growth on both substrates. Growth via
these two pathways is assumed parallel, and thus the individual growth rates
can be added (enhanced growth). For both pathways, glutamate is essential.
Assuming Monod kinetics for the pathways, the complete model comprises:

dC
X _

Lo (i, ‘.
H=HU —

iCo _ (Mt ), max g . +Cp 0

dt Yo, Ye, X Ce o
Hy=H, .1

di:_’u_Z en KG+CGKL+CL

dt Y, X

Where C; and C; are the concentrations of respectively, glutamate and lactate,
Ye1, Y5, and Y;, are respectively, the yield of biomass on glutamate over
pathway 1, the yield of biomass on glutamate over pathway 2, and the yield of
biomass on lactate over pathway 2. The maximal growth rate over pathway 1
1S 4y, and the ‘enhancing’ growth rate over pathway 2 is i,,,. K; and K; are
the half-saturation constants for the Monod kinetics.

When both substrates are present the overall yield of biomass on glutamate,
Ys”, which can be calculated from measurements, will be higher than for a
cultivation with glutamate only. This is due to a part of the biomass that is also
formed from lactate in the second pathway and thus explains the second
negative sign in the above derivation of the glutamate concentration.
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Step-wise Experimentation for Parameter Estimation

For single-substrate models the yield can easily be calculated independent of
the growth rate by linear regression of biomass and substrate measurements.
However, for dual-substrate models it is not possible to separate which amount
of biomass is formed from which substrate, and consequently the yields cannot
be determined independently of the growth rate. To avoid fitting all
parameters at once, a step-wise procedure is used. Firstly, a cultivation with
only glutamate is performed. Since this is a single-substrate cultivation the
maximal growth rate, l,.., and the yield over the first pathway, Y;;, are
determined independently. Figure 2a shows the measured biomass
concentrations against the measured glutamate concentrations for linear
regression to determine Y, the yield of biomass on glutamate over pathway
1. The maximal growth rate, i, is determined by fitting an exponential

curve through the biomass measurements during the saturating part of the
batch.

Secondly, a cultivation is performed with both substrates present during the
complete cultivation. With the results of this cultivation the overall growth
rate is determined and thus the enhancing growth rate, ., is calculated.
Figure 2b shows the biomass concentrations against the glutamate and lactate
concentrations. From these measurements the overall yield of biomass on

0 5 10 15 20 0 5 10 15 20
Glutamate [mmol.l'1] Glutamate & Lactate [mmol.l'1]
Figure 2: Biomass measurements against substrate measurements and the results

of linear regression (solid) to determine the yields. A: Cultivation with glutamate
only. B: Cultivation with glutamate (circles) and lactate (triangles).
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Table 2: Parameters of the dual-substrate-limited growth model of B. pertussis.

Path 1 Value Path2 Value
M 0.128 h U 0.0321h7
Yo, 42.35 g'mol Y,  10.92 grmol”
Yo 18.69 g:mol™ Y, 55.04 g'mol”
Y 120.29 g'mol’! K;  0.50 mmol1’
Kg 0.50 mmol-1"

lactate, Y;°’ and the overall yield of biomass on glutamate, Y;”', are
determined by linear regression. Subsequently the yield of biomass on lactate
over pathway 2, Y;,, is derived from the overall yield, Y;*", according to the
Appendix. The yield of biomass on glutamate over pathway 2, Y;,, is derived
from the overall yield, Y;”', and the yield over pathway 1, Y;, according to
the Appendix. Finally the half-saturation constants, K; and K;, are chosen to
be small, since they only influence the very low substrate concentrations at the
end of the batch. All derived parameter values are shown in Table 2.

Model Validation

These parameter values were used to validate the model with a set of
independent experiments. Different starting concentrations were used for both
the simulations and actual experiments. Figure 3a shows the results of a
cultivation and a simulation of a standard cultivation where there is a balanced

30 12 30 12
A
25 AaAt 25 1
20 08 _ =20 08 _
N o 1 N
5 a2 £ 2
15 oy 06 3 g15 06 4
o £ © £
AN s % S
10 D 04T S10 04 @
+ w p
/A O
5 N 0.2 5 0.2
+
¢
e—e— () 0] 0
0 10 20 30 0 10 20 30
Time [h] Time [h]

Figure 3: Measured and simulated (solid) concentrations of biomass (triangles),
glutamate (+), and lactate (o) during two cultivations. A: Cultivation with
standard medium (balanced amounts of glutamate and lactate). B: Cultivation
with more glutamate and less lactate.
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amount of substrates, such that both are depleted at approximately the same
time. Consequently, during this complete cultivation both pathways are active.
The model shows good accuracy in predicting the behaviour of B. pertussis
when grown using both pathways. Figure 3b shows the results of a simulation
and a cultivation with higher glutamate concentration and lower lactate
concentration. Halfway through the cultivation, at 23 h, the lactate is depleted
and growth continues on glutamate only. At that time, the organism switches
from both pathways to pathway 1 only. Again, the model and its parameters
show good accuracy in predicting growth on both pathways, as well as growth
on pathway 1.

Discussion

The experiments showed that the model is capable of predicting the behaviour
of B. pertussis when grown on a mixture of glutamate and lactate.
Furthermore, they showed that halfway through cultivation when lactate
becomes depleting, the switch in metabolism is described accurately. At
present, this dual-substrate model coupled with a state estimator is used to
satisfactorily predict the future trajectory of a cultivation on-line [9].

Besides the perspective of advanced monitoring, the development of this
model also yielded an improvement of the used medium. From the model and
its parameters, the optimum ratio between glutamate and lactate was
determined to make sure that both substrates are simultaneously depleted.

Nomenclature

Co mmol-1”! glutamate concentration

C; mmol-1”! lactate concentration

Cy mmol-I”! substrate concentration

Cy gl! biomass concentration

K¢ mmol-1”! glutamate saturation constant

K; mmol-1" lactate saturation constant

Yei g-mmol” yield of biomass on glutamate for pathway 1

Yoo g-mmol’’ yield of biomass on glutamate for pathway 2

Ys”  gmmol’ overall yield of biomass on glutamate
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Y, g-mmol”’ yield of biomass on lactate for pathway 2
Y,”  gmmol’ overall yield of biomass on lactate

u h! specific growth rate

Uy h! specific growth rate for pathway 1

7 h! specific growth rate for pathway 2

7 maximal specific growth rate (pathway 1)
Moy h enhancing specific growth rate (pathway 2)
Appendix

Lactate Yield

The measured overall yield of biomass on lactate, Y;*", is calculated by linear
regression from the measurements as follows:

dC
—XL =y (Al)
dc,

In the model, the yield is split over two pathways and since lactate is used only
by the second pathway, the yield of biomass on lactate over pathway 2, Y;,, is
reconstructed from the overall yield and the model:

dc
dCy 7_(”1 +ﬂ2)CX _

= = =y, (A2)
L
dCL a’CL _’UJC
dt Y, ¥

Rewriting this equation, assuming saturating conditions and thus using the
maximal and ‘enhanced’ growth rates, gives:

y,,=—tenh__y ov (A3)
H max TH enh
Glutamate Yield

The measured overall yield of biomass on glutamate, Y;”", is calculated by
linear regression from the measurements as follows:
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dC
—X =y > (A4)
dC

In the model, the yield is split in growth over pathway 1 and over pathway 2.

Since the yield over pathway 1, Ys;, is known and the overall yield is
measured, the yield over pathway 2, Y, can be derived:

dCX
dCX __dt _ (/u1+:u2)c)(
dCG dCG (ﬂ] Hy J

v CX

dt Y. Y.,

Gl G2

=-1." (A5)

Rewriting this equation, assuming saturating conditions and thus using the
maximal growth rate and the ‘enhancing’ growth rate, gives:

Y Y oV
Y e eIe (A6)

fumaxYG _('umax +'uenh )YGI
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Abstract

The biomass concentration is a very important state variable and its specific
growth rate is a crucial parameter of almost every bioprocess. Due to the lack
of reliable and cheap sensors, they cannot often be measured directly or
estimated from related variables, such as the concentrations of substrates or
products. In this chapter, a sequence of two stable observers is used to
estimate the specific growth rate and the biomass concentration for processes
where the measurement of oxygen uptake rate is available on-line. A good
agreement between the sequentially estimated values and the measured values
is shown for the cultivation process of Bordetella pertussis, thus proving the
applicability of the algorithm.

Introduction

For better control and optimisation of bioreactor processes, it is essential to
measure the key physiological parameters on-line. However, such
measurements are rarely available for most of these parameters. Therefore,
any control or optimisation based on key physiological parameters cannot be
implemented unless values can be measured on-line to provide the necessary
information required by the controller or optimiser. Although efforts to
develop such sensors are underway, the availability and reliability of these
instruments are still very limited. There is thus an urgent need to provide the
necessary information by estimating these parameters from other values that
are simpler and easier to measure. In this chapter, parameter and state
estimation algorithms that can be used to estimate a key parameter or a
physiological state of a bioreactor will be presented.

Many works in this area have focused on the estimation of the specific growth
rate in simple cultures (with one substrate, one biomass, and in some cases one
product) [1-3]. In most cases, the proposed estimators are based on an
extended Kalman Filter approach, which generally leads to complex
algorithms. Moreover, despite some apparently good results, there is no a-
priori guarantee of the convergence and stability of these algorithms. Another
approach for estimating the kinetic rates in bioreactors is that developed by
Bastin and Dochain [4]. That approach needs a measurement of part of the
state of the process [5, 6]. A good example of an estimator based on exit-gas
analysis is proposed by Estler [7]. The use of extended Kalman Filter for the
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on-line estimation of both biological states and kinetic parameters is studied in
detail by Stephanopoulos and San [8] and Pons [9], where experimental
applications are reported.

In this chapter, a different type of algorithm is presented. Since the dynamics
of the state and the parameters are different in nature, their estimation will be
separated. This has been suggested as a natural way of implementing an
adaptive state estimator by Goodwin and Sin [10]. The potential advantages of
this approach are:

— It makes use of system’s linearity (the mass-balance equations become
linear).

—  Partial convergence can be proven; fewer factors have to be tuned than
1.e. an extended state Kalman filter.

—  Since the specific rates are obtained separately, the algorithm can be
tuned separately.

Materials and Methods

Strain, Medium and Bioreactor Conditions

Bordetella pertussis strain 509 (RIVM, Bilthoven, The Netherlands), one of
the two strains included in the DPT-Polio vaccine used in the Netherlands,
was used with the chemically defined THIJS-medium containing glutamate
and lactate as main carbon sources (RIVM). The cells were grown in a 5-1
round-bottomed glass reactor containing 3-1 medium. An eight-bladed marine
impeller was used to agitate the medium. Temperature, pH, dissolved oxygen,
and stirrer speed were controlled at 34°C, 7.2, 20%, and 400 to 500 rpm,
respectively. Oxygen was transported through the headspace only and
controlled by changing the oxygen fraction in the gas flow. The total gas flow
was maintained at 1 L.min™",

For the fed-batch experiment two 500-ml concentrated stock solutions of
glutamate and lactate were used for the two separate feeds and placed on
balances to monitor the feed rate. The feeds were added to the bioreactor by
two pumps (101U/R 32 rpm, Watson Marlow Itd., Cornwall UK) connected to
the bioreactor control system.
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Analysis

A polarographic electrode (Ingold, Urdorf, Switzerland) measured the
dissolved oxygen in the medium. A pH electrode (Ingold) measured the pH.
The temperature was measured with a Pt100 temperature sensor. Biomass was
measured by optical density using a Vitalab 10 (Vital Scientific, Dieren,
The Netherlands), at 590 nm and by dry weight. The optical densities of
B. pertussis were recalculated to g-1' dry weight according to a calibration
curve. Glutamate and L-lactate were determined with a YSI 2750 Select
analyser (Yellow Springs Instruments, Yellow Springs, USA).

Hard- and Software Set-up

All sensors were connected to the bioreactor control system ADI1040
(Applikon, Schiedam, The Netherlands) which in turn was connected to a
UNIX machine with BCSV (Compex, Belgium). All standard control-loops
(dissolved oxygen, pH, temperature, etc.) were performed in the BCSV-
software and logged to a disc on the UNIX machine. Using FTP, a Windows
NT machine downloaded new data every minute. These data were processed
by the sequential estimator, which was implemented in Matlab (Mathworks,
Massachusetts USA) to estimate biomass concentration and specific growth
rate.

Sequential Estimation

A significant part of the overall bioreactor identification is the estimation of
unknown or uncertain model parameters. Usually, this is accomplished by
treating the parameters as additional state variables. In this chapter, another
state/parameter estimation method is presented. It is based on the observation
that, in an adequately formulated model, the model parameters are
distinguished from the state variables in that they change markedly slower
than the state variables, and sometimes they are, in fact, time invariant. In
order to illustrate this point, consider a model in which the parameters are
truly time invariant. If these parameter values are accurately known, then the
state estimation and its future projection using the model equations will result
in small prediction errors at first. That results in slower convergence of the
estimation of the parameters and consequently causes divergence of estimates,
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especially when the true states of the model depend strongly on the
parameters.

Therefore, the estimation of the states will be separated from the estimation of
the parameters. Such an algorithm is shown in Figure 1 and can be
summarised as follows. First, the parameters, p, are estimated from the
available measurements, y, at a certain moment in time, ¢. This leads to an
update of the system dynamic model. Then, the estimation of the state vector,
x, is made with the measurements and the updated model. The implicit
hypothesis of such an approach is that the dynamics of the unknown
parameters are slower than the dynamics of the state variables. This approach
is called sequential state/parameter estimation, SSPE [11-13]. This algorithm is
applicable to systems with adequate models for which the parameters are not
expected to vary significantly with time.

Estler [7] reports the use of a sequential algorithm for adaptive control of the
ammonium concentration in a fed-batch process. Park and Ramirez [12] report
the use of the SSPE algorithm for regulating the glucose concentration in yeast
fermentation. Both estimate the states separately from the parameters. With
such applications it should be noted that the underlying basis for the SSPE
algorithm is the distinctively lower rate of parameter variation compared to
that of the state variables. Since £ and Y can be strongly dependent upon
culture conditions such as substrate concentration, dissolved oxygen
concentration, temperature, and pH, the parameterisation of such metabolic
variables may not be appropriate for SSPE application. However, if the culture
conditions are regulated at constant levels, it is reasonable to expect that these

y(t-1) y(t)
p(t-2y—» Parameter —{Mrb Parameter —i—P p(t)

x(t-2y——9 State estimator [—————F State estimator [T x(t)

! lp(t—l) E E lp(t) E

at time: t-1 at time: t

Figure 1: Scheme of a sequential state/parameter estimator. With state x,
parameters p, measurements y, at time #-/ and ¢.
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metabolic variables do not show considerable variation. Both Estler [7] and
Park and Ramirez [12] used SSPE coupled with regulation of culture dynamic
conditions.

Estimation of the Specific Growth Rate

Model

A suitable asymptotic observer of the specific growth rate based on the
measurements of the oxygen uptake rate OUR, is developed by Lubenova et
al. [14] for batch processes. This observer uses a generic model for biomass
growth and oxygen consumption that describes oxygen consumption as the
sum of oxygen used for growth and oxygen used for maintenance.
Representing this generic model to accommodate a fed-batch process leads to

Equation (1):
dC
X
—==(u-D)C
o =W=D)Cy .
OUR—(iﬂn JC
- O |~X
YO

Where Cy is the concentration of biomass, u the specific growth rate, D the
dilution rate, Y, the yield of oxygen on biomass growth, and m, the
maintenance coefficient for oxygen. The parameters for the case of
B. pertussis were determined from experimental data [15] and are shown in
Table 1. The derivative of the oxygen uptake rate, OUR, can be calculated as

follows:
Jc d(;l+m0]
dOUR: i+m0 X4 0 Cy
dt YO dt dt ()
C
= i+m0 (/.t—D)CX+d—#—X
YO dt YO

Rewriting this equation with Eq. (1) gives:
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du
dOUR ar
=l u—D+ OUR
a | urrmy) 3)

=o-0OUR

Where « is called the ‘apparent specific growth rate’ and depicts the apparent
specific growth rate of OUR. Rewriting the equation for « gives:

d

d—‘Ltlz(a—,u+D)(y+Y0m0) 4)
Note that when the specific growth rate is constant, & equals (¢ -D) and the
OUR increases with the same exponential rate as the biomass concentration.

Observer

To identify the imperfectly known and possibly slowly varying parameter ¢,
an observer is constructed. For that purpose the system is extended with the
differential equation of o with a zero right-hand part added for the unknown
parameter ‘dynamics’. In other words, « is modelled as a random walk
process. The p-observer as described by Lubenova et al. [14] was developed
for batch cultivation only. Adjusting the algorithm for fed-batch cultivation

results in:
dOUR _540UR +p,OUR (OUR —OUR)
dt. m m m
da: X
“5=0+p,OUR, (our, -0UR) (5)

da . . .

jit:(a—;HD) (,u+Y0m0)

where a hat (%) depicts the estimations and p; is a tuning parameter describing
the trade-off between the noise of the measurements, OUR,,, and the ‘noise’ of
the model. Tuning parameter p, determines the characteristics of the random
walk process of «. The tuning parameters have to be chosen such that the
observer works properly and is stable.
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Stability Analysis

The stability and convergence of this specific growth rate estimator are proven
by analysis of the system error (real value minus estimations):

£, . =0OUR—-OUR
80( =—0

The dynamics of the estimation errors are:

degyr _ dOUR dOUR

dr e di
= ®OUR-GOUR, - p,OUR, (OUR —OUR)
de, do da )
d di di
do

="~ p,0UR, (our, -oUR)

Now assume that the real OUR data are corrupted by the additive
measurement noise &,

OUR, =OUR+e, (8)
Combining equations (6), (7), and (8) gives:

de .
% = O((OURm —£, )—(ZOURm —-p;OUR (gOUR + 8m)

=¢,0UR, —oae,  —p,OUR €,n—pP,OUR €

de do (9)
o _
—dt = E—pZOURm (EOUR +€m)
do
= E_pZOURWIgOUR _pZOUngm

Now the dynamics of the estimation error E = [gyyr &,]" is expressed by the

following vector equation:

9E _ 4 E+B (10)
dt
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With

—o—p,OUR
dE_{_p] é]()URm-FOUR}r ( Pi m)gm

ar _ do (11)
dt — P> 80! —pZOURmEm'i'E

Since the OUR,, can be taken out of the observer matrix 4, the eigenvalues of
this matrix are independent of the measured OUR,,. The system is called stable
when the real parts of the eigenvalues of the observer matrix are negative or
zero [16]. This is guaranteed when:

>2.
p1>0 P (12)
py=

6.6 Estimation of Biomass Concentration

Model

The separately estimated specific growth rate and its derivative are used in
combination with the measured oxygen uptake rate OUR,, to construct an
observer for the biomass concentration according to Ignatova and Lubenova
[17]. First a model of the development through time of OUR and the biomass
growth rate Ry is used:

C
dOUR _ £+m0 (u-D)C 91 Cx
|7, dr Y, 13)
dC
X _ _
T—W—D)CX =Ry
Observer

This model, equation (13), is used to derive the following biomass observer.
Note that Cy is modelled as a random walk process with coloured noise by
describing its derivative, Ry, as a random walk process with zero mean noise
[18]. This means that the dynamics of Cy are affected by a random and a
systematic part. The latter, Ry, is also subject to random noise:
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dOUR :(i+m0]ﬁ d—i‘Y—X+p3(0URm ~OUR)

+
X
a |71, di Y,
0T, _
— X =Ry +p, (our,, —OUR) (14)
dR

X _
—= = OUR,_ —OUR

a3 ( m )
where a hat (") indicates the estimations of the first observer and a dash (-) the
estimations of the second observer. p; indicates the trade-off between noise
from the OUR model and its measurement, p, indicates the correction of the
error prediction to the biomass model and ps depicts the random walk

characteristics of Ry. The used values of the tuning parameters are mentioned
in Table 1.

Stability Analysis

The stability and convergence of this biomass estimator are proven by analysis
of the system error, (real values minus estimations):

£our = OUR—OUR
£p =Ry -R, (15)

ex =Cx -Cy
The dynamics of the estimation errors are:

depyr _ dOUR _dOUR

dt dt dt
i di 1 _
= ELvm, e, + —&,-p.(OUR —OUR)
O |"R X 3
{YO J Yo-dtY, "
deR:dRX_dRX
dt dt dt (16)
dR _
_ X
=—%—p;(OUR,, ~OUR)
de, dC, dC

X X X )
= — =R, —-R., - OUR —-OUR
dt dt dt X X p4( m )

=, -p,(OUR -OUR)
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Assume that the real OUR data are corrupted by the measurement noise &,:

OUR =OUR+e, (17)

Combining equations (15), (16), and (17) gives:

dg A d/\
OUR 7 i1
— YR —_pe +| St m, e, +——E€, — p,E
di P3¢our (YO 0] R Y, -di X ~P3tm
de dR
R X
=—pEnrp —P<E, + 18
i Ps€OUR ~ Psem T, (18)
ng

o P4four TER ~D4E,

Now the dynamics of the estimation error £ = [€oyr & 8X]T is expressed by
the following vector equation:

9 o 4 E+B (19)
dt
With
i di | i 1
- —+ _
P3 Y, O Y,.di|f, P3&Em
OUR dR
aE_|_ 0 0 || &, |+|-pse, +—X (20)
i Ps R Ps5éy, i
5
— Py 1 0 ~ P4l

If the observer matrix A has real distinct eigenvalues smaller or equal to zero
then the observer is called stable [16]. Consequently, in order to be stable the
parameters p;, p4, and ps need to be bounded by:

p322

p4zYi+m0+D+1 Q1)

o

Ps 2—~d—’u+4
Y, dt
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Figure 2: Diagram of the complete sequential estimation algorithm with process
P, growth rate observer £, and biomass observer Ey.

Results

Sequential Estimation

These two observers, equations (5) and (14), are combined in sequence as
illustrated by Figure 2, to estimate the specific growth rate and biomass
concentration on-line from OUR measurements only. First the specific growth
rate and its derivative are estimated from the measured OUR. These
estimations are used to update the dynamics of the model used for estimating
the biomass concentration in the second estimator. The observers are
initialised with the maximum specific growth rate known from data and the
inoculation biomass concentration.

Tuning

The problem of tuning the estimators is solved by finding the proper values for
p1 to ps. For this purpose, performance criteria such as the estimation error and
the sensitivity to noise are evaluated and related to the values of the tuning
parameters. For the growth rate observer those are the estimation error of OUR
and the sensitivity to noise for the specific growth, and for the biomass
observer those are the estimation errors of the OUR and the biomass

Table 1: Parameters used by the observers and dual-substrate model of

B. pertussis.
parameter value parameter value
1 16.76 Yo 0.6 g'mmol™
D2 7.81 mo 0.01
D3 2.65
P4 12.78
Ps 15.65
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Figure 3: Sequentially estimated batch cultivation of B. pertussis. Top graph
(A): The measured OUR during cultivation. Middle graph (B): estimated
specific growth rate. Bottom graph (C): The estimated (solid) and measured
(triangles) biomass concentrations.

concentration and the sensitivity to noise for the biomass concentration. Such
an analysis provides insight in the tuning procedure, but does not yield values
for the tuning parameters that are suitable for the actual process.

A more suitable approach is to define an objective function from these
performance criteria. By using simulation data and experimental data from
previous runs, the optimal values for the tuning parameters were found by
using an optimisation routine. The result is a trade off between the estimation
errors and the sensitivities to noise that stays within the boundaries mentioned
in equations (12) and (21).
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Figure 4: Sequentially estimated batch cultivation of B. pertussis. Top graph
(A): The measured OUR during cultivation. Middle graph (B): estimated
specific growth rate. Bottom graph (C): The estimated (solid) and measured
(triangles) biomass concentrations.

Experimental Validation

Several experiments with B. pertussis were performed in order to test the
performance of the sequential estimator. Figure 3 shows the results for batch
cultivation. During the first part of this batch, the relative noise on the OUR-
signal is high and consequently the biomass concentration is under-estimated
during the first part of the batch. Clearly, the quality of the OUR-data is
crucial for the performance of the sequential estimator. Towards the end of the
batch cultivation, the relative noise on the OUR-signal decreases and the
biomass estimations converge to their measured values. B. pertussis is
interactively limited by two substrates (glutamate and lactate) as reported by
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Figure 5: Sequentially estimated batch cultivation of B. pertussis. Top graph
(A): The measured OUR during cultivation. Middle graph (B): The estimated
(solid) and measured (triangles) biomass concentrations. Bottom graph (C): The
estimated specific growth rate.
Neeleman et al. [19]. After approximately 21 hours, the first substrate (lactate)
is depleted and 1 hour later, the second and final substrate (glutamate) is
depleted. The OUR-signal clearly indicates these two moments of substrate

depletion.

Figure 4 shows the results for another batch cultivation where after 20 hours
the first substrate (lactate) is depleted. Since the organism is interactively
limited by two substrates, the specific growth rate decreases with the depletion
of lactate. Figure 4b shows the change of the specific growth rate around 20
hours, indicating that the sequential estimator is capable of recognising a
changing specific growth rate. Figure 4c shows a good agreement between the
estimated and measured biomass concentration. Clearly the decreased level of
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noise (due to a more accurate dissolved oxygen sensor and better tuning of the
dissolved oxygen controller) improved the performance of the sequential
estimator.

To illustrate the applicability of the sequential estimator for fed-batch
cultivation a final experiment was conducted where glutamate and lactate were
fed into the bioreactor. Figure 5a shows the measured OUR during this fed-
batch cultivation. Until 23 hours, the cultivation was performed in batch.
Around 21.5 hours the first substrate, lactate was depleted, and growth
continued for just one hour on the remaining glutamate. Then around 23 hours
the feed was started. Since these events happened in rapid succession, the
control actions of the dissolved oxygen controller fluctuated strongly.
Consequently, the OUR-signal fluctuated strongly as well, which subverted
the performance of the sequential estimator. Therefore after 23.5 hours,
shortly after the feed started, the state of the sequential estimator was reset
with the measured biomass concentration. Figure 5b shows the estimated and
measured biomass concentrations and figure 5S¢ shows the estimated specific
growth rate. With this experiment, the performance of the sequential estimator
is proven for fed-batch cultivation.

Conclusions

This chapter has considered the problems of designing a sequential estimator
for the specific growth rate and biomass concentration for a class of aerobic
microbial growth processes. The results are relevant to the implementation of
control laws.

The generally good agreement between the on-line estimates and the off-line
measurements of biomass concentration indicated that the proposed
combination of algorithms is useful in the estimation of the biomass
concentration and its specific growth rate. Furthermore, the flexibility and the
general adaptive features of these algorithms suggest that they could be used
in the estimation of time-varying parameters of other situations as well.

By modelling biomass in the second observer as a random walk process with
coloured noise, the response is quicker but a tendency to overshoot the true
value might be present. Stephanopoulos and San [18] suggested the use of a
damping force in the description of Ry to correct a possible overshoot.
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The sequential estimator turned out to be stable, reliable in operation, and

suitable for application in a system for prediction and/or adaptive control.

6.9 Nomenclature

Cx
D
E
mo

OUR

gL’ biomass concentration

h' dilution rate

- vector of estimation errors
mmol-g'-h” maintenance coefficient for oxygen

mmol-L"*h" oxygen uptake rate

OUR,, mmol-L"*h"' measured oxygen uptake rate

D - tuning parameter #

Ry gL h! biomass growth rate

t h time

Yo g-mmol” yield of biomass on oxygen
Greek symbols

o h'! apparent specific growth rate
&, h! estimation error of &

& mmol-L"-h™" OUR measurement error
EOUR mmol-L"-h! estimation error of OUR

U h' specific growth rate
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Abstract

To achieve good product quality and consistency the bioreactor has to be
harvested in time. A prediction algorithm is developed which aids the operator
in determining and scheduling the right moment of harvest. An observer was
build for biomass concentration and specific growth rate from oxygen
consumption measurements only. With these estimations and a dual-substrate
kinetic model the substrate concentrations are calculated. With the estimated
biomass and calculated substrate concentrations the future trajectory of the
cultivation is computed by forward simulation to successfully determine the
harvest time on-line. Several experiments with a benchscale bioreactor to
cultivate Bordetella pertussis were carried out.

Introduction

A major goal in pharmaceutical industry, also the subject of local regulations,
is to ensure a high level of consistency. When process consistency is mainly
determined by batch cultivation, the only manipulatable operation is the
moment of harvest. Logically one should not harvest too early in the process
to avoid poor yields. And since the quality of the product usually deteriorates
within several hours after substrate depletion it is hence of great importance to
harvest in time.

The production process of a vaccine against whooping cough is used to
investigate the possibility of harvest prediction. Oxygen consumption proves
to be a good indicator for the time to harvest. As soon as substrates are
depleted the oxygen consumption decreases rapidly. However, B. pertussis,
the organism responsible for whooping cough, grows on two major substrates,
lactate and glutamate. When lactate is depleted a short decrease in oxygen
consumption is observed. If there is still glutamate available the organism
continues growth until this component is depleted. To properly determine
whether both substrates are depleted, a reaction time of at least half an hour is
necessary. Besides this long reaction time, also the ability to schedule
downstream processing favours the ability to predict the harvest time well in
time.

To predict the harvest time a model is needed that describes biomass growth
and consumption of glutamate and lactate. A regularly scheduled or operator
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requested forward simulation of this model has to predict the harvest time.
However, the lack of on-line in situ measurements of the biomass and
substrate concentrations makes it impossible to determine the current state of
the cultivation, which is needed by the simulation routine.

A second model relating biomass and growth rate to oxygen consumption has
to be derived and used to build an observer for specific growth rate and
biomass concentration from oxygen uptake rate (OUR) measurements only.
The OUR is on-line calculated from dissolved oxygen and off-gas
measurements. Combining such biomass estimation with a multi-substrate
kinetic model the substrates can be calculated on-line. Based on the estimated
current state of the process a forward simulation to predict the moment of
substrate depletion can be carried out at any time during the cultivation.

Materials and Methods

Strain and Culture Medium

B. pertussis strain 509 which is one of the two strains included in the DPT-
Polio vaccine applied in the Netherlands, was used with a chemically defined
medium containing glutamate and L-lactate as main carbon substrates [1].

Bioreactor Operation

The cells were grown in a 5-litre round bottom reactor containing 3-litre
medium. An eight-bladed marine impeller was used to agitate the medium.
Temperature, pH and dissolved oxygen were controlled at 34°C, 7.2 and 20%
air saturation respectively. Oxygen was transported through the headspace
only and controlled by changing the oxygen fraction in the gas flow. The total
gas flow was kept constant at 1-I'min".

Analysis

A polarographic electrode (Ingold, Urdorf, Switzerland) measured the
dissolved oxygen in the medium. A pH electrode (Ingold, Urdorf,
Switzerland) measured the pH. The temperature was measured with a Pt100
temperature sensor. Biomass was measured off-line by optical density using a
Vitalab 10 (Vital Scientific, Dieren, The Netherlands), at 590 nm. The optical
densities of B. pertussis were recalculated to mmol-I" according to a
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calibration curve. Glutamate and L-lactate were determined off-line with a
YSI 2750 Select analyser (Yellow Springs Instruments, Yellow Springs,
USA).

Software

Matlab (Mathworks, Massachusetts, USA) was used for the development of
the model, the observers, the simulation routines, and for visualisation of the
results.

Dual-Substrate Kinetic Model of B. pertussis

The medium used for B. pertussis cultivation contains glutamate and lactate as
main carbon sources. B. pertussis is not capable of growing on lactate only,
which makes lactate not an essential substrate. Contrarily growth on glutamate
only is possible and so one would conclude growth to be limited by glutamate
only. However, since the growth rate decreases when lactate is depleted and
moreover the growth rate on glutamate only is lower than on both substrates, a
combined essential and additive model [2] is derived for B. pertussis and
shown by equation 1.

dcC
X _
r —(/UG+ﬂL)CX
dc
G:_(#G+'ULJCX (1)
dt Yo, Y,
@, _ 4y
dt Y, X

Where Cy, C; and C; are the concentrations of biomass, glutamate and lactate
respectively. us denotes the specific growth rate on glutamate only and g, the
enhanced growth rate in the presence of lactate:

C
_ ., max G
Ho=He K i¢
0. @)
ll'tL :luzaax G L

110



ONLINE HARVEST PREDICTION FOR THE PRODUCTION OF BIOLOGICALS

biomass [mmoI.I'1]
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time [h]

Figure 1: Measured biomass (squares), glutamate (circles) and lactate (triangles)
concentrations during batch cultivation together with the simulation results
(solid).

The parameters are determined by a step-wise experimentation procedure.
First a cultivation experiment was carried out with glutamate as the only main
substrate. Since the organism is capable of growing on glutamate only, the
parameters linked to glutamate consumption could be calculated separately.
The yield, Y;;, was determined by linear regression of glutamate against
biomass concentrations and the maximum specific growth rate, t;""", could be
determined by fitting the growth curve to an exponential function.

A second experiment with both glutamate and lactate was used to determine
the additive effect of lactate to the specific growth rate, 1,"“". And the final
yields, Y5, and Y;, could again be determined by linear regression. Table 1
shows the derived parameters. The negative value of the glutamate yield in the
lactate pathway, Y;,, indicates a decreased maintenance on glutamate in the
presence of lactate.

The performance of the dual-substrate model is demonstrated by a third
experiment, Figure 1 shows the measured biomass, glutamate and lactate
concentrations together with the simulated concentrations using the multi-
substrate model. Clearly this figures shows that the model is capable of
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Table. 1: Parameter values of the dual-substrate kinetic model

parameter value

U™ 0.12h"

Kg 0.50 mmol.1"
Yo 2.243 mol.mol!
Yoo -2.5 mol.mol
0" 0.055 h!

K; 0.50 mmol.1"
Y, 0.75 mol.mol™

accurately predicting the development through time of the biomass and
substrate concentrations and thus of the harvest time.

To predict the future trajectory of the cultivation, the current state of the
biomass and substrate concentrations is needed. Since these are not measured
on-line, they have to be estimated from e.g. the measured oxygen
consumption. However, adding oxygen consumption to this model does not
result in an observable system, because it is not possible to determine from
which substrate the biomass was formed. Therefore a generic biomass
observer will be used to estimate the biomass concentration on-line. The
development through time of the substrate concentrations will then be
calculated by simulation with the previous mentioned model and the estimated
biomass concentration.

Observer for Specific Growth Rate

A generic model for biomass growth and oxygen consumption was used to
construct the observer. This model, equation 3, describes oxygen consumption
as the sum of oxygen used for growth and oxygen used for maintenance.

dC
—X::uCX
dt 3)
_ M
OUR—ch +m0CX

Where Y is the yield of oxygen on biomass growth and m, the maintenance
coefficient of oxygen. These parameters were determined from experimental
data and are shown in Table 1. The derivative of the OUR can be calculated as
follows:
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Jc d(:+ mO]
X o C

dOUR Y7,
=| S—+mg + 0%
dt YO dt dt 4)
C
= ﬁ+m0 luCX_I_d_’u_X
YO dt YO

Rewriting this equation with equation 3 gives:

du
dOUR _ dt

+ OUR = o -OUR 5
dt a w+Y0m0i )

Where the auxiliary parameter @, is the ‘apparent specific growth rate’, such
that:

(=) (u+ Ygmo) ©

Since, the development through time of the apparent specific growth rate, o, is
unknown it is modelled as a random walk process. The final growth rate
observer as described by Ignatova and Lubenova [3, 4] is described by

equation 7:
dOUR _40UR +p,OUR (OUR - OUR)
dt. m m m
i . (-~
7'?:(0‘_#)(#'*')/0”10) (7)
da

©5=p,OUR, (our, -oUR)

Where p; is a tuning parameter describing the trade-off between the noise of
the measurements, OUR,,, and the 'noise' of the model. The random walk
process of the apparent specific growth rate, ¢, is depicted by the tuning
parameter p,. The tuning parameters are chosen such that the observer works
properly and is stable (Table 2). The system is called stable when the real parts
of the eigenvalues of the linearised observer matrix are negative or zero [5].
Both eigenvalues of this system can be made negative or zero by the tuning
parameters:
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Observer for Biomass

The estimated specific growth rate, its derivative and the measured OUR are
used to construct an observer for the biomass concentration according
Ignatova and Lubenova [3, 4]. Equation 9 shows the model used by this

observer:
C
dOUR_ £+ my uC, + dau Cx
dt YO dt Y %)
Ry =uCy

Where Ry equals the growth rate of biomass, which is modelled as a random
walk process. Equation 10 shows the derived biomass observer:

U, ; C _
dOUR :{iJr JR +fl‘t‘ - +p;(0UR ~OUR)

dt Y,

o 0]
dC, _ _
X =Ry+p, (our, - 0UR) (10)
dR

X _ _
— X =ps (our, -0UR)
Where p; indicates the trade-off between noise from the OUR-model and its
measurement, p, indicates the correction of the error prediction to the biomass
model and p; depicts the random walk characteristics of Ry (Table 2).

The parameters are again chosen such that the observer works properly and is
stable [3]. All three eigenvalues can be manipulated by the tuning parameters
to be negative or zero, and thus to make the system stable:

p322
p4_Yi My +1 (11)
0]
1 du
>_ _
Ps Y, dt
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Figure 2: A: measured OUR. B: estimated growth rate. C: estimated (solid) and
measured (triangles) biomass concentration.

These two observers, equations 7 and 10, are used to estimate biomass

concentrations on-line for B. pertussis cultivations from OUR measurements

only. The two observers are initialised with the maximal specific growth rate

known from the model and with the inoculation biomass concentration.

Results are shown by Figure 2. Figure 2a shows the measured OUR that is
used to estimate the specific growth rate and biomass concentration. Figure 2b
shows the estimated specific growth rate. The estimated specific growth rate is

Table. 2: Parameter values of the oxygen model and the two observers

parameter

value

Yo
mo
b1
p>
b3
P4
Ps

1.67 mmol.mmol™
0.01h"

16.76

7.81

2.65

12.78

15.65
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nearly constant during the first 18 hours, then it decreases slowly until 23
hours when the growth rate is zero. Figure 2¢ shows the measured and
estimated biomass concentration. At the beginning of the batch the biomass
concentration is estimated too low, but after 15 hours the estimation follows

the measurements more accurately. Clearly this two-step observer is capable
of on-line biomass estimation.

Observer based calculation of substrates

Using the estimated biomass concentration and the measured start-
concentrations of the substrates the development through time of the substrate

concentrations can be calculated with the dual-substrate model of equations 1
and 2.

The observers are initialised without taking a sample. The maximal specific
growth rate as known from the model is used and the starting concentrations

growth rate

0
30
[72]
(7]
é 20 %
*<7>
3 108
(/2]
0
0 5 10 15 20 25 30
time [h]

Figure 3: A: measured OUR. B: estimated growth rate. C: estimated
concentrations (lines) and measurements of biomass (squares), lactate
(triangles) and glutamate (circles).
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of the substrates as they were added to the medium. The starting concentration
of biomass was set to zero. Figure 3a shows the measured OUR during a
cultivation with extra glutamate. Halfway during this cultivation, at 19 hours,
lactate is depleted as shown by the sudden decrease in QUR. This lactate
depletion is also shown by the estimated growth rate in Figure 3b; it drops to
the maximum specific growth rate of glutamate only (0.1 h™'). The estimated
biomass concentration and the calculated substrate concentrations are shown
in Figure 3c.

Clearly this combination of observers and model based substrates calculation
is capable of giving good estimates of the current state of the cultivation
without taking a sample for initialisation. Subsequently these results can be
used to predict the future development of the concentrations and thus the
harvest time. Besides harvest time prediction this combination of observers
has a high potential to be used for control purposes.

Observer based prediction of harvest time

To predict the harvest time the current estimated biomass concentration and
calculated substrate concentrations are used for a simulation to determine
when the substrates are depleted. This simulation runs when requested by the
operator or on a scheduled interval. Figure 4 shows a diagram of the complete
harvest prediction procedure together with the used equations. Figure 5 shows
the error of the predicted harvest time for two cultivations as it is calculated
every hour.

This figure shows a late harvest time prediction at the start of the cultivation
due to an estimated lag phase. Following the estimated lag phase the biomass

OUR
! |
M estimation _ | Cy estimation
(eq. 7) (eq. 10)
Y Y

Cgand C;. _ Harvest
calc. Prediction

Figure 4: Schematic representation of the step-wise harvest prediction procedure.
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time [h]

Figure 5: Error of the predicted harvest time at the moment of prediction for
two batches.

accumulates faster then predicted by the multi-substrate model. As a result the
harvest time prediction decreases. For both cultivations, 8 hours before harvest
time, the error in prediction is less then 30 minutes.

Concluding remarks

To achieve good product quality and consistency the bioreactor has to be
harvested in time. For processes with varying cultivation time a regular or
requested prediction of the time to harvest aids the operator in determining the
right moment of harvest and scheduling the following steps of downstream
processing.

Based on theoretical inference and a step-wise experimentation procedure a
dual-substrate kinetic model was developed to describe the growth of
B. pertussis and the consumption of the two substrates. This model was shown
to give a good prediction of a cultivation with different initial substrate
concentrations.

A second model was derived which related biomass, growth and oxygen
consumption. This model was used to build a two-step observer that was
shown to give a good estimation of the growth rate and biomass concentration
on-line based on OUR measurements only.
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A combination of the dual-substrate kinetic model and the two-step observer
was shown to give a good prediction of the current state, e.g. biomass, and
substrate concentrations, of the cultivation without taking a sample for
initialisation. This current state was used as starting point for a simulation with
the dual-substrate kinetic model to determine the harvest time. Determination
of harvest time can be done on a scheduled interval or on an operator request.
It was shown that the harvest prediction adjusts to lag phases and varying
growth rates and is a powerful indicator in the production process of
biologicals.

7.10 Nomenclature

Co mmol-1”! glutamate concentration

C; mmol-1”! lactate concentration

Cy mmol-1"! biomass concentration

C Y mmol-1" estimated biomass concentration
K mmol-1”! glutamate saturation concentration
K; mmol-1"! lactate saturation concentration

Mo h'! maintenance of biomass on oxygen

OUR mmol1"h" oxygen uptake rate
OUR,, mmol'I"*h" measured oxygen uptake rate
OUR mmol1"*h" oxygen uptake rate estimated by the growth observer

OUR mmol-1™*h" oxygen uptake rate estimated by the biomass observer

D - observer tuning parameter #
Ry mmol-I-h" biomass growth rate
R X mmol-1""h™  biomass growth rate

Yo mol'mol”’  yield of biomass on glutamate for pathway 1

Yoo mol'mol’  yield of biomass on glutamate for pathway 2

Y, mol'mol”’  yield of biomass on lactate

Yo mol'mol”’  yield of biomass on oxygen

o h'! apparent specific growth rate

i h' estimated specific growth rate
Uc h'! specific growth rate on glutamate
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U™ h' maximal specific growth rate on glutamate

75 h! specific growth rate on lactate

w" h! enhancing specific growth rate on lactate
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Abstract

For pharmaceutical production, consistency is a major goal. To achieve this
goal during the cultivation process, the metabolic state of the micro-organisms
in the bioreactor has to be kept constant. By controlling the specific growth
rate of biomass such metabolic stability is guaranteed. This chapter describes
the combined use of a sequential estimator and feed-forward-feedback-
controller to keep the specific growth rate constant for a dual-substrate
utilising organism. The performance of the combined algorithm is
demonstrated by several lab-scale experiments with Bordetella pertussis.

Introduction

The pharmaceutical industry is specially interested in consistency in
production. With standard cultivation techniques the metabolic activity of the
organisms may change, e.g. due to the varying amount of substrates. To
achieve more consistent production, methods to enforce metabolic stability are
needed. The specific growth rate characterises the metabolic state of the
organisms. Thus proper control of the specific growth rate would increase the
consistency of the production process.

Such a controller (u-controller) should keep the specific growth rate at a
desired set-point by adjusting the feed rate of nutrients on-line during fed-
batch or continuous cultivation. However, there are no direct sensors for the
specific growth rate and for many applications there is a lack of reliable on-
line instruments to measure biomass concentration in order to deduce the
specific growth rate. Therefore to meet this problem a model-supported
estimation technique, software sensor [1], is needed to determine the specific
growth rate from other available measurements such as oxygen consumption
rate, OUR [2]. Fig 1 depicts a scheme of such a set-up with the process, the
estimator and the controller.

T 1, Cx

Figure 1: Diagram of a specific growth rate controller consisting of the process
P, an estimator E, and a controller C. The biomass concentration Cy and the
specific growth rate y are estimated based on the oxygen uptake rate OUR to
calculate the control feed rate F in order to keep the specific growth rate at set-
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RATE

For fed-batch cultivation the output of the u-controller in figure 1 must
generate an exponentially increasing feed rate in order to keep the specific
growth rate constant. Thus with a near constant input of the error between the
set-point and the estimated specific growth rate the controller should require
permanent adaptation of the settings if it is a standard feedback controller.

A strategy for p-control frequently discussed in biotechnology is a feed-
forward controller based on a pre-determined trajectory or on estimations of
the biomass concentrations [3-5]. However such a feed-forward controller
needs a very accurate model and does not react to mismatches between the
predetermined cell growth and the actual cell growth or unexpected
disturbances on the system.

Therefore to compensate for the effects of such mismatches robustness is
improved by adding a feedback-controller to the feed-forward controller. Such
a feedback controller can be a simple and direct PI-controller. Several reports
have been made of combined feed-forward-feedback-control of the specific
growth rate based on estimations [6-11]. However, these cases use on-line
measurements of states (like biomass or substrate concentrations) and/or
discuss single-substrate-limiting situations. While in many cases such on-line
measurements are not available and multiple-substrates-limiting situations

apply.

This study concerns the development of a feed-forward-feedback-u-controller
for the cultivation of a micro-organism interactively limited by two substrates.
This complicates the development of a w-controller, since it involves the
control of two separate feeds. The performance of the controller is shown by
actual experimentation with B. pertussis, the organism responsible for
whooping cough. A dual-substrate model [12] and a sequential estimator for
specific growth rate and biomass concentration based on measurements of
OUR [13, 2] were developed and are integrated in the -controller.

Materials and Methods

Strain, Medium and Bioreactor Conditions

B. pertussis strain 509 (RIVM collection, Bilthoven, The Netherlands), one of
the two strains included in the DPT-Polio vaccine used in the Netherlands,
was used with the chemically defined THIJS-medium containing glutamate
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and lactate as main carbon sources (RIVM). The cells were grown in a 5-1
round-bottomed glass reactor containing 3-1 medium. An eight-bladed marine
impeller was used to agitate the medium. Temperature, pH, dissolved oxygen,
and stirrer speed were controlled at 34°C, 7.2, 20%, and 400 to 500 rpm,
respectively. Oxygen was transported through the headspace only and
controlled by changing the oxygen fraction in the gas flow. The total gas flow
was maintained at 1-1.min™",

Two 500-ml concentrated stock solutions of glutamate and lactate were used
for the two separate feeds and placed on balances to monitor the feed rate. The
feeds were added to the bioreactor by two pumps (101U/R 32 rpm, Watson
Marlow Itd., Cornwall UK) connected to the bioreactor control system.

Analysis

A polarographic electrode (Ingold, Urdorf, Switzerland) measured the
dissolved oxygen in the medium. A pH electrode (Ingold) measured the pH.
The temperature was measured with a Pt100 temperature sensor. Biomass was
measured by optical density using a Vitalab 10 (Vital Scientific, Dieren,
The Netherlands), at 590 nm and by dry weight. The optical densities of
B. pertussis were recalculated to g-1' dry weight according to a calibration
curve. Glutamate and L-lactate were determined with a YSI 2750 Select
analyser (Yellow Springs Instruments, Yellow Springs, USA).

Hard- and Software Set-up

All sensors were connected to the bioreactor control system ADI1040
(Applikon, Schiedam, The Netherlands) which in turn was connected to a
UNIX machine with BCSV (Compex, Belgium). All standard control-loops
(dissolved oxygen, pH, temperature, etc.) were performed in the BCSV-
software and logged to a disc on the UNIX machine. Using FTP, a Windows
NT machine downloaded new data every minute. Data were processed by a
routine written in Matlab (Mathworks, Massachusetts USA) to estimate
biomass concentration and specific growth rate, and to calculate new set-
points for the two pumps. Data were visualised in graphs on the Windows NT
machine as well. The new set-points for the two pumps were then uploaded to
the UNIX machine and to the pumps by BCSV.
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Sequential Estimation

A significant part of the overall bioreactor identification is the estimation of
unknown or uncertain model parameters. Usually in system identification this
is accomplished by treating the parameters as additional state variables. In this
study, a different state/parameter identification method is presented. It is based
on the observation that, in an adequately formulated model, the model
parameters are distinguished from the state variables in that they change
markedly slower than the state variables, and sometimes they are, in fact, time
invariant.

As aresult a suitable estimation algorithm can be summarised as follows. First
the parameters are estimated from the available measurements at a certain
moment in time. This leads to an update of the system dynamic model. Then,
the estimation of the state vector is made with the measurements and the
updated model. This is called sequential state and parameter estimation, SSPE
[14-16]. It should be noted that the underlying basis for the SSPE algorithm is
the distinctively lower rate of parameter variation compared to that of the state
variables. The parameterisation of 4 might not be appropriate for SSPE
application, since it can be strongly dependent upon culture conditions such as
substrate concentrations. However, if the culture conditions are regulated at
constant levels, it is reasonable to expect that this metabolic variable does not
show considerable variation.

Estimation of Specific Growth Rate

A suitable asymptotic observer of the specific growth rate based on the
measurements of the oxygen uptake rate OUR, is developed by Lubenova et
al. [2] for batch processes. This observer uses a generic model for biomass
growth and oxygen consumption that describes oxygen consumption as the
sum of oxygen used for growth and oxygen used for maintenance. Eq. (1)
shows this generic model after adjustment for fed-batch processes:

X
X _ (= D)C
w (u-D)C N
oUR=|*+m  |C
YO 0] X
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Where Cy is the concentration of biomass, i the specific growth rate, D the
dilution rate, Y, the yield of oxygen on biomass growth, and m, the
maintenance coefficient for oxygen. The parameters for B. pertussis were
determined from experimental data [17] and are shown in Table 1. The
derivative of the oxygen uptake rate, OUR, can be calculated as follows:

. d(;%]
dOUR _ £+m0 X, O Cy
dt YO dt dt (2)
C
= i+m0 (/,z—D)CX+d—ﬂ—X
Y, di v,

Rewriting this equation with Eq. (1) gives:

d
dOUR ot
=|u—D+ OUR
a1 ey my) (3)
=a-OUR

Where « depicts the ‘apparent specific growth rate’ of OUR. Rewriting the
equation for ¢ gives:

(=t D) (¥, ) 4)
Note that when the specific growth rate is constant, & equals (#-D). An
observer will now be used to identify the imperfectly known and possibly
slowly varying parameter . For this purpose the state of the system is
extended to contain the differential equation of ¢ with a zero right-hand part
added for the unknown parameter ‘dynamics’. In other words, ¢ is modelled
as a random walk process. The p-observer as described by Lubenova et al. [2]
was developed for batch cultivation only. Adjusting that algorithm for fed-
batch results in:
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dOUR .
" —=GOUR,, + p, OUR, (our, -0UR)
dé )
5=0+p,OUR, (our, -oUR) (5)

c;—ilz(&—ﬁ+D) ([1+Y0m0)

Where p; is a tuning parameter describing the trade-off between the noise of
the measurements, OUR,,, and the moise' of the model. Tuning parameter p,
depicts the characteristics of the random walk process of «. The tuning
parameters are chosen (Table 1) such that the observer works properly and is
stable. The system is called stable when the real parts of the eigenvalues of the
linearised observer matrix are negative or zero [18]. As shown in detail in
Chapter 6, this is guaranteed when:

(6)

Estimation of Biomass Concentration

The estimated specific growth rate, its derivative, and the measured oxygen
uptake rate OUR,, are used to construct an observer for the biomass
concentration according to Ignatova and Lubenova [13]. First a model of the
development through time of OUR and the biomass growth rate Ry is used:

C
dOdUR = (Yi+ mOJ(u—D)CX +c;—#Y—X
t 5 t Y, )

dC
—~ =(u-D)Cy =R

dt X

From this model the following biomass observer is derived, note that Cy is
modelled as a random walk process with coloured noise by modelling Ry, its
derivative, as a random walk process:
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dOUR _| A iy R, + 22 X+p3(OUR —OUR)
dr v,

a |\ Y,

dC, _

— X =Ry+p, (our, - OUR) (8)
dR

¥ _
—2=p\OUR_—OUR
a0 ( m )

Where p; indicates the trade-off between noise from the OUR model and its
measurement, p, indicates the correction of the error prediction to the biomass
model and p; depicts the random walk characteristics of Ry (Table 1).

The parameters are chosen such that the observer works properly and is stable
[13]. As shown in detail in Chapter 6, all three eigenvalues can be manipulated
by the tuning parameters to be negative or zero, and thus to make the system
stable:

py2—+tmy+D+1I 9)

P52 K +4

Y, dt
These two observers, equations (5) and (8), are combined sequentially to
estimate the specific growth rate and biomass concentration on-line from OUR
measurements. The observers are initialised with the maximal specific growth
rate known from data, since it is assumed that the cells will start growing at
this maximal growth rate, and the inoculation biomass concentration.

Table 1: Parameters used by the observers and dual-substrate model
of B. pertussis.

parameter value parameter value

Yo 0.6 g'mmol™ L 0.12h"

mo 0.01 b K¢ 0.50 mmol-1"
12 16.76 Yo, 42.35 g-mmol”
D> 7.81 Yoo 120.29 grmmol™
12 2.65 Lo 0.032h"

D4 12.78 K, 0.50 mmol-I"
ps 15.65 Y., 10.92 g'mmol™
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Tuning

The problem of tuning the estimators is reduced to finding the proper values
for p; to ps. For this purpose, the trade off between convergence and noise
sensitivity is investigated in simulation and on data sets while staying within
the boundaries as mentioned in equations (6) and (9).

Feed-forward Controller

Dual-Substrate Model

To construct a feed-forward controller a model is necessary which describes
the substrate usage and growth of B. pertussis. Experimental studies showed
that B. pertussis is not capable of utilising lactate as main carbon source.
However, Chapter 4 showed that when grown on a medium with glutamate as
main carbon source, addition of lactate increases the growth rate [19]. Based
on these observations, in Chapter 5, a dual-substrate model for B. pertussis
was developed [12]. The complete metabolism is lumped to the formation of
biomass from glutamate and lactate from two main pathways. The first
pathway concerns growth on glutamate only and the second pathway concerns
growth on both substrates. Growth via these two pathways is assumed to be
parallel, thus the individual specific growth rates can be added, furthermore,
glutamate is essential for both pathways and Monod kinetics are assumed for
the pathways. The model as described in Chapter 5 is modified to incorporate
substrate feeding:

dC

X _

dr (/umafo +'uenthfL _D)CX

in in in

dCG :Ficin_FG +FL C _(’umafo _’uenthfLJC

d v C 4 G Y Y X

Gl G2
10

dc, FI Fin pin frf o

L:Lcin_G LC_'uenhGLC

a v v Loy, A&
dV_ in in
E_FG +FL _Fsample

Where C; and C; are the concentrations of glutamate and lactate respectively,
Cs" and C,” are the incoming feed concentrations of glutamate and lactate
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respectively, and Yg;, Y5, and Y, are the yields of biomass on glutamate over
pathway 1, glutamate over pathway 2, and lactate over pathway 2 respectively.
Unax 18 the maximal specific growth rate over pathway 1, i, i1s the maximal
enhancing specific growth rate over pathway 2, and V' is the liquid volume. All
parameters are given in Table 1.

The kinetics are determined by f; and f;, which are normalised Monod kinetics
for glutamate and lactate and are determined by the Monod saturation
constants for glutamate, K, and lactate, K :

C
_ G
/g Ko+Cp
(11)
Cr
Jr=—0—"+
KL+CL

Calculations of Feed-forward Controller

The goal of the feed-forward controller is to maintain a reference specific
growth rate, y' “. This is achieved by adding exactly the mount of substrate
that is needed by the organisms to grow with the reference specific growth
rate.

Since metabolic stability is the underlying goal of the controller, both
normalised Monod kinetics have to be kept constant at /" and f;"¢. Choosing
both kinetics smaller than one will make C; and C; negligible compared to
Cg" and C;".

Based on the first measurement of the biomass concentration a feed profile can
be determined for the rest of the fed-batch cultivation assuming exponential
growth of biomass. Korz et al. [20] applied such an approach for a single-
substrate case. Major disadvantage of this technique is the inability to adapt
the feed rate to unexpected disturbances on the process. A better technique
would be to use the estimated biomass concentration to calculate the correct
feed rate on-line:

130



DUAL-SUBSTRATE FEEDBACK CONTROL OF THE SPECIFIC GROWTH

[

RATE

18 g & 1 Ty v )

F(i;n(t)= 'umax

Gl \er c
(12)
Fln(f)— enhfreffLref CX(U Vit)
Y) clr

In these equations the unknowns are the kinetics /& and £;"¢. In principle,
there is an unlimited number of possible feed rates, because:

'uref :'umafo—i_'uenthfL (13)

However, since metabolic stability is the underlying goal, the ratio between
the normalised kinetics should be fixed:

f

/3:‘fb

(14)

Figure 2 shows the values of f; and f; at various S and /. The white parts of
the figure show the admissible regions of the normalised kinetics.
ref
H =~ Hipgy <IB<'umax+'uenh (15)
Henn luref

max| 0,
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Figure 2: Diagram of the complete algorithm with process P, growth rate
observer E,, biomass observer Ey, feed-forward controller Cpr feedback
controller Crp, and supervisory boundary controller Cgg.
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With a fixed ratio, S, the two feed rates for glutamate and lactate can be
calculated. For the experiments in this study a ratio of 1 was used. Although
the performance of a feed-forward controller is promising, a disadvantage of
this feed-forward controller is the necessity to know all model-parameters
exactly and these parameters are not allowed to change during cultivation.
This dependency on an accurate model makes development time-consuming
and costly and above all this controller would not be very robust. Since
robustness is a major goal in pharmaceutical production using only a feed-
forward controller is not sufficient.

Feedback Controller

A direct feedback controller for the feed rates could not be used since the
process is strongly non-linear. In other words, the controller has to
exponentially increase the feed rates based on a (hopefully) small error
between the estimated specific growth rate and the set-point for the specific
growth rate. Tartakovsky et al. [21] reported an input-output-linearising
controller to solve this problem. Moreover, in the dual-substrate case, such a
direct feedback controller has to generate two varying feed rates based on a
single input signal.

When the feed rates of glutamate and lactate are calculated by the feed-
forward controller, the feed-forward controller, process, and estimator can be
seen as one combined system. That system is input-output linear and scalar
with the reference specific growth rate as input and the estimated specific
growth rate as output. Now a direct feedback controller would suffice to
eliminate the error which is introduced when the calculations in the feed-
forward controller do not satisty due to mismatch between the used model and
the actual process characteristics or due to unknown disturbances.

The feedback controller adjusts the reference specific growth rate, 4, which
is the input of the feed-forward controller in order to let the estimated specific

set

growth rate approach the set-point, £/°. In other words, by putting the
feedback controller in sequence with the feed-forward controller instead of in
parallel the gain of the feedback controller does not have to be adapted during

cultivation.
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Feedback Control

The feedback controller should only adjust the reference value slightly and not
react to noise on the estimation signal. A slow/smooth controller is therefore
desired. For this case the velocity form of a PI-controller [18] is implemented
to adjust £/ such that the estimated specific growth rate will converge to the

set,

desired :
8k = 'uset _'uk

(16)
Hrof k = Hyop -1 T Kp '(gk _gk—1)+K] € '(Zk _Zk—l)

Where Kp and K; are the two parameters that define the controllers (dynamic)
response to errors between the estimated and set-point specific growth rate.
Tuning these parameters was conducted by performing several simulations of
open-loop step-responses at various cell densities. Subsequently closed-loop
simulations were performed with varying levels of noise and drift in order to
let the error converge properly to zero with the right slow dynamics. Final
tuning is done based on experimental data.

Figure 3 shows the complete implementation of the sequential estimator, the
feed-forward controller, and the feedback controller.

ﬂlel
> P OUR q E, H Crs
Hrer
p Ey
Fs; F
G L CFF 4_ ‘

Figure 3: Diagram of the complete algorithm with process P, growth rate
observer E,, biomass observer Ey, feed-forward controller Cpr feedback
controller Crp, and supervisory boundary controller Cgg.
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8.7 Results

Feed-Forward Control Only

Several experiments with B. pertussis were conducted with the sequential
estimator and feed-forward controller only. For these experiments no feedback
control was applied. Figure 4 shows an experiment where at 36 hours the
batch phase of the cultivation was ended (all substrates were depleted) and the
feed-forward controller was started. Although the calculated feed rates were
correct at the start of the fed-batch, the pumps were erroneously set twice too

OUR [mmol.L™".h"

0.1

wih™

0.05

1 1 1 1 1 1
30 32 34 36 38 40 42 44 46 48 50
time [h]

Figure 4. Fed-batch cultivation of B. pertussis with the feed-forward controller
only, to maintain the specific growth rate at 0.05 h™. Top graph (A): The OUR
during cultivation. Middle graph (B): The set-point (dashed) and estimated
specific growth rate (solid). Bottom graph (C): The estimated (solid) and
measured (triangles) biomass concentrations.
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high. This resulted in a too high specific growth rate, which was evidently
noticed by the sequential estimator. After 37.5 hours the pumps were correctly
set and the specific growth rate was maintained at set-point (¢ = 0.05 h™) for
approximately 7 hours. The off-line biomass samples correspond well with the
estimated biomass concentrations. Around 40 hours inaccuracy in the OUR
signal resulted in increased noise on the specific growth rate estimations. After
45 hours the biomass concentration was slightly over-estimated resulting in a
slow drift of the specific growth rate from set-point. At the end the specific
growth rate had drifted to 0.07 h™'. Clearly the feed-forward controller strongly
relies on accurate model parameters and a good estimation of the biomass
concentration. Errors in these parameters or estimation result in undesirable
behaviour, emphasising that feed-forward control only is not satisfactory.

Feed-Forward-Feedback Controller

Adding the feedback controller to the feed-forward controller according to the
diagram in figure 3 should prevent a slow drift from set-point as shown by the

N
o

N
(6}
T
|

OUR [mmol.L"" h!
=
\
|

(&)}
T
|

|
46 47 48 49 50 51 52 53 54
Time [h]

0.1

0.08+ R

—0.06

=0.04

0.02 R

O 1 1 1 l l l l
46 47 48 49 50 51 52 53 54

Time [h]
Figure 5. Fed-batch cultivation of B. pertussis with the feed-forward-feedback
controller with set-point 0.05 h™'. Top graph (A): The OUR during cultivation.
Bottom graph (B): The estimated specific growth rate (solid) and the controller
output 4, (dashed).
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experiment with feed-forward only. Figure 5 shows the results for an
experiment with the combined feed-forward-feedback controller, figure Sa
shows the measured OUR and figure 5b shows the estimated specific growth
rate together with the set-point and output signal of the controller. Until 48
hours feed-forward only was applied. As can be seen in figure 5b, the specific
growth rate was slightly off set-point. After 48 hours the feedback controller
was started and the specific growth rate was brought back to set-point by the
feedback controller. Figure 5b also shows that the controller output, " 9
slowly decreased to avoid a further increasing specific growth rate. Without
the feedback controller the feed would have been to high and the specific
growth rate would have increased too much. Looking at the dynamics of the
noise on the estimated specific growth rate, this noise was clearly not induced
by the controller but by the noise on the OUR-signal. Fine-tuning the
dissolved oxygen controller or pre-filtering the OUR-signal might reduce this
noise. Tuning the estimator might reduce the noise as well, but would decrease
the error-convergence. Therefore this behaviour is considered desirable as
long as the controller is sluggish enough not to respond to this noise.

Figure 6 shows the results for another experiment where the specific growth
rate was maintained at set-point for over 15 hours and the total amount of
biomass was nearly quadrupled (increased final concentration and volume). At
approximately 24 hours the feed-forward-feedback controller was started with
set-point 0.05 h'. Until 32 hours the specific growth rate was maintained
accurately around this set-point. At 32 hours the pumps reached their maximal
flow rates and accordingly their ranges were adjusted, as a consequence the
controllers had to be reset. However, the estimated specific growth rate was
maintained satisfactorily around set-point emphasising the robustness of the
algorithm.

Then, at 38 hours, the set-point was increased to 0.07 h™' and maintained for
another 5 hours. This higher specific growth rate resulted in a heavily
increased noise level on the OUR, and consequently on the estimated specific
growth rate. Despite the increased noise the controller kept the specific growth
rate at this new higher set-point. During the complete course of this
experiment the biomass concentration was estimated accurately as can be seen
by figure 6b.
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Figure 6. Feed-forward-feedback controlled cultivation of B. pertussis where at
38 hours the set-point was increased from 0.05 h™ to 0.07 h™'. Top graph (A):
The OUR during cultivation. Middle graph (B): The estimated (solid) and
measured (circles) biomass concentrations. Bottom graph (C): The estimated
specific growth rate (solid) and the set-point (dashed).

Conclusions

In this chapter a complete scheme for the control of the specific growth rate is
presented (figure 3) and applied to the cultivation process of B. pertussis. The
main features of this y-controller are:

—  The applied sequential estimator does not need complex or expensive
measuring devices. A simple gas analyses is sufficient to provide the
required on-line data. No complex models are involved; just little a priori
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knowledge and a few experiments are necessary to determine the
parameters.

By separating the controller in a feedback and feed-forward part the
system becomes intuitive and easily adjustable. The feed-forward
controller makes the system input-output linear and scalar such that a
simple direct feedback controller, e.g. PID-controller, can be used.

In order to apply the feed-forward controller to other processes it is
necessary to conduct a relatively small number of experiments providing
enough data to determine and tune the parameters mentioned in Table 1.
For single-substrate limited systems such an operation is rather
straightforward. For multi-substrate limited systems this exercise could
become more cumbersome as described in Chapter 5 [12].

The controller stability was first tested in simulated cultivations and after
that, successful tests have been performed in real experiments at 3-L
scale with B. pertussis. Growth was controlled at reduced specific
growth rate (0.05 h™") over a period of more then 15 hours. All tests
showed a sufficient robust behaviour. The controller did not need time
consuming tuning procedures.

This study focused on keeping the specific growth rate constant at 0.05 h™,

which was a suitable value to demonstrate the controller performance. The

used level of 0.05h™ was enough to almost quadruple the total amount of

biomass. However, there is a possibility that another level of the specific

growth rate yields higher production capacity or product quality. The

presented u-controller gives the perspective for a systematic variation of the

specific growth rate to find the optimal specific growth rate.

Nomenclature

Cs mmol-1" glutamate concentration

Cs"  mmoll’ glutamate concentration in glutamate feed
C mmol-1" lactate concentration

c," mmol-1"! lactate concentration in lactate feed

Cy gl! biomass concentration

D h'! dilution rate
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Fg" 1! incoming glutamate feed rate
F," Ih! incoming lactate feed rate
Foample I'h! feed rate of sampletaking
K mmol-I” Monod saturation constant for glutamate
K; mmol-1"! Monod saturation constant for lactate
mo mmol-g'-h” maintenance coefficient for oxygen

OUR mmol1"h" oxygen uptake rate

OUR,, mmol-1"*h”" measured oxygen uptake rate

yor - tuning parameters

Ry g1 h? biomass growth rate

t h time

V 1 volume

Yei g-mmol” yield of biomass on glutamate over pathway 1

Yoo g-mmol’’ yield of biomass on glutamate over pathway 2

Y, g-mmol”! yield of biomass on lactate over pathway 2

Yo g-mmol” yield of biomass on oxygen

o h'! apparent specific growth rate

U h'! overall specific growth rate

7, h' specific growth rate over pathway 1

72, h! specific growth rate over pathway 2

7 maximal specific growth rate for pathway 1

Uewy  H7 maximal enhancing specific growth rate for pathway 2
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CHAPTER 9

Abstract

Parametric release has the potency to be the ultimate alternative for the use of
animal tests. It involves the release of product using evaluation of tightly
controlled physical parameters, without the performance of any test on the
final product. This practice is strengthened if there is a lack of validity for the
final biological or animal test to indicate quality or consistency. That pleads
for in-process monitoring replacing finished product controls when amongst
others batch-to-batch consistency has been formerly validated. Currently
parametric release is a common practice when it comes to terminally sterilised
and aseptically filled biologicals. It is illustrated for the production of
inactivated cells of Bordetella pertussis that new techniques are able to
monitor the process in detail. Furthermore, it is shown that the production of
B. pertussis is a well defined and highly predictable. In parallel with the tests
for terminally sterilised biologicals, mouse potency tests are statistically
hardly capable of indicating batch-to-batch variation. Monitoring on-line
process parameters provides a better assurance of consistency and quality, thus
giving the opportunity for batch release and regulatory approval without the
use of animal tests.

Introduction

The object of the regulations in the European Community in the field of
biologicals is to ensure a high level of safety and efficacy; unfortunately, they
tend towards the increased use of animals for testing purposes. For ethical,
economic and practical reasons, the number of animals used must be reduced
which makes the quest for an alternative highly relevant.

An important issue for the reduction of animal tests is parametric release.
Currently parametric release is a common practice when it comes to terminally
sterilised biologics [1] and is the object of efforts for aseptically filled
biologics [2]. It involves the release of product using evaluation of tightly
controlled physical parameters, without the performance of a sterility test. The
lack of validity for the sterility test to indicate product sterility strengthens this
practice.

Soulebot [3] took parametric release one step further when he pleaded for the
replacement of animal tests of the final product with in vitro tests before
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adsorption and blending. Thus pleading that in-process controls replace
finished product controls when amongst others batch-to-batch consistency has
been formerly validated.

For the current combination vaccine (diphtheria, tetanus, pertussis, and
inactivated polio vaccine), as applied in The Netherlands, animal tests are
performed both on the individual bulk products and on the final product. One
of these bulk products is a vaccine consisting of inactivated whole cells of
B. pertussis. The antigenic composition i.e. the quality of this vaccine is
determined during the cultivation step. By rigorously defining the production
process and using a chemically defined medium, the operating margins of the
cultivation are narrowed down. Consequently, the consistency of the
production has increased. Furthermore, the metabolism of B. pertussis is
known extensively [4], thus yielding the possibility of using process data to
monitor the behaviour of the organism during cultivation.

In order to apply a parametric release system to the production of inactivated
whole cells of B. pertussis the performance of biomass should be monitored
on-line. However, sensors for biomass are not existent, expensive and/or not
sterilisable. Alternatively, sampling for off-line measurements has to be
limited for operability, and sterility reasons. A model describing biomass,
substrates, specific growth rate and oxygen consumption is derived and used
to build a ‘software-sensor’ for specific growth rate and biomass
concentration. This software-sensor provides a good on-line estimation of the
specific growth rate and biomass concentration based on standard oxygen
measurements only. Finally, the same model is used to show that the
production process of B. pertussis is highly predictable [5].

Parallel to terminally sterilised biologics, the process is now well defined and
highly predictable. Furthermore, alike the sterility tests, mouse potency tests
are statistically hardly capable of indicating neither batch-to-batch variation
nor product quality. Monitoring on-line process characteristics provides a
better assurance of consistency and quality. Supported by in vitro tests such
process-monitoring yields the opportunity for regulatory approval and batch
release, thus eliminating mouse potency tests [6].
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Parametric Release

Definition

Within this framework, the term parametric release will be used for the release
of pharmaceuticals without conducting a test on the final or bulk product. The
quality of the product is ascertained solely by review of the parameters
achieved during the process. Such a procedure is only relevant when the
process is validated to be consistent and the product test is unreliable or
statistically not precise enough. In other words, no test on the final product has
to be done if and only if the process is fully defined, validated, consistent and
its deviations are more accurately monitored than possible with product
testing. Such an approach would be consistent with the general notices of the
European Pharmacopoeia [7]:

“With the agreement of the competent authority, alternative
methods of analysis may be used for control purposes, provided
that the methods used enable an unequivocal decision to be made
as to whether compliance with the standards of the monographs
would be achieved if the official methods were used.”

Several cases of parametric release have been approved or proposed in the last
few years [1-3] and will be reviewed shortly.

Terminally sterilised biologics

Parametric release is a common practise for the release of terminally sterilised
pharmaceuticals without conducting a sterility test. The sterility of a lot is
examined solely by monitoring the sterilisation cycle [1]. Typically this
requires sterilisation of a product in the final container by means of a validated
sterilisation procedure achieving a SAL of 10 or better. Products sterilised in
their final container by validated, well-controlled moist heat sterilisation
processes may be released for distribution based on a review of the recorded
sterilisation process parameters, provided the recorded parameters accord with
the validated process, without reliance on a sterility test [8]. This is
acknowledged in pharmacopoeias by statements to the effect that release of
sterile products may not be solely based on sterility testing, but has to rely on
validated procedures. According to the general texts on sterility of the
European Pharmacopoeia [9]:
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“When a fully validated terminal sterilisation method by steam, dry
heat or ionising radiation is used, parametric release, that is the
release of a batch of sterilised items based on process data rather
than on the basis of submitting a sample of the items to sterility
testing, may be carried out, subject to the approval of the

competent authority.”

Besides being common practice for terminally sterilised biologicals,
parametric release is the object of efforts for aseptically filled biologicals
according to the same concept.

In-process controls versus finished product controls

In vitro testing of the final product is complicated since the active components
are often adsorbed onto alum or presented as an emulsion, and tests are easier
to carry out prior to final blending operations. Soulebot [3] suggested that in-
process controls could replace finished product controls when amongst others
batch-to-batch consistency has been formerly validated. Since the adsorption
and blending process is a fully defined and validated process and the test on
the final product is only possible with an inaccurate in vivo test. A parallel
could be made with the terminally sterilised biologicals. The process is a fully
defined physical process with a good test on the incoming material. Thus, the
outcome of the process (the quality of the product) can be estimated with more
assurance by monitoring the process and establishing proper input conditions
than by testing the final product. In other words, Soulebot pleaded for
parametric release.

B. pertussis cultivation

For the current combination vaccine (diphtheria, tetanus, pertussis, and
inactivated polio), as applied in The Netherlands, the bulk pertussis vaccines
consist of inactivated whole cells of two strains of B. pertussis. The required
assays for the release of whole cell pertussis vaccine are the mouse weight
gain test and the mouse protection test (‘Kendrick test’) and are performed
both on the individual bulk products and on the final blended product. These
tests involve at least 156 mice per strain and are criticised for the use of many
animals, poor precision and insensitivity [10]. Therefore, such tests give poor
assurance of process consistency and whether the product is within
specifications. Since the quality of the final product is determined during the
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cultivation process, it is essential to verify whether parametric release could be
applied to this process.

For parametric release, specifications of the input conditions should be kept
and the process should be monitored such that the consistency and product
quality is estimated with more accuracy and assurance than the mouse tests.
Input conditions involve the medium composition, which is fully defined and
can easily be prepared consistently and the biomass concentration in the
inoculum, which is measured. The cultivation process is controlled severally,
not only by maintaining constant environmental conditions like pH,
temperature, and dissolved oxygen concentrations, but also by using computer
recipes preventing anomalies during the process. As a result of using the
defined medium and applying such rigorous control systems the process has
become very consistent.

Monitoring the process to verify whether crucial process parameters remain
within specifications is crucial for parametric release. However, monitoring
the process should not be done by looking at environmental conditions only,
such as whether the pH is maintained at set-point, or by looking at derived
conditions like the amount of oxygen consumed. Preferably, the state of the
process, the biomass concentration, should be monitored. And ultimately, it
would give even more assurance if not the state of the process, but the
performance of the biomass is monitored by for instance measuring the growth
rate or metabolic fluxes on-line. However, sensors for biomass concentration
are at present not mature enough for pharmaceutical application and sensors
for measuring the performance of biomass in a bioreactor are not existent.

Therefore, advanced process monitoring where the state of biomass can be
estimated using available measurements and model based inference seems
promising. These algorithms have been developed in the 1970s and have been
adopted by the biotechnology industry in the 1990s. Many applications have
proven its power and robustness in a production environment and thus proven
its maturity for pharmaceutical application.
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Advanced Process Monitoring

Modelling

Since the medium used for cultivating B. pertussis is a chemically defined
medium and the process is rigorously defined by software recipes, the
behaviour of the organism is fully dependent of its known environment.
Consequently, a model was made which relates the states of the organism, the
growth rate, pathway distribution, and respiration to its environmental
conditions. Growth of the organism can be described using two main pathways
for utilising the two main substrates, glutamate, and lactate. The used ‘dual-
substrate model’ is described by Neeleman et al. [11]. Figure 1, shows the
prediction of the dual-substrate model compared with the measurements taken
during cultivation. The figure shows that this dual-substrate model gives a
good prediction of the actual behaviour of B. pertussis. Furthermore, it gives
crucial inside information on the cellular state, growth rate and pathway
distribution.

20
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Figure 1: Measured biomass (squares), glutamate (circles) and lactate (triangles)
concentrations during batch cultivation together with the simulation results
(solid).
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Monitoring

Whilst direct online measurement of the states may not be possible. The
influence of their variation can be observed in available online measurements.
It is therefore in certain instances possible to obtain an online inference of the
process states — such an approach is termed a ‘software-sensor’. In other
words, a software-sensor is a software algorithm giving an online prediction
for parameters during a cultivation, in this case biomass and growth rate,
whose analyses are time consuming, labour intensive and costly. A software-
sensor calculates this prediction from the available online measurements using
a model and proper mathematical inference.

Based on the dual-substrate model such a software-sensor is derived which
estimates the current state of the process and biomass based on the oxygen
uptake rate (OUR). The OUR is calculated from standard available
measurements of the dissolved and gaseous oxygen concentrations. The OUR
is used to estimate the specific growth rate and the biomass concentration.
Figure 2 shows a schematic representation of the software-sensor algorithm.

This software-sensor currently operates on-line during cultivation. Figure 3
shows the results for a standard cultivation of B. pertussis. Figure 3A shows
the ‘measured’ OUR that is used to estimate the specific growth rate and
biomass concentration. Figure 3B shows the estimated specific growth rate.
The estimated specific growth rate is nearly constant during the first 18 hours,
then decreases slowly until 23 hours when the growth rate is zero. Figure 3C
shows the measured and estimated biomass concentration. At the beginning of
the batch, the biomass concentration is estimated too low, but after 15 hours,
the estimation follows the measurements more accurately. Clearly, this
software-sensor is capable of on-line biomass and growth rate estimation.

oxygen
measurements

—» OUR

l

growth rate biomass
estimation » estimation

Figure 2: Schematic representation of the software-sensor.
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Figure 3: A: measured OUR. B: estimated growth rate. C: estimated (solid) and
measured (triangles) biomass concentration.

Robustness

Important for application in the pharmaceutical industry is to test the proposed
algorithm for its robustness. Here, robustness of this algorithm is defined as
the ability to converge to the ‘true’ state after a malicious start and the ability
to cope with anomalies during the process.

Normally the software-sensor is initialised by taking a sample of the
cultivation broth. This measurement is then used as starting condition for the
algorithm. Convergence of the software-sensor is tested by initialising without
that sample. The starting specific growth rate is set to maximal and the starting
biomass concentration is set to zero. Figure 4A shows the measured OUR and
figure 4C shows the estimated and measured biomass concentration. The
estimated biomass concentration, which was set to zero at initialisation,
converges rapidly to its ‘true’ measured value indicating proper convergence
of the software-sensor.
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Figure 4: A: measured OUR. B: estimated growth rate. C: estimated
concentrations (lines) and measurements of biomass (squares), lactate
(triangles) and glutamate (circles).

Furthermore the tracking capabilities of the software-sensor are tested by
increasing the amount of glutamate added to the medium such that halfway
through cultivation, lactate will be depleted and the organism has to shift from
growing on both substrates towards growth on glutamate only. Figure 4A
shows that halfway during the cultivation, at 20 hours when lactate is depleted,
the OUR suddenly decreases indicating the decrease in oxygen consumption
by the organism. This lactate depletion is also shown by the estimated growth
rate in Figure 4B; it drops from the maximum overall specific growth rate to
the maximum specific growth rate possible for growth on glutamate only (0.1
h™"). The estimated and measured biomass and substrate concentrations are
shown in Figure 4C. Clearly, the software-sensor illustrated to be able to track
changes in growth rate due to substrate depletion. Now the software-sensor
proved to be robust enough for regulatory compliance and thus pharmaceutical
application.
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Predictability

The results of the software-sensor can subsequently be used to predict the
future development of the concentrations and thus the harvest time by
simulation with the dual-substrate model. This simulation runs when requested
by the operator or on a scheduled interval and has shown to give a prediction
of the harvest time with an accuracy of 15 minutes when run more than 12
hours in advance [5]. Concatenating, the process is fully defined and
predictable and can be monitored in detail with the ‘software-sensor’ resulting
in a more confident quality measure of the product than the animal tests.

Discussion

Parametric release is possible if and only if the following conditions are met:
critical input parameters and critical process parameters are kept within their
previously set limits and the monitoring system is more accurate in
establishing deviations or proving consistency than the final test. The use of a
software-sensor enables in-process monitoring of the performance of biomass
in the bioreactor, thus verifies whether the specific growth rate, a critical
process parameter, remains within specifications.

Critical process parameters

Besides using the specific growth rate as a critical process parameter, a list of
other critical process parameters and their respective operating limits should
be defined and established. Since these process parameters depend on the
strain, medium, and specific equipment used it will be beyond the scope of
this paper to elaborate on this list in detail. Such process parameters might
include, for example: dissolved oxygen concentration, temperature, pH, and
more importantly biomass concentration. When critical process parameters
defined in the standard operating procedures have not been achieved, the
product must not be released to the market. Critical process parameters must
be recorded.

Prerequisites for parametric release

A program must be established describing in detail the release steps and the
documentation required. The decision to release a product is primarily based
on the acceptance criteria defined in the validation records. The following
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points are prerequisites for parametric release and thus form the basis for the
assessment of quality and subsequent release of product.

—  Procedures are established that ensure critical process input parameters
are met before every run.

—  Critical process parameters are defined together with their respective
operating limits prior to release of the product and procedures are
established that ensure these operating limits are met during every part of
the process.

- Procedures are established that ensure all relevant data are documented
and reviewed during the process of releasing the product.

— A document (batch record) is retained that contains all relevant data
including the recorded critical process parameters reviewed for the
release decision of the product. The document must be available for
review by the controlling regulatory (competent) authority.

—  Procedures for maintenance, periodic re-qualification, with acceptance
criteria and schedules are established and followed.

— Evidence of successful validation of the used equipment and the
monitoring program must exist prior to processing and release of the
product. Additionally, the process should be re-examined periodically to
ensure it continues to function as intended.

— A deviation and change control procedure must be in place describing
the reporting and actions to be taken in the event of any deviation from
the acceptance criteria of the process and of the monitoring program.
This includes an assessment of the significance of the deviation, and a
decision if revalidation is necessary or not.

—  Once parametric release has been decided upon, a release or non-release
decision cannot be overruled by use of another method.

Parametric release: the ultimate alternative

This work showed that a cultivation process as part of producing a
pharmaceutical could be considered a well-defined and accurately predictable
process. Furthermore, by using advanced techniques the biomass
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concentration and more importantly the performance of the biomass could be
monitored giving crucial information about the quality and consistency of the
final bulk product.

The used software-sensor is not organism-specific and thus applicable for
various other organisms. Moreover, the complete procedure and prerequisites
proposed in this work can be applied to a wide variety of organisms and
processes.

This work is an attempt to set up a framework for releasing product based on
advanced monitoring techniques. This technique has a strong potential for
eliminating the number of animals used for testing and thus becomes a novel
and promising alternative. Such an approach would not only save animal lives,
an ethical requirement, but also save costs (animal tests are particularly costly
and often of long duration) and solve some practical difficulties (certain tests
can adequately be performed in SPF animals or animals free of specific
antibodies or that have never previously encountered the specific organism).
In many cases, such animals are plainly not available.

Thus the pharmaceutical industry and regulatory agencies should jointly
facilitate progress in this field to lead to parametric release systems based on
process characteristics which can accurately be measured using softsensing
techniques.
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Introduction

The central theme in this thesis, as well as its title, is biomass performance.
With biomass performance the well being of biomass in a process is intended.
Amongst others, that involves the concentration of biomass and its growth
rate. In this thesis the use of process monitoring methodologies for the
acquisition of information related to biomass performance is discussed.
Obtaining this information yielded improved knowledge of the process and an
accurate on-line monitoring tool.

Robust and reliable on-line technology enables the development of prediction
and control strategies such as the right moment to harvest and substrate
feeding. These techniques in turn enable the process operation to move away
from predetermined schedules to physiologically based process decisions
allowing manipulation of the engineering environment to control product
formation and minimise unwanted impurities, by-products, or low yields.
Furthermore, such monitoring tools result in increased assurance of
consistency in process and product quality, ultimately leading to the prospects
of parametric release.

Monitoring Biomass Performance

Successfully monitoring cultivation processes requires a good understanding
of the interactions between the cell physiology and the physical and chemical
environment in the bioreactor. Subsequently, the combination of off-line and
on-line process data can be used to define the process, demonstrate process
consistency, and maintain regulatory compliance. In this thesis several
monitoring techniques are developed for which no or only little a priori
information is needed. Two of these are organism-independent and can
therefore be used for a variety of organisms and/or processes.

The respiration quotient is considered a good indicator of metabolic activity
and is calculated from the oxygen uptake rate and carbon dioxide production
rate. Measuring the carbon dioxide production rate on-line is difficult,
especially when bicarbonate buffered media are applied. Chapter 3 describes
an on-line Kalman filter that has no knowledge of the used organism and still
gives a good estimate of the carbon dioxide consumption rate regardless of an
existing bicarbonate buffer. The organism-independence and on-line
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characteristics of this algorithm make it generally applicable in many
processes. Subsequently, the on-line available respiration quotient can be used
to monitor the process and/or control the process such that a specific
respiration quotient is maintained.

The next step in monitoring biomass performance is the acquisition of specific
knowledge about the micro-organism used, in order to develop a model that
describes its growth and substrate usage. In particular, knowing the
development through time of the specific growth rate improves the knowledge
of the performance of the micro-organisms. Traditionally the specific growth
rate is calculated off-line from biomass concentration measurements with
methods such as exponential or polynomial fitting or walking averages.
However, these methods do not give satisfactory results nor do these methods
take the noise characteristics of the biomass measurements into account. In
Chapter 4 a smooth estimation technique for off-line determination of the
specific growth rate is developed. This technique does not need knowledge of
the organism, its intercellular behaviour, or the process. With cultivation data
of B. pertussis and N. meningitidis this technique showed to be useful for
determining the growth characteristics of micro-organisms based on
measurements of biomass concentration only.

Where off-line estimation of the specific growth rate is a powerful tool for
model development and process consistency checking, on-line estimation
finds its applications in monitoring, control, and optimisation. If at each
moment in time estimates of the specific growth rate and biomass
concentration are available, they can be exerted to calculate a feed rate or
predict the future behaviour of the process.

An on-line sequential estimator is developed in Chapter 6, were only little
organism-specific information is needed to give accurate estimations of the
biomass concentration and its specific growth rate. These estimations are
based on generally available measurements of the oxygen concentration only.
Although in Chapter 6 the estimator is developed for the cultivation of
B. pertussis, it is based on a generic growth and oxygen consumption model,
and can thus be applied to various bioprocesses. With only a few data sets,
minor parameter estimation and tuning, the parameters of the sequential
estimator are adjusted for another micro-organism, making this a strong and
universal tool.
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Knowledge of Biomass Performance

Modelling has become a prerequisite for the development, optimisation, and
control of bioprocesses. With the aid of an accurate model it is feasible to
perform simulations in order to improve process knowledge and
investigate/test applications of monitoring and control. The usefulness of
simulation models in connection with experimental planning is also evident.

An important step in modelling micro-organisms in a bioreactor is correlating
the development through time of the specific growth rate with substrate
consumption. The tool presented in Chapter 4 gives such useful information
by objectively estimating the specific growth rate from biomass samples. For
B. pertussis this resulted in the development of a dual-substrate model where
the two substrates simultaneously limit the growth of the organism in an
exceptional way, as opposed to the commonly excepted proposition that
growth is limited by the most limiting substrate. Chapter 5 describes this
model that combines essential and enhanced kinetics and which was validated
with experiments.

With the improved understanding of the metabolism of the organism and its
substrate utilisation the process and the used medium are fine-tuned. Thus
modelling and simulation are valuable tools in basic biological research.
Moreover, the quest for a proper model direct investigators towards a search
for quantifiable results.

Predicting Biomass Performance

To achieve good product quality and consistency the bioreactor has to be
harvested in time. Since downstream processing needs to be prepared and
operators need to be ready for harvest, there is a demand for an algorithm that
is capable of predicting the right moment of harvesting. Furthermore, a
prediction algorithm gains the advantage to let the moment of harvesting be
dictated by the state of the organisms instead of by a predetermined time-
schedule.

In order to predict the future trajectory of a bioprocess it is inevitable to know
the past and current status of the bioprocess. Combining the dual-substrate
model of Chapter 5 with the monitoring system of Chapter 6 resulted in the
on-line reconstruction of the complete state of the process, i.e. concentrations
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of biomass and substrates. With this known current status, a simulation of the
future trajectory is made in order to predict the moment of substrate depletion
and thus the right moment of harvesting. Chapter 7 describes such a prediction
algorithm which can be performed on operator request or fully automatic on a
regular interval.

Besides using a prediction algorithm for the moment of harvesting it can be
used for other events that have to take place during a production process, e.g.
virus inoculation, feeding, inducing expression, etc..

Manipulating Biomass Performance

A very popular way to influence or manipulate a bioprocess is operating in
fed-batch mode where the substrate is slowly fed to the reactor but no product
is drawn until the end. A fed-batch culture has the advantage of avoiding
substrate overfeeding, which can inhibit the growth of micro-organisms.
Moreover, the fact that no substance is withdrawn from the reactor helps the
process to work in good sterilised conditions. On the other hand, from the
control engineer’s viewpoint, it is the fed-batch process that presents the
greatest challenge: the process variables are difficult to measure, the ‘quality’
of the product is difficult to define yet very important, the process model
usually contains strongly time-varying parameters, etc. But above all, the
challenge arises mainly because the control of the process by adjusting the
feed rate is an on-line, dynamical problem.

In spite of its importance, control of the specific growth rate is not widespread
in the pharmaceutical industry. One reason is that typical industrial
cultivations are not sufficiently instrumented for applications of the control
algorithms proposed so far. Another reason is that many of the control
algorithms are too complex and often not robust and reliable enough. Chapter
8 describes the use of the on-line monitoring system presented in Chapter 6 to
create a simple and robust automatic control system for the specific growth
rate. The algorithm uses only oxygen measurements and was shown to
maintain a constant specific growth rate for more than 15 hours. Moreover the
complete system has a modular approach and each individual module can be
implemented, tested, tuned, and validated separately. That results in a less
complex, easy to understand, and off-the-shelf application for the
pharmaceutical industry.
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Assurance of Biomass Performance

The interest in alternatives, reductions, and refinement methods for the use of
animals in the development and control of biological products has increased
considerably in the last few years. The issues raised are of concern to the
scientific community as well as to manufacturers, regulatory authorities, and
those involved in animal ethics and welfare. For this purpose, a large number
of physicochemical, immunochemical, biochemical, and cell biological
methods have been proposed [1].

For the release of product a monitoring system should be in place that gives
the highest possible assurance of consistency in product quality. Here the
keyword ‘assurance’ should be emphasised. Measuring the actual product
quality is not always feasible and does not necessarily have to give the highest
level of assurance. For instance, mouse potency tests are statistically hardly
capable of indicating neither batch-to-batch variation nor product quality.
Since the monitoring technique described in Chapter 6 does give accurate
information about batch-to-batch variation, the release of product should be
based on these on-line process data. Such a procedure would be called
parametric release.

The basis for parametric release is intrinsic process quality and extensive
product and process knowledge, leading to clear, thorough, robust, and
consistent processing. Although the implementation of such a procedure was
demonstrated, and validation is easily attainable, regulatory acceptance is still
at a very early stage. Therefore, efforts should be made in strengthening the
communication between research scientists, manufacturers and regulators to
promote the exchange of scientific knowledge and to increase awareness of
the importance of parametric release.

The Modular Approach

All techniques in this thesis have been developed such that they can be applied
in a modular approach. Each chapter describes one or two separate tools or
modules to be used and combined to reach one of the final goals. Each module
or tool is implemented in a separate and individual software routine. The
strength of a modular approach is the possibility to implement, tune, test, and
validate each module or tool separately and the opportunity to replace a single
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module with a new or improved algorithm without harming the combined
application.

When connecting all modules to a combined application, the input and output
specifications of each module need to be defined precisely. Table 1 shows
briefly all modules, tools, and combinations with their inputs (measurements
or outputs of other modules or tools) and outputs.

Table 1: Modules and tools discussed in the various chapters of this thesis with
their inputs and outputs.

Tool / Module Ch. Input meas./ Output of Output

A RQ-estimation 3 CO;and O, RO

B off-line g estimation 4  Cy yli

C simulation model 5  Cx(), Cst), tool B Cx(t+1), Cs(t+1)
D on-line i estimation 6  OUR M, dy/dt

E on-line Cyestimation 6  OQUR, module D Cy

F state reconstruction 7 module D and E Cx, Cg, C,

G harvest prediction 7  module F time to harvest
H feedback u-control 8 U, module D Lo

[ feed-forward u-control 8 g, module C,E,and H Fg, Fi

] parametric release 9 module D and E approval

K safety control App Cx(off-line), module 1 Fe F;

10.8 Prospects

Managing Biomass Performance

In the past, computers in bioprocessing generally have been used for process
monitoring, data acquisition, data storage, low-level control, and error
detection. Computer capabilities are now further exploited by the
implementation of advanced control and optimisation strategies, which
potentially provide significant improvement in product quality, yield,
consistency, and productivity [2].
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The extent of computer application depends on the development of better on-
line instrumentation that can monitor cellular physiology, as well as on
reliable mathematical models that can describe various cellular dynamics.
When the availability of on-line sensors is limited, mathematical models and
estimation techniques will play very important roles in optimising bioreactors
as shown in this thesis.

Traditionally, in operator controlled processes, the operator has been
responsible for monitoring the current status of the bioreactor, initiating proper
control commands (for example emptying the vessel for harvesting or starting
the feed in a fed-batch culture), and for specifying control parameters (set-
points, flow rates). The next logical challenge in the production of
biopharmaceuticals is a broadly applicable algorithm that is capable of plant-
wide control. Such an expert system will detect off-specifications, will give
advice about starting the feed or initiating harvest, and will monitor the
performance. In other words computer technology can now be used to perform
tasks usually carried out manually in order to automate process decision
making. Moreover, for direct process control, e.g. control of the growth rate,
advanced computer control is imperative since such control can not be done
manually. Chapter 7 and 8 present applications that make process decisions
based upon an on-line monitoring system.

In-depth Biomass Performance

One of the obstacles hampering the further development of bioprocesses is the
lack of understanding microbial metabolic pathways and cellular control
mechanisms. Such knowledge is needed in order to model the process and
formulate meaningful process control algorithms so that the final objective of
process optimisation can be achieved.

There have been few reports in the literature on extending metabolic flux
analysis to on-line state recognition of cultivation processes, using only
measured values acquired on-line. On-line estimation of metabolic reaction
rates has been successfully performed by macroscopic elemental and heat
balance methods. However, the estimated reaction rates were limited to extra-
cellular metabolites only. Takiguchi et al. [3] present an on-line method for
estimating the flux distribution of intracellular metabolites from on-line
measurements only.

164



CONCLUSIONS

Beyond Biomass Performance

Besides monitoring biomass performance during the cultivation step, such
advanced monitoring techniques are also promising for application at other
bio-pharmaceutical process steps. Filter fouling and column ageing are only
two examples of downstream processing steps that will benefit from advanced
monitoring techniques. The ability to recognise filter fouling from pressure
changes or column ageing from the changes in elution pattern would greatly
contribute process quality. Furthermore, it would shift process decisions being
made on a pre-determined schedule to being dictated by the state of the filter
or column.

From Biomass Performance to Company Performance

Accelerating the drug development process while controlling costs is of
critical importance in the biopharmaceutical industry, now faced with
shortened product life cycles due to increased competition from generic drugs.
The time span over which companies have to recoup their investment is
shrinking while the cost of developing drugs is rising. Hence, to achieve an
acceptable return on this investment, biopharmaceutical companies need to
focus on cutting down the cost of drug development and improving the overall
time-to-market.

Biopharmaceutical companies typically have a portfolio of drug candidates to
manufacture for clinical trials, but with finite response resources, budget and
capacity. Therefore, it is imperative that process development is improved and
R&D portfolio management is made more effective. However, managing an
R&D portfolio is complicated by the fact that each project is subject to
technical and market uncertainties. Incorporating the effects of risk analysis
helps enhance the quality of decision-making within a company.
Consequently, the need for computer-aided data analysis and simulation tools,
capable of capturing both the technical and business aspects of manufacturing
processes, is critical for such decision-making.
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The primary concern in the pharmaceutical industry is not the optimisation of
product yield or the reduction of manufacturing cost, but the production of a
product of consistently high quality. This has resulted in ‘process monitoring’
becoming an integral part of process operation. In this thesis process
monitoring is one of the central themes, from monitoring the environment of
the micro-organisms to monitoring the micro-organisms themselves. The latter
is called monitoring biomass performance. Subsequently, in this thesis,
monitoring is applied to predict the future trajectory of the cultivation and thus
the time to harvest. Furthermore, it is applied to indicate process consistency
and thus to give assurance about product quality. Finally, monitoring is
applied to control the specific growth rate in order to improve process
consistency and thus to improve assurance of product quality.

One of the key metabolic indicators suitable for monitoring the performance
of cell cultures is the respiration quotient. Usually gas analysis is used to
monitor this variable. However, in bicarbonate buffered media the carbon
dioxide balance is affected by accumulation and hence the respiration quotient
can not directly be calculated from gas measurements. A Kalman filter is
introduced that estimates the carbon dioxide evolution rate and copes with
these buffering capacities. The model used by the Kalman filter lumps all
carbonate in the liquid to one term in order to eliminate the role of a priori
knowledge of cell and medium kinetics without affecting the performance. A
reference experiment verified the performance of the software sensor and
subsequent experiments with insect cells showed the progress of the
respiration quotient during cultivation.

To take advantage of the newest techniques in monitoring and control, more
knowledge of the micro-organism involved is necessary. The specific growth

167



SUMMARY

rate is an important indicator of biomass performance. An off-line algorithm is
developed that is capable of determining the specific growth rate from off-line
biomass samples. The technique is based on combining subsequent backward
and forward extended Kalman filtering to give a smoothed and optimal
estimation. It can be used as a powerful tool for various organisms since again
no a priori knowledge of the micro-organism is needed. This estimator gained
improved knowledge of the growth characteristics of Bordetella pertussis and
Neisseria meningitidis. Both organisms seemed to be simultaneously limited
by two substrates. However, for the case of B. pertussis, neither interactive nor
non-interactive modelling seemed appropriate and a model that combines
essential and enhanced kinetics was developed based on experimental
observation. Instead of fitting all model parameters at once, a step-wise
experimentation procedure was used and the accuracy of the dual-substrate
model was shown by two cultivations.

The next step in monitoring the cultivation step in pharmaceutical production
is monitoring the biomass concentration and its growth rate on-line. Due to the
lack of reliable and cheap sensors, they cannot often be measured directly or
estimated from related variables, such as the concentrations of substrates or
products. A sequential observer is introduced to estimate the specific growth
rate and the biomass concentration for processes where the measurement of
oxygen uptake rate is available on-line. The applicability of the algorithm is
proven by the good agreement between the sequentially estimated values and
the measured values for the cultivation process of B. pertussis.

One of the applications of this monitoring system is the combination of the
current estimated state of the cultivation with the dual-substrate model of
B. pertussis in order to reconstruct on-line, the total current state of the
cultivation (e.g. biomass and substrate concentrations). With the estimated
current state, the future trajectory of the cultivation is computed by forward
simulation. This prediction algorithm successfully aids the operator in
determining and scheduling the right moment of harvest on-line. Thus, this
prediction algorithm gains the advantage of letting the moment of harvest
being dictated by the state of the organisms instead of by a predetermined
time-schedule, which ultimately leads to improved process consistency.

Another application of the monitoring system is the use of the available on-
line estimates to track whether the process remains within specifications. The
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sequential estimator gains more information than regular process monitoring.
Now biomass performance is available on-line, and can thus be used to
indicate consistency at a metabolic level. For the case of B. pertussis, the final
product test is statistically hardly capable of indicating batch-to-batch
variation. Monitoring on-line process parameters provides a better assurance
of consistency and quality, thus giving the opportunity for batch release and
regulatory approval without the use of the final animal tests.

To further improve process consistency during cultivation, the metabolic state
of the micro-organisms in the bioreactor has to be kept constant. By
controlling the specific growth rate of biomass such metabolic stability is
guaranteed. This thesis demonstrates the combined use of the sequential
estimator, the dual-substrate model, and a feed-forward-feedback-controller to
keep the specific growth rate constant for B. pertussis. Successful tests were
performed in real experiments where the specific growth rate was controlled at
reduced specific growth rate over a period of more than 15 hours, quadrupling
the total amount of biomass. In order to apply this controller to other processes
it is necessary to conduct a relatively small number of experiments providing
enough data to determine and tune the parameters.

All techniques in this thesis are proposed in a modular approach where each
tool or module is implemented in a separate software routine, such that they
can be tuned, tested, improved and validated separately. Connecting the
modules results in one of the mentioned combined applications.
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Het grootste belang in de farmaceutische industrie is niet de optimalisatie van
product opbrengst of de reductie van productie kosten, maar de productie van
een product van consistente en hoge kwaliteit. Dat heeft erin geresulteerd dat
‘proces monitoring’ een integraal deel uitmaakt van de procesvoering. In deze
thesis is ‘proces monitoring’ één van de centrale thema’s. Van het monitoren
van de omgeving van de micro-organismen tot het monitoren van de micro-
organismen zelf. Het laatste wordt in deze thesis het monitoren van biomassa
prestatie genoemd. Vervolgens wordt in deze thesis ‘monitoring’ gebruikt om
het toekomstig verloop van een cultivatie te voorspellen en dus het moment
van oogsten. Verder wordt het toegepast om proces consistentie aan te tonen
en dus om een vorm van betrouwbaarheid te geven over product kwaliteit.
Tenslotte wordt ‘monitoring’ toegepast om de proces consistentie en dus de
product kwaliteit te verhogen.

Eén van de sleutel variabelen geschikt voor het monitoren van de prestatie van
cel culturen is the respiratie quotiént. Gebruikelijk wordt gas analyse gebruikt
om deze variabele te monitoren. Echter, in bicarbonaat gebufferde media
wordt de koolstofdioxide balans aangetast door accumulatie en dus kan de
respiratie quotiént niet direct van de gasbalans worden berekend. Een Kalman
filter die rekening houdt met deze bufferende werking is gebruikt om de
koolstofdioxide productie snelheid te schatten. Het model dat door het Kalman
filter wordt gebruikt voegt alle carbonaat termen in de vloeistof samen tot één
term. Een referentie experiment verifieerde de prestatie van de software
sensor. Enkele daaropvolgende experimenten met insectencellen
demonstreerde het verloop van de respiratie quotiént gedurende cultivatie

Om gebruik te maken van de nieuwste technieken op het gebied van meet- en
regeltechniek is er meer kennis van de micro-organismen nodig. De specifieke
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groeisnelheid is een belangrijke indicator van biomassa prestatie. Een off-line
algoritme is ontwikkeld dat in staat is om de specifieke groeisnelheid te
schatten vanuit off-line biomassa monsters. Deze techniek is gebaseerd op de
combinatie van een voorwaarts en een terugwaarts ‘extended Kalman filter’
om zo een vloeiende en optimale schatting te krijgen. Het kan worden gebruikt
als een krachtig gereedschap voor diverse organismen omdat geen voorkennis
over het micro-organisme nodig is. De schatter zorgde voor verbeterde kennis
omtrent de groeikarakteristiecken van Bordetella pertussis en Neisseria
meningitidis. Beide organismen lijken door twee substraten tegelijkertijd
gelimiteerd te worden. Echter, voor B. pertussis, 1s noch een interactief noch
een niet-interactief model van toepassing. Zodoende is op basis van
experimentele observaties een model ontwikkeld dat essenti€le en additieve
kinetieck combineert. In plaats van alle model parameters tegelijkertijd te
schatten is er gebruik gemaakt van een stapsgewijze experimentele procedure.
De nauwkeurigheid van dit dubbelsubstraat model is gedemonstreerd met
behulp van twee extra experimenten.

De volgende stap in ‘monitoring’ de cultivatie is het schatten van de biomassa
concentratiec en de specificke groeisnelheid. Wegens een gebrek aan
betrouwbare en goedkope sensoren, kunnen deze gegevens niet worden
gemeten of direct worden geschat vanuit bijvoorbeeld substraat metingen. Een
sequenti€éle schatter is ontwikkeld welke de specifiecke groeisnelheid en
biomassa concentratie schat vanuit on-line metingen van de zuurstof opname
snelheid. De toepasbaarheid van het algoritme is bewezen door de goede
overeenkomst tussen de sequentieel geschatte waarden en de gemeten waarden
voor de cultivatie van B. pertussis.

Eén van de toepassingen van dit ‘monitoring’ systeem is de combinatie van de
huidig schatting met het dubbelsubstraat model van B. pertussis om zo de
complete huidige toestand (biomassa en substraat concentraties) on-line te
reconstrueren. Met deze geschatte toestand kan middels simulatie het
toekomstig verloop van de cultivatie worden berekend. Dit predictie algoritme
helpt de operator met het bepalen van het juiste moment van oogsten. Dus, dit
predictie algoritme zorgt ervoor dat het oogstmoment kan worden bepaald
door de toestand van de organismen zelf, in plaats van op een voorafgestelde
tijd, wat uiteindelijk leidt tot verbeterde proces kwaliteit en consistentie.
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Een andere toepassing van het ‘monitoring’ systeem is om de schattingen te
gebruiken om on-line te bepalen of het proces nog binnen de opgestelde
limieten blijft. De sequenti€le schatter verwerft meer belangrijke informatie
dan standaard sensoren. Hiermee is de biomassa prestatie dus toegankelijk
on-line en kan worden gebruikt om consistentie op metabool niveau aan te
tonen. Voor B. pertussis is de laatste product test statistisch moeilijk in staat
om batch-op-batch variatie aan te tonen. Daartegenover geeft dit ‘monitoring’
systeem meer zekerheid over consistentie en kwaliteit en dus de gelegenheid
voor batch vrijgifte zonder het gebruik van diertests.

Om de proces consistentie verder te verbeteren moet de metabole toestand van
de organismen in de bioreactor constant worden gehouden. Door de specificke
groeisnelheid te regelen kan zo’n metabool stabiele situatie worden bereikt. In
deze thesis wordt een combinatie van de sequenti€éle schatter, het
dubbelsubstraat model en een ‘feed-forward-feedback’ regelaar toegepast om
de specifieke groeisnelheid van B. pertussis constant te houden. Succesvolle
experimenten tonen aan dat de specifieke groeisnelheid constant kan worden
gehouden over een periode van meer dan 15 uur, onderwijl de totale biomassa
hoeveelheid verviervoudigend. Om deze regelaar toe te passen bij andere
organismen is een relatief klein aantal experimenten noodzakelijk om genoeg
data te krijgen voor het bepalen en ‘tunen’ van de parameters.

Alle technieken in deze thesis zijn modulair van opbouw en ieder stuk
gereedschap of module zit in een aparte software routine zodat ze afzonderlijk
kunnen worden geimplementeerd, getuned, getest, verbeterd en gevalideerd.
Het verbinden van de modules resulteert in één van de genoemde
toepassingen.
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