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ABSTRACT

BLACK BOX KINETIC MODELING OF GROWTH AND CITRIC ACID
PRODUCTION BY CANDIDA OLEOPHILA ATCC20177

Mathematical modeling allows representation of biological systems, explanation of
underlying mechanisms and prediction of system behavior. As such, it is one of the key focus
points for both fundamental and applied research not only to improve our understading, but

also to decrease costs by reducing the necessary experiments.

Organic acids are used in several industries, such as monomers for bioplastics, food
preservatives and additives, pharmaceuticals, agriculture etc. Non-petrochemical,
sustainable production of these acids is of great interest which can be achieved by
fermentation of cheap substrates into various organic acids. The desired form of these
typically weak acids is the protonated form (HA), to decrease the overall production and
downstream costs. This form can be obtained by fermentation at the pH below the pKa of
the corresponding acid. In production of organic acid, key is to determine growth and acid
production dynamics, as the product itself has direct and indirect intibitory effects on the
host.

The aim of this thesis, is to set up and analyze a mathematical model to study the dynamics
of the growth and production of citric acid by building a black-box kinetic model using
published batch fermentation data. Noncompetitive inhibition on substrate uptake reflected
the system dynamics better than the competitive inhibition model. Monte Carlo study is also
carried to find possible correlations among parameters. Glucose saturation constants were
not correlated to their respective maximum specific growth rates. Parameters related to the
energetics of growth and production are also determined as growth (Kx) and non growth
associated (matp) maintenance constants. The 90 per cent confidence intervals of Ky and
matp Were [0.6, 4] and [2.5, 8] respectively for published P/O ratio of 1.45. Also at dilution
rates lower than 0.07 h'l, the obtained model reflected well the experimentally reported

changes in chemostat.



OZET

CANDIDA OLEOPHILA ATCC20177 BUYUME VE SITRIK ASIT URETIiM
KINETIiGININ KARA-KUTU TEKNIiGiYLE MODELLENMESI

Matematiksel modelleme biyolojik sistemlerin betimlenmesine, temel sistemlerin
aciklanmasina ve sistem davraniginin Ongoriilmesine olanak saglar. Bu sebeple, sadece
anlayisimizi gelistirme amagli degil, ayrica gereken deney miktarini azaltarak maliyeti
diistirmek amagli kullanimi ile hem temel hem de uygulamali bilimde, ana odak

noktalarindan biridir

Organik asitler monomer olarak biyoplastik, koruyucu ve katki maddeleri olarak gida, ilag
sanayii ve ziraat vb. gibi bir ¢ok endiistri alaninda kullanilir. Bu asitlerin ucuz substratlarin
cesitli organik asitlere fermentasyonuyla petrokimyasal olmayan siirdiiriilebilir {iretimi ilgi
cekmektedir. Genelde zayif asit olan bu asitlerin, tiim tiretim ve Uretim sonrasi maliyetleri
diislirmesi sebebiyle, istenen formu proton kazanmis formudur. Bu form ilgili asidin
pKa’sinin altinda bir pH degerinde Uretim yapilarak elde edilir. Organik asit Gretimindeki
anahtar nokta, iirliniin kendisinin konak hiicre iizerinde dogrudan ve dolayli inhibisyon

etkisinin olmasindan dolay1, biiyilime ve asit iiretim dinamiklerinin belirlenmesidir.

Bu tezin amaci, yaymlanimis kesikli fermentasyon verisi kullanilarak kurulan kara-kutu
kinetik model ile biliylime ve sitrik asit iiretiminin arastirilmasidir. Substrat alimindaki
yarigmasiz inhibisyon, sistem dinamiklerini yarigmali inhibisyondan daha iyi yansitmistir.
Ayrica parametreler arasi iligkileri belirlemek icin Monte Carlo ¢alismasi yapilmistir. Glikoz
doyum katsayilarinin kendi spesifik maksimum hizlariyla baglantis1 yoktur. Biiylime ve
tretim enerjetigi, biiyiimeyle iliskili (Kx) ve biiylimeyle iliskili olmayan (matp) idame
parametreleri ile belirlenmistir. Kx ve martp i¢in yiizde 90 giiven aralig1 yayinlanan 1.45 P/O
degeri igin sirastyla [0.6, 4] ve [2.5, 8] olarak bulunmustur. Ayrica elde edilen model, 0.07 h°

1 den diisiik seyrelme hiz1 i¢in kemostat verilerini de iyi bir sekilde yansitmustir.
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1. INTRODUCTION

1.1. MATHEMATICAL MODELING

Mathematical modeling gained attention for both industrial and research purposes since
these models abstract and represent the biological systems and allow the simulation of
different scenarios. In particularly dynamic models for metabolism delineate the metabolic
mechanisms of production or consumption of the metabolite of interest; or structural
mechanisms such as transport systems, describe the dynamics of cellular processes and
points to strain improvement targets, for example, by determining the most important genes
in production of the desired metabolite. They can be used in optimization, scale up and
scheduling of fermentation process and to predict the future behavior of the system as a
response to changing environmental conditions. These models decrease the need of
experiments every time, therefore decrease the production cost. Especially mathematical
models are the main focus of the biotechnological applications in areas ranging from
molecular genetics to industrial fermentation processes [1].

1.1.1. Types of Models

Models are classified based on different criteria. Most of them can be classified as
deterministic or stochastic according to the number of species involved in the system that
will be modeled. Deterministic models are used for processes that include sufficient amount
of species (>1000) such as metabolic networks, however stochastic models are constructed

for processes that include low number of species such as gene expression regulation [2].

Models can be further classified based on nature of the events (discrete or continuos events
in time), unstructured or structured, segregated or lumped, quantitative or qualitative etc.

Figure 1.1 represents the commonly used types of models in literature [3].



Mathematical Models
|
| \
Stochastic Deterministic
|
\ \
Discrete Continuous
\ | \
Unstructured Structured

Figure 1.1. Types of mathematical models [2]

Stoichiometric models are used for determining the behavior of the cells under different
environmental conditions, the differences between different mutants of an organism and
predicting the effects of genes on phenotype of the organism. However, the main
disadvantage of this method is, because of not having enough information about regulatory
systems in the model, the predictive power of this method is limited [1]. If there is enough
detailed information about certain cellular processes such as enzyme-catalyzed reactions,
interactions of proteins with proteins and DNA, the dynamics of the process can be defined
by using the combination of kinetics with known pathway stoichiometry. The set up of

kinetic expressions to describe a metabolic process is called kinetic modeling [1].

1.1.2. Basics of Kinetic Modeling

Typical steps of mathematical modeling are summarized in Figure 1.2. First, the system
boundaries and the level of complexity of the model is defined according to the aim of the
study. For this purpose, the number of reactions and the corresponding stoichiometry are
specified. According to the specified reactions, mass balances for each metabolite are
constructed and formulated as ordinary differential equations. These mass balances will
represent the time traces of metabolite concentrations over time. Next, Kinetic rate
expressions are defined for each reaction. Different types of kinetic expressions (e.g.
Michaelis-Menten, ping pong, linlog kinetics) are considered as rate expressions and the one
that satisfies the model is used. Finally, model parameters are estimated by fitting the model
to available experimental data. The resulting model is used for analysis of the system e.g. to
evaluate different scenarios, examining the effect of metabolite perturbations. Furthermore,
by performing Metabolic Control Analysis (MCA) [4], the systemic properties (e.g.



bottlenecks of the system) can be defined. Moreover, bioprocess design involving reactor
design and process optimization to improve yield and productivity can be performed. Also
strain design to obtain improved strains with desired characteristics can be performed.

Define model complexity
X

S—bl/
\

\/

Set up reaction rate equations

P

Vmax 5 VI’I’IEX I VI’I’IHX I
555k, M 1rk, T Iek,
Set up mass balances
dX
Bhalll B e
ac "
ds 1 1
—_—=a pX - rpX—m,
dt Y., ns
dp
- X
-

Parameter estimation

— _ 2
SST = (Xmude] Xexperimenta])

\

Simulation

Y

Figure 1.2. Basic steps of mathematical modeling



1.1.2.1. Definition of Model Complexity

The first step of the modeling is defining model complexity according to aim of the study.
While modeling, it is important to consider that the model should be simple but not simpler
than it is necessary to explain system properties. In this step, number of reactions that will
be included in the model is determined. Every metabolite that is known or thought to

influence the determined reactions should be included [5].

The models that are useful in bioprocess design are generally unstructured models [6]. These
models ignore the diversity between cell forms or any internal structure of the cell. So these
models cannot describe the system that is affected by cell composition, or the morphology
of the cells [5]. In structured models, the biomass can be divided into different morphological
forms and a set of intracellular reactions for defined intracellular components for each form
is chosen. Basically, the model complexity increases with the increasing number of
reactions and metabolites involved in the model. These complex structured models are useful

for researches by providing detailed information about biological processes.

1.1.2.2. Black-box Kinetic Models

Black box kinetic models are the simplest form of unstructured models. In black box kinetic
models, all cellular reactions are lumped into only one overall reaction. Experimental data
is used to determine experimental yields and the yields per consumed substrate are assumed
to be constant [5]. After specification of the complexity according to the aim of the study,
the kinetic expressions for reactions involved in the model are described. For this purpose,
reaction stoichiometry is determined. Microbial growth processes are described by
determining the substrate uptake reactions for each substrate, intracellular reactions, and
product excretion reactions for each product. For each reaction a reaction balance involving
the conversion of substrates to cell mass and products is generated. The components of the
balance are chosen according to the process, but the general form of the reaction balance for

microbial growth is shown in Equation 1.1 [6, 7].



0(1 CxHJ,OZ + afz 02 + ag NH3 + a4 H2P04_ + (11)
— a5 CHgO,NsP, + a, CO, + a; H,0

This balance shows the substrate (CxHyO;) consumption with respiration using nitrogen
(NHs) phosphate (H2PO4) and potassium sources if present, to generate biomass
(CH.OyNsPg), carbon dioxide (CO») , and water (H20). To determine the stoichiometric
coefficients, elemental mass balances are generated using each element used to form the
reaction balance (C, H, O, N, P...) [7]. For each chemical species (Ei) , the elemental
balances (rate of accumulation of each element) are expressed as the difference between rate
of input of E; and rate of output of E;j, is shown in Equation 1.2.

% = Ein — Eout (.2
When more than one reaction occurs in a system the overall stoichiometric equation of the
system can be written by a summation of each reaction. Since mass is conserved in chemical
reactions, total amount of an element remains constant during process in a closed system.
Also, at steady state, where the net accumulation rate is zero, each elemental balance must

be equal to zero. Balances for each element are set as shown in Equation 1.3 [7, 8].

k

Z a;-E; =0 (1.3)

i

ai is the stoichiometric coefficient of the ith compound, Ej is the amount of element in i

compound and k is the number of compounds involved in reaction system.

Using a values calculated from the elemental balances, the overall stoichiometry of the
reaction can be determined. The elemental balance equation systems can be solved using
linear algebra. To determine whether this system can or cannot be solved by linear algebra,
one should determine the degrees of freedom. For n linearly independent equations

containing ¢ parameters, the degrees of freedom (df) is calculated using Equation 1.4.
df =n—c (1.4)

The value of degrees of freedom shows the amount of information needed to solve the

system. This information includes resulting experimental yields and/or theoretical



information. Generally the value of an unknown coefficient is fixed to 1 and according to
the calculated experimental yields the coefficients are found. For instance, if the substrate
coefficient is fixed to 1, and the stoichiometric coefficient of biomass can be calculated using
biomass yield per unit mass of substrate consumed as shown in Equation 1.5. The a value in
Equation 1.5 is yield coefficient expressed in mol/mol basis [7].

mass of biomass produced  a- Mw(biomass) (15)

*$ " mass of substrate consumed  Mw(substrate)

where Yysis the biomass yield per unit mass of substrate consumed and Mw is the molecular
weight of the related molecule.

1.1.2.3. Mass, Degrees of Reduction and ATP Balances

Mass, degrees of reduction and energy balances are commonly used in bioprocess
engineering to determine the overall success of the fermentation and quality of the data since
they provide preliminary information about the system behaviour. Therefore, these balances
are used before the modeling to get a better understanding about the system and to decide

how the model outputs should be [9].

Most commonly used elemental mass balance is carbon balance. Since the carbon in the
substrate is one of the most important sources of growth, product formation and carbon
dioxide, carbon balance and carbon recovery provides important information about the
system. Using carbon content of substrate consumed in a given time per cell (gs), biomass
formed () and products formed (gp and gco2), carbon balance can be set. For a fermentation
process, carbon balance for k carbon containing metabolites can be set as Equation 1.6

(without including stoichiometric coefficients).

k

dc
a Z(xc,i)qi (1.6)
i=1
Where X, is the carbon mass fraction of i!" metabolite and q; is the specific consumption or
production rate of i metabolite. To apply this balance, specific rates can be calculated from

experimental data using Equation 1.7.



(1.7)

Where q is the specific rate, Cy and Cu are the metabolite concentrations (g/L) in to and t;
time points, respectively and X is the average biomass concentration (gDWY/L) between to
and t1. Also per cent carbon recovery that defines how much of the provided carbon is used
can be calculated using:

Y Carbon consumed

04) = . 1.8
Crec (%) Y. Carbon provided 100 (18)

Degrees of reduction is used to define proton-electron balance of the reaction. In bioprocess
perspective, degree of reduction can be defined as the number of moles of available
equivalents per mol or per C-mol of each compound. Degrees of freedom of most common
elements used in bioprocesses are -3, -2, 1, 4 and 5 for N,O, H, C and P [10]. If the elemental
composition of the compound in interest is known degrees of reduction (y) of that compound

with a elemental composition of C,HpOoN;P. using Equation 1.9.
y=4a+ [ —20 —36 +5¢ (1.9)

Therefore, the degrees of reduction balance of the system containing k metabolites at a given

time point can be set as shown in Equation 1.10.

k
0= vi-a (1.10)
i=

Finally to define the effects of used substrate, growth and production on ATP production,
and give a better insight about energy metabolism of the organism under certain conditions,
ATP balance was set. The difference between ATP producing and consuming reactions is
used to express change in ATP concentration in time, similar to elemental and degrees of

reduction balances [11-13]. The typical form of ATP balance is shown in Equation 1.11.

2P
0= ?'%24‘2‘1{4”"' Myrp + Ky -0+ Ky - qyp (1.11)



First term defines the ATP production from supplied oxygen where P/O ratio is the ATP
production per unit oxygen provided and goz is the specific oxygen uptake rate. Second term
defines the sum of specific ATP production rates per unit substrate consumed. Therefore the
first term repsresents ATP formation from oxidative phosphorylation and second term
represents ATP formation from reactions with known stoichiometry including substrate
level phosphorylation. matp is the non-growth associated maintenance coefficient that
represents ATP consumed per unit biomass per unit time. Fourth term shows the consumed
ATP as a growth requirement where Ky is the growth associated maintenance (ATP
produced per unit biomass formed). Finally, Kyqp is the ATP consumed for production of
other metabolites of interest [13, 14]. The parameters of ATP balance (P/O, matp, Kx, Kp)
can be theoretical, obtained from previous researches of close-related organisms, or can be
measured experimentally [15]. One of the estimation methods for mare and Ky is explained
by Kliphius et al. in 2011. In this method, experimental specific growth rate is plotted against
specific ATP production rate. Slope of the linear trendline of the data represents Ky and y-

intercept of the trendline is matp as shown in Figure 1.3 [16].

&, . .
Mypt
T >

Figure 1.3. Regression line of i and gate (ATP production rate: represents the total ATP
production, i.e. sum of first two terms that produce ATP from oxidative phosphorylation
and from substrate level phosphorylation)

1.1.2.4. Reaction Rates

According to the determined reaction stoichiometries, reaction rates can be described [17].
Generally in, most basic form of black box models, all cellular reactions are lumped into

only one overall reaction and the volumetric substrate utilization and the product formation



are described as a linear function of specific cell growth rate (). It is assumed that yield
coefficients (Yxs, Yxp) and maintenance coefficients (ms, mp) are independent of substrate
concentration and composition of cells. The specific cell growth rate is usually given in form
of Monod kinetics [6].

'umax .S

E J— 1.12

e (1.12)
ds

E — YxS . l’t + ms (113)
dp

=Vt m, (1.14)

Here, the growth rate (u) is expressed as a function of the substrate (S) which is generally
the carbon source used for growth. The substrate consumption and product formation are
proportional with the growth rate. u™® is the specific growth rate that shows the maximum
value of the growth rate reached when all of the substrates present in the excess (nothing
limits the growth). Ks is the Monod constant (aslo called as saturation constant) which is the
substrate concentration when the reaction rate is the half of its maximum value. Typically,
Ks is much smaller than the initial substrate concentration and reaction rate approaches to
™. In time substrate concentration decreases as biomass formed and when it is equal to
Ks, reaction rate becomes half of the maximum rate [5]. In Table 1.1 most commonly used

growth rate equations were listed. The model that fits the experimental data can be chosen.
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Table 1.1. Various (microbial) growth models (i,,4, : maximum specific growth rate, S:
substrate concentration, K;: Monod constant, half saturation constant, K;: inhibition
constant, P: product concentration, B, ,,: maximum product concentration at which

specific growth rate becomes zero) [18]

Model Equation
Monod HmaxS
S+ K
Jerusalimsky HmaxS ( Ki )
S+Ks \K;+P
Dagley EmaxS (1 _ g.5)
S+ Kj t
Levenspiel KmaxS (1 __P )”
S+ K¢ Pmax
Contois HmaxS,
S+ KX
Moser HmaxS™
SN+ K,
Haldane __HmaxS
Ks+S+S2/K;

Although substrate uptake rate was commonly expressed based on experimental yields,
production and growth rates and maintenance in unstructured models [19, 20], the rates can
be expressed using different extended versions of Monod model, similar to growth models.

By performing this, specific substrate uptake rate can be obtained independently.

Like substrate uptake rate, specific product formation rates can be defined independently or
as a function of growth rate. Additionally, model published by Luedeking and Piret in 1959
for lactic acid production [21], can be used to define organic acid production.

dpP ax
_ | 1.15
dt @ dt BX ( )

Where a and P are coefficients and X is the biomass concentration. This model can be used

to define growth related production.
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1.1.2.5. Mass Balances

Using these rate equations and experimental yields, mass balances for each metabolite will
be set to define the time profile of that metabolite [1]. Using the laws of thermodynamics,

change in concentration of a compound in a system is defined as:

dc _

E - Cin - Cout + Cgenerated - Cconsumed (1'16)

Where Cin and Cout are the concentrations of compound C enters to the system and leaves
the system. Cgenerated IS the concentration of compound C produced in the system and Cconsumed

is the amount of compound C consumed in the system.

Defined rate equations are used to describe the relationship between metabolite
concentrations and reaction rates. For this purpose, dynamic mass balances are specified.
These mass balances are used to calculate the change in concentration of metabolite or
biomass in time. These expressions are set using the experimental yields or stoichiometric
coefficients of the metabolite in each reaction balance. General forms of these mass balances
for batch fermentations are [20]:

dX

¥ x 117

a ¥ (.17
a5 _ ! X ! X 1.18
dt - Yxs l’l Yps qp mS ( ' )

where  is the specific growth rate, X is the biomass concentration, Yys is the biomass yield
per unit mass of substrate consumed, Yyps is the product yield per unit mass of substrate
consumed, qp is the specific product formation rate and ms is the maintenance coefficient.
For each metabolite involved in the model, the mass balances are generated; metabolite
concentrations, reaction rates of the reactions that affect the metabolite concentration with a
positive value for reactions producing the metabolite and negative sign for the reactions
consuming the metabolite [2].

For chemostat, the dilution caused by feed should be included to the mass balances. So the

mass balances take the form of [22]:
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dc
T D(Creea — Ci) + qcX (1.19)

where D is the dilution rate, Creed is the concentration of compound C in feed, C; is the
concentration of compound C in the system, qc is specific production or consumption rate
of C and X is the biomass concentration. In chemostat, specific growth rate is equal to the
dilution rate which is F/V. Specific reactions for change in biomass concentration and

substrate concentration are:

dX _ _F..

e~ v TH (1.20)
@ _Ey 1 L oox 1.21
dt  V°° Yys a Yps & s ( . )

where Sg is the substrate concentration of feed, F is the feed rate and V is the culture volume.

1.1.2.6. Parameter Estimation

The final step of model construction is the estimation of parameters [5]. The equations in the
model contain parameters such as maximum reaction rates, inhibition constants etc. which
must be estimated to simulate the system. One of the main challenges of the kinetic modeling
is estimation of the parameters. Because of the experimental noise and systematic bias that
is introduced due to the in vitro measurements, it is hard to directly measure and estimate
these parameters. Although numerous methods have been developed in recent years,

formulating and fitting kinetic models to experimental data is still a challenge.

The parameter estimation will be performed by an optimization algorithm that fits the
function to experimental data by using an objective function that minimizes total sum of
squares (SST) of differences between predicted (Xmodel)) and experimental (Xexp) values for

m metabolites at n time points [23]:

Il
2
~.
i
3

[ 2
SST — <Xexp,ij - Xmodel,ij) (1.22)
e | Oij

~
1]

[
-
1]
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To use this method, an initial set of parameters needs to be provided and the squared residual
(squared difference between experimental value of a variable and the fitted value of the same
variable) is minimized iteratively until it reaches a minimum value, typically using greedy
algorithms. The function is repeated iteratively using different values for each parameter at
each repeat, starting from initially assigned values at the beginning. At the end, the values
for each parameter that gives minimum SST value can be obtained. After finding the
parameters, the fermentation process is simulated to observe results and to modify the model
structure if necessary [5, 23].

1.1.3. Challenges in Modeling

Mathematical modeling has major challenges especially due to the inherent complexity and
nonlinearity of the biological systems. Many different types of metabolites are present even
in the simplest organism so, defining every single reaction involving each metabolite or
interactions between metabolites is challenging. Additionally, the experimental information
about the model parameters or theoretical information such as rate equations are either
missing or incomplete. Recent advances in “omic” technologies provide high-throughput
data in different levels, but the dynamics and interplay within heterogeneous experimental
data is often hard to grasp. Besides the unavailability of the required information from
different fields, algorithms that are necessary to solve the ODE systems or non-linear

squared error problem that is used for optimization of parameters are needed [24].

1.1.4. Monte Carlo Simulations

Monte Carlo method was first proposed in 1945 as a sampling tool for statistical applications
[25]. It was commonly used in sampling of random artificially generated data, estimation
model parameters and optimization of complex, nonlinear objective functions. Since it is
easy to use, provides randomness for computations in deterministic systems, enables
improving insight about the system behavior, it has wide usage area from computational
biology to modeling telecommunication systems [26]. While modeling biological systems,

data where randomly generated error with a pre-defined mean and standard deviation can be
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used to estimate parameters for each data set. Using the parameter distributions, one can gain

more understanding about system’s sensitivity on changes in parameters [27].

1.2. CITRIC ACID

As a tricarboxylic acid, citric acid (CeHgO7) is a common metabolite of animals and plants
along with citrus fruits and pineapple [28]. Citric acid has been produced industrially since
the beginning of 20" century. It is one of the most exploited biochemical product and one of
the few bulk chemicals produced by fermentation. Citric acid is used in the household, in
the preparation of industrial products and in the food, pharmaceutical and chemical
industries and as well as cleaning and complexing agent [29]. In 2010, the consumption of
citric acid along with its salt, trisodium citrate has reached 1 400 000 tones with 5 per cent

growth per year [30].

Pure citric acid is colorless and readily soluble in water with 210.13 g/mol molecular weight.
It is safe, versatile, biodegradable and ecofriendly chemical for buffering, cleaning, wetting
and dispersing [28].

Considering its three carboxylic acid functional groups, citric acid has three pKa values at
pH 3.1, 4.7, and 6.4. The traces of citric acid can be found in virtually all animals and plants

as being the universal intermediate product of metabolism [31].

cytosol
Citrate ... )
Citrate
Glucose
Tt~ Pyruvate
- Citrate
A \AcetyI-Coa ‘\
Glucose ‘f'
. cis-Aconitate
. Malate
\/ N Fa
Pyruvate _— *~ Isocitrate

Figure 1.4. Citrate synthesis pathway
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The constituents of many aerobic and anaerobic microorganisms are the products of
carbohydrate metabolism with citric acid being the main intermediate. Certain
microorganisms produce citric acid as an over flow product due to flawed operation of the
tricarboxylic acid cycle (TCA) under specific environmental conditions. TCA is an
intermediate cycle comprised with terminal steps in the conversion of carbohydrates, fats
and proteins to carbon dioxide and water with accompanying release of energy for the
growth. Formation of citric acid is a solely enzymatic process in biological systems.
Competence of citric acid fermentation depends on the regulation of each one of the enzymes
in TCA and its activity under various control mechanisms such as cofactors. Metal ions are
the components of the cofactors, controlling concentration of the trace element can regulate

the enzyme activity accordingly [28].

1.3. FERMENTATION

Fermentation process involves utilization of microorganisms to convert substrates to
valuable products. According to area, various types of substrates can be used and products
can be obtained. Most common fermentation products are cheese, soy sauce, wine, organic

acids such as citric acid etc [32].

Considering the type of organism that is used in production or product that is produced,
fermentation operation modes may differ. The common operation modes are batch,
continuous and fed-batch operation modes [5, 10]. Batch fermentation is the most basic
example. In batch fermentation systems, all of the required nutrients are supplied at the
beginning of the process and inoculation is done after medium sterilization. Fermentation
can be stopped according to process aim for example, when the desired final growth rate or
final product concentration is reached. This operation mode is used in wine making [33]

vitamin [34] and amino acid production [35].

In fed-batch mode, growth begins in a batch culture, but at a specific time point substrate or
other input such as amino acids are given to the system. This can be done with or without
the removal of the used media. One of the most common examples of products produced

using fed-batch mode is penicillin production using Penicillium chrysogenum [36].
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Finally, in continuous mode, exponantial growth phase is extended to maintain stable
environmental conditions (steady state) by feeding the organisms with fresh media and
removing used media at the same time. Different control techniques used in continuous
cultures such as chemostat (substrate-limited growth), turbidostat (unlimited growth with

excess nutrients) and auxostat (a variable such as pH is controlled by feed rate) etc [37].

1.4. CITRIC ACID FERMENTATION IN LITERATURE

Previously, citric acid production was performed by extraction from lemon juice. It can also
be extracted from different fruits such as raspberry, tomato and pineapple. Due to the
advances in microbial fermentation technologies, these procedures were replaced by

microbial fermentation [38].

Different microorganisms including bacteria, yeasts and other fungi were used to produce
citric acid. Some of these organisms are Aspergillus spp. Bacillus licheniformis,
Corynebacterium spp.,Penicillium janthinellum, Candida spp., and Yarrowia lipolytica.

The commercial production of citric acid mainly depends on Aspergillus niger [39].

Conventionally, Aspergillus niger is used to produce citric acid. However the filamentous
structure of Aspergillus species is problematic for efficient production since it decreases
oxygen transfer, causes sensitivity to hydromechanical stress and it makes the process more
laborious because of increased viscosity and the presence of impurities[40]. To overcome
these problems, production of citric by different yeast strains are proposed and Candida
oleophila ATCC20177 strain shown to be a good candidate for being a citric acid producer.
Its unicellular growth eliminates the disadvantages of filamentous growth and makes the
organism useful for production of citric acid using different carbon sources and different
fermentation types, especially for continuous processes [29, 41-43].

1.5. EFFECTS OF pH ON ORGANIC ACID FERMENTATION

As is known to all, microorganisms were evolved to survive efficiently in a range around
their optimum pH values. They can be acidophiles, alkaliphiles or neutrophiles that prefer

acidic, alkali or neutral pH values, however, although these ranges can be wide for yeasts,
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to obtain the most efficient production in the process, pH should be close to optimum

because cells should maintain their intracellular pH for better growth and production [44].

The low extracellular pH resulted from weak acids causes weak acid stress on cells. The low
pH affects the membrane integrity of the cells by changing conformations of membrane
proteins and lipids. This conformational changes alter the electrochemical potential of the
membrane, making the membrane more permeable to ions and other small metabolites like
the weak acid itself. When intracellular environment is acidified, the excess H* should be
pumped out using ATP to avoid enzymatic activity changes. Also the pumped protons causes
undissociated acid formation in extracellular environment, creating more stress. In previous
researches, low extracellular pH during fermentation processes affects both fermentation
rate and growth of the organism by increasing fermentation time due to delayed growth and

possibly decreased production due to unnecessary ATP consumption [45].

Besides the effects of pH during fermentation, it may also affect the downstream processes
to recover itaconic acid from media. Crystallization is the most basic method for itaconic
acid separation [46]. On the other hand, the protonated form of organic acids are desirable
because they can easily separated using methods that separates molecules based on ionic
strength. In a media with a pH lower than the acid's pKa value, organic acids become
protonated and have higher efficiency to ionic phases of separation methods. Therefore it
will be adventageous to carry out the process in a pH lower than the pKa of the produced
acid, since the most expensive and challenging step of bioprocess are separation and

purification steps [47].

1.6. PRODUCT INHIBITION

Accumulation of organic acids inhibits fermentation by causing weak acid stress. Since the
electrochemical potential of the cell membrane is affected from acid accumulation, the
uptake of the provided substrates can also be affected. Since substrate uptake and transport
through membranes are two of the possible bottlenecks of the acid fermentation processes,
decreasing the acid accumulation to tolerable levels or constructing strains that have higher

tolerance to low pH is crucial [48].
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Although Michaelis-Menten kinetics are proposed to define enzyme Kkinetics, the defined
inhibition types can be applied to express the kinetics at organism level in Monod models. 3
different types of inhibitions are reported, competitive, uncompetitive and noncompetitive

inhibitions [49]. The models were shown in Table 1.2.

Table 1.2. Models for different inhibiton types and changes in corresponding parameters

[49].
Equation Km ymax
Umax . S
Competitive Increases No change
P S+ Kn(145) g
I
pmax . g
Uncompetitive Decreases Decreases
P S (145 )+ Kn
1
vmax S I
Noncompetitive . ( 1+ —) No change Decreases
B S+ K, K, J

In the presence of competitive inhibition, both inhibitor (1) and substrate of the enzyme
competes to bind to the active site. When compared to normal state, Ki increases but the
inhibition does not affect v, In uncompetitive inhibition, the inhibitor binds to enzyme-
substrate complex, which causes decrease in both v and K. Finally in noncompetitive
inhibition, the inhibitor affects the enzyme activity by binding a certain site other than the
active site, causing conformational changes in active site that prevents the binding of

substrate. In this case, Km is not affected, however v decreases [49, 50].

1.7. AIM OF THE THESIS

The main purpose of this thesis is constructing black-box kinetic model of growth and citric
acid production of Candida oleophila ATCC20177 strain fermentation data published by
Anastassiadis et al. [29, 41-43].
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For this purpose, data was used to calculate specific production and consumption rates,
carbon, degrees of reduction and ATP balances, carbon recoveries and respiratory quotients.
The batch data was modeled including growth, substrate consumption, citric acid and
byproduct formation using Monod kinetics. Then Monte Carlo simulations were performed
to determine effects of uncertainties on model parameters and correlations between
maximum specific rates and saturation constants. Next growth associated and non-growth
associated maintenance parameters were determined from experimental p and gate. Finally
this model parameters were tested on continuous data and effects of pH on final titer of the

products, biomass and substrate was examined.
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2. MATERIALS AND METHOD

2.1. ORGANISM AND DATA

Fermentation data of Candida olephila ATCC 20177 strain published by Anastassiadis et al.
[42] containing time (h), glucose concentration (g/L), biomass concentration (gDW/L) and
citrate concentration (g/L) was used to model substrate uptake, growth and citrate production
kinetics. The data used for modeling was from batch fermentation, performed on 2 L
working volume bioreactor and pH was controlled at 4.5. The media contains ~400 g/L
glucose and 6 g/L NH4Cl. To test the model on continuos process, data published by
Anastassiadis et al. in 2005 [41, 43] was used. Calculations using experimental data were
performed using Microsoft Excel and modeling and parameter estimation were perfomed on
MATLAB.

2.2. CALCULATIONS
2.2.1. Calculation of OUR and CER using Off-gas Data

To calculate oxygen and carbon dioxide concentrations, ideal gas law was used. Following
equation was used to calculate oxygen uptake rate and carbon dioxide consumption rates

using off-gas data:

g\ _ % fraction P
Q(5) =g Vour* 7 - Mw (2.1)

where vout is the air flow that exits the system, P is the total pressure in the system, R is the
gas constant (0.082 L atm/molK) and Mw is the molecular weight of the compound. Then,
concentration of oxygen consumed or carbon dioxide produced (C) between time points t;

and to were calculated in V (L) system volume using:

c (%) _ w 2.2)
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Since N2 is an inert gas, its number of moles remains constant in the system. It was assumed
that air consists of N2, CO, and O». Therefore, when the mole fractions of Oz and CO; and
gas inflow rate (vin) were known, for constant temperature and pressure, gas outflow rate

(Vout) can be calculated using:

Vin (1 - x(l)ré - xé%z = Vout (1- xg%t - xggg (2.3)
Where Xo2™ Xco2™ and xo2"t and Xco2™ are the mole fractions of Oz and CO; in gas input
and output respectively. Since the difference between concentrations of each compound in
inlet and outlet gases is equal to the consumed or produced amount of gas in the time period,
the oxygen uptake rates (OUR) and carbon dioxide evolution rates (CER) for each time point

can be obtained from:

P 4
OUR = RTV (vinxlog r Uoutxggt) (2.4)
p in out 25

2.2.2. Calculation of Specific Rates

Specific substrate consumption (gs: g/gDWh™), growth (u: h't) and citrate production rates
(9p: 9/gDWh1) were calculated from experimental data. For glucose (Glc), biomass (X) and

citric acid (CA) concentrations (g/gDW h) at time t; and t. specific rates were calculated

using:
GlCtl - GlCtz 1
7 < t— b4 Xf1 + sz (2.6)
2
- (th - th) 1 27
tz - tl th + th .
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~ (CAtl - CAtz) 1
= t—t Xf1 + sz (28)
2

2.2.3. Balances of Carbon and Degrees of Reduction

When there was no additional products are formed, the amount of carbon present in the
system was provided by glucose and distributed among biomass, itaconic acid and carbon
dioxide. Considering specific substrate uptake, growth, citrate formation and carbon dioxide

production rates carbon balance was set.

( 72 12 72 12

y y - _ 29
1807~ 206" T2 P T 12 qcoz) 0 (2:9)

Additionally, carbon recovery for each time point was calculated using:

2 Cconsumed

Crec(%) = (2.10)

ZCsupplied
Similarly, electrons provided by oxygen were assumed to be shared between glucose,
biomass and products. Since known degrees of reduction for glucose, O, biomass and

products are 24, -4, 5.27 and 18, respectively, the degrees of reduction balance was set as:

24 4 4.96 18

24 4 _ _ 211
180 % ~ 33 90: ~3026% ~ 192 9ca =0 (2.11)

2.2.4. Calculation of CER from Growth, Production and Respiration

The growth, citrate and byproduct formation and respiration stoichiometries were defined
considering published biomass composition CHz1.s Oo.33 No.14 [29]. Molar CO; yields on
biomass, products and oxygen were used to determine the CO. production rates from each

reaction using:
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a
CER, = co2

Gx (2.12)

Ay

Where ax and qx are stoichiometric coefficient of biomass, product or oxygen and their
specific rates and acoz is the stoichiometric coefficient of CO; in production or consumption

reaction of species x. The ratios were:

CER* = 0.59u (2.13)
CER? = qp (2.14)
CER% = qq, (2.15)

By calculating CER and OUR, respiratory quotients (RQ) for each time point were
calculated using molar CER and OUR.

CER

Q= OUR (2.16)

2.2.5. Calculation of Kx and mate from Specific Rates

Growth associated and non-growth associated maintenance coefficients, Kx (mmol
ATP/mmol X) and mare (mmol ATP/mmol X h1), can be obtained i vs 2qs + 2P/Oqo2 plot.
The P/O ratio, obtained from published P/O ratio for oxidation of mitochondrial NADH of
Candida utilis was 1.45. However, since these values are only estimations, the P/O ratio was
changed in range between 1 and 2.5 chosen based on published results for yeasts in literature.
Linear functions were fitted to data considering which obtained from experimental
measurements using MATLAB [51]. The slopes of the trendline represent Ky and the y-

intersect of these trendline represent mare.
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2.3. KINETIC MODELING

2.3.1. Model Scheme & Reaction Rates

The black box system that was modeled was shown in Figure 2.1. In this system, glucose
oxygen and nitrogen enters the system and it is used for growth and citrate and by-product
production. These by-products were considered as citrate equivalents. Also, carbon dioxide

is produced in growth and product formation reactions.

Glucose Biomass

& /—l/'
dca Citrate

do2 Candida _—

Oxygen —=

oleophila dByp
V mATNOZ By-products
Nitrogen 2 €O,
ATP

Figure 2.1. Modeled black-box system

In this system, gs is the specific substrate uptake rate (g/gDWh™), u is the specific growth
rate (h) and qca is the specific citrate production rate (g/gDWh™), gsyp is the specific by-
product (citrate equivalents) production rate (g/gDWh), gcoz is the specific CO2 production
rate (g/gDWh™), go2 is the specific oxygen uptake rate (g/gDWh™) and qn is the specific
nitrogen consumption rate (g/gDWh). To express the kinetics of these reactions, Monod
model was used. The Monod kinetics with noncompetitive and competitive product
inhibition were used for specific substrate uptake rate separately. Also Monod kinetics was
used to represent citrate production rate, where gs™ and gca™® are the maximum reaction
rates for substrate uptake and citrate production, respectively, K; and K4 are the saturation
constants and K is the inhibition constant for substrate consumption. Glc is the glucose
concentration, CA is the citrate concentration and ByP is the byproduct concentration. Since
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it was known that nitrogen concentration highly influences growth, specific growth rate was
expressed with Monod model with two substrates, intracellular intermediate and nitrogen
using Equation 2.13 where ™ is the maximum specific growth rate, K> and Kz are the
saturation constants, and N is the nitrogen concentration.

q3** - Glc 1
qs = (2.17)
Ky + Glc 14 CA + ByP
K;
qd*** - Glc
qs = 2.18
K- 1+ m;ﬂ +Gle (2.18)
2
Y o Glc . N (2.19)
K=l Glecr K, N+ K, '
qp' ™ - Glc
= = 2.20
D= K, + Gl (2.20)

Specific nitrogen consumption rate, gn (9/gDWh) was expressed using consumed nitrogen

per g biomass from experimental data, which is 0.03. Therefore qn becomes:
gy = 0.03u (2.21)

It was assumed that citrate-equivalent by-products/ citrate percent was 20 per cent based on
experimental date. So qgyr becomes:

quP = OZ‘U (222)

To express specific oxygen consumption rate, qoz (9/gDWh), degrees of reduction balance
was used by assuming there was no other product formation occurs in the system. Using
same assumption, carbon dioxide evolution rate was set as carbon balance, since the

remaining carbon of glucose was assumed to end up forming carbon dioxide.

(24 49 18 )32) 223
q"z_( 180 &7 2026 # T 192 TP (4 '
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44) ( 72 12 72 ) (2.24)

Gcoz = (ﬁ 1807~ 2026 " 192 %

2.3.2. Mass Balances

After setting the rate expressions, ordinary differential equations as mass balances were set
for all species included to model (glucose (Glc), biomass (X), citrate (CA), by-products
(ByP), oxygen (O2), carbon dioxide (CO2), nitrogen (N)), according to the known

stoichiometry of the system. The final mass balance equations are:

dgtfc — —q.X (2.25)
‘;—f = ux (2.26)
T = e (221)
X = oy 229
Gfl—lr = —quX (2.29)
dfitOZ = qco,X (2.30)
% = qo,X (2.31)

2.3.3. Chemostat Model

The model parameters were tested at chemostat data to determine the effects of pH, dilution
rate and air saturation on final titers of substrate, biomass and products. The ratio of
byproducts on citrate was decreased to 10 per cent according to the experimental data. The

updated mass balances are:
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difc = D(Gleseeq — Glc) — qoX (2.32)
C;—)t( = —D-X+uX (2.33)
LA DA+ qeax (2:34)

dt
di—fp = =D ByP + qpypX (2.39)
fl—f = D (Nyeea = N) — qnX (2.36)
B2 = Net €O, + qco,X (2.37)
% Net 0, — qo,X (2.38)

Where D is the dilution rate (h™), Glcres and Nreg are the glucose and nitrogen

concentrations in the feed.

2.3.4. Parameter Estimation

Eight parameters (gqs™, Ki, Ki , p™, Kz, K3z, g™ and Ks) were present in the rate
equations. To estimate them, regression method was used by minimizing the objective
function that represents sum of squares total, sum of the differences between the
experimental results and model output. For 7 species, objective function was set. Using a
MATLAB algorithm that minimizes the sum of squares total (SST) objective function for
experimental concentrations (Xexp,ij) and predicted concentrations (Xmodel,ij) Was used to

estimate parameters.

2.4. MONTE CARLO SIMULATIONS

To perform Monte Carlo simulations, 100 random data sets were created by adding normally

distributed noise with a mean of zero and 10 per cent relative standard deviation. Using the
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parameters estimated from original data as initial value, the same parameter estimation
procedure was re-applied. First and third quartile (middle numbers between lowest and
highest values of dataset and median) values were determined for each parameter and
interquartile range (IQR) was calculated by subtracting 1%t quartile (Q1) from 3™ quartile
(Qs3). Using these interquartile ranges, upper and lower bounds for each parameter were
defined. Since parameter values cannot be negative, lower bounds were fixed to zero. The

upper bounds (UB) were calculated using [52]:

UB = Qs + 1.5-IQR (2.39)

The 16 points that remain outside of these bounds were defined as outliers and removed from
the system. The histograms of remaining points were plotted and a normal distribution
function was fitted to each of them. Corresponding mean, standard deviation and relative

standard deviations (standard deviation/mean) were reported.

2.5. ESTIMATION FROM REDUCED PARAMETER SPACE

Since Monte Carlo simulations revealed the correlations between parameters, new parameter
estimation process was performed by defining dependent parameters in terms of independent

parameters. The correlation functions between parameters were:

K, = 7.675(ql®*)~12 (2.40)
K; = 6.8203 u™** — 0.7008 (2.41)
K, = 2707.3 g% — 130.04 (2.42)

By fixing the related K values as a function of maximum specific rates, more precise

parameters can be obtained for identifyable parameters.
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3. RESULTS

3.1. STOICHIOMETRY OF THE SYSTEM

The batch fermentation data was used to calculate the stoichiometry of the system. The

growth, acid and by-product production and respiration stoichiometries were defined.

CeHyp0g + 0.14 NH} 5 4.72 CH, 6500.33No 14 + 1.28 CO, + 1.89 H,0 (3.1)
CoHyp 06 + 2.25 0, 5 0.83 CoHg0, + CO, + 2.67 Hy0 (3.2)

q02
C¢H,,06 + 60, — 6C0, + 6H,0 (3.3)

Equation 3.1 represents growth stoichiometry, Equation 3.2 represents citrate production

stoichiometry and Equation 3.3 represents respiration.

3.2. RQ, CARBON RECOVERY AND CER CALCULATIONS

To determine the presence of by-products and carbon dioxide production, percent carbon
recoveries were calculated for each time point. The carbon recoveries were shown in Figure
3.1. Since there were gaps in carbon balance for all time points, by-product formation was
included to the system by assuming 20 per cent of the produced citrate was produced as well,
like citrate-equivalent by-products. Also when produced CO> was included, 100 per cent

carbon recovery was obtained.
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Carbon Recovery (%)

0 L 1 1 L 1 L L 1 L L I L L 1
24 29 32 33 35 54 58 72 76 82 96 120144178
Time
“:| Observed Il Gap from by-product and CO, ‘

Figure 3.1 Carbon recovery calculated at each time point (per cent)

Next, to analyze the validity of assumptions, CER obtained from carbon balance and CER
obtained from growth, acid and by-product formations and respiration were compared. The
comparison of 2 calculated CER’s were shown in Figure 3.2.a. Almost perfect fit with 0.99
R? was obtained. Also, CER the contribution of different reactions to CER was shown in
Figure 3.2.b. In first 33 hours of fermentation, the carbon dioxide produced from product
formation has the less contribution. In time, carbon dioxide evolution from growth decreases
and after 76 hours, CER was only shared between product formation and respiration. The
highest CER from product formation and growth were observed at 58" and 35" hours

respectively.

(@ s, () 00 N ————
-(‘()1 from growth
M [ €O, from product formation
4r y=1x+0.034 801 [:|('(), from respiration 1
& R? = 0.9996 =
Ub 3t = 601
- ~
4 ()
< |&]
= o
5 2+ 40
= I
o 'y
1t 20+
&
0’ L " s 0
0 1 2 3 4 5 24 27 29 32 33 35 54 58 72 76 82 96 120144178
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Figure 3.2. (a) Comparison of carbon dioxide evolution from carbon balance and sum of

other reactions (b) Contribution of different reactions on carbon dioxide evolution rate
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Additionally, respiratory quotients were calculated for each time point, the resulting plot was

shown in Figure 3.3.
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Figure 3.3. Respiratory quotients at each time point

3.3. CALCULATION OF MAINTENANCE PARAMETERS

Growth associated maintenance (Kx: mmol ATP/mmol X) and non-growth associated
maintenance (mate: mmol ATP/mmol X h) were obtained using OUR from degrees of
reduction and specific growth rates. The specific growth rate was plotted against the sum of
ATP produced from substrate level phosphorylation and oxidative phosphorylation
considering consumed substrate and oxygen. The results were shown in Figure 3.4. The
slope of trendlines represent Ky and the y-intercept of the trendlines represent mare.
Equation of the trendline shows that Ky is 2.31 mmol ATP/mmol X and mate is 5.24 mmol
ATP/mmol X h-1. 95 per cent interval of Ky was [1.04 3.58] and matp was [3.2 7.28].
Also the maintenance parameters were estimated for P/O 1, 1.5, 2 and 2.5. The results were
shown in Figure 3.4. As can be seen from the figure, Kx increases from 1.78 to 3.55 in
response to increasing P/O. Also, matp increases from 4.9 to 8.38 in response to increasing
P/O.
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Figure 3.4. Trendline of specific growth rate vs ATP production rate for a fixed P/O ratio,

(a) using published vale and (b) for various P/O ratio

3.4. SIMULATION RESULTS

Batch fermentation data was used to model citrate production and growth of Candida

oleophila. Simulation results were shown in Figure 3.5. Model’s total normalized resudial

was 0.12. Growth stops when nitrogen was depleted and all carbon provided from glucose

was used for citrate and by-product formation. The estimated parameters are presented in

Table 3.1.
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Figure 3.5. Time profiles of (a) glucose, (b) biomass, nitrogen, (c) citric acid and by-

products

Table 3.1. Estimated parameters of specific glucose consumption, growth and product

formation rates

Parameters Values
gs" (g/gDWh) 0.483
Ky (g/L) 0.020

Ki (g/L) 17.593
pmax (-1 0.259

K2 (g/L) 22.744

Ks (g/L) 0.986
qca™ (g/gDWh) 0.066
Ks (g/L) 52.917

The specific reaction rates were shown in Figure 3.6.a. gs starts to decrease after 40" hour.
Correspondingly, W, qca and gsyr decreases, however decrease in gca and gsyr Were slower.
o2 and (coz increased until they reached their peak at approximately 75" hour. Also
volumetric rates were shown inn Figure 3.6.b. Growth rate reaches to maximum between
50" and 60™ hour. On the other hand, all other rates reach to their maximum between

approximately 60-80" hours.
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Figure 3.6 Time profiles of (a) specific and (b) volumetric reaction rates

3.5. SIMULATION OF CONTINUOUS MODEL

The estimated parameters for growth, citric acid production and substrate uptake with

noncompetitive inhibition were used to simulate the continuous model. Comparison of



steady state concentrations at dilution rates 0.074, 0.063, 0.056, 0.045 and 0.04 published by

Anastassiadis et al. [42] with simulation results were shown in Figure 3.7.
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Figure 3.7. Comparison of predicted and observed steady state concentrations of (a)

glucose, (b) biomass, (c) citrate and (d) by-products

As shown in Figure 3.7, less glucose was consumed when dilution rate was increased.

Accordingly, less biomass, citrate and by-product were produced. The difference between

observed and predicted concentrations were lowest for glucose, however, the predicted

results almost (at some dilution rates) more than 1.5 times of the observed results for

biomass, citrate and by-products.

3.6. MONTE CARLO SIMULATION RESULTS

Random datasets were created to determine the probability distributions of each parameter

and considering the fitted distribution functions, mean, standard deviation and relative

standard deviation for each parameter was expressed. The parameter distributions were

shown in Figure 3.8. Although the paramaters should have positive values, it was assumed

that the parameters follow a normal distribution. In noncompetitive inhibition model, highest
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relative standard deviation (RSD) were observed at K; and K> (~133 per cent) and lowest
relative standard deviations were observed at gqca™. In competitive inhibition model,
highest RSD was observed at K; (91 per cent) and lowest RSD was observed at qca™ In
general, relative standard deviations of maximum specific rates were much lower than

relative standard deviations of saturation constants.
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Figure 3.8. Parameter distributions obtained from Monte Carlo simulations for (a)
Noncompetitve inhibition and (b) competitive inhibition

Generally RSD’s were lower in noncompetitive inhibition for maximum specific rates,

however RSD’s of saturation and inhibition constants were lower for competitive inhibition.
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To determine the existence of correlations between maximum specific rates and their

respective saturation and inhibition constants, parameters plotted against each other. The

resulting plot was shown in Figure 3.9.
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Figure 3.9. Relationship between maximum specific rates with their corresponding

saturation constants for (a) noncompetitive inhibition and (b) competitive inhibition

As shown in Figure 3.9 there was no apparent correlation between gs™ and K1 and p™ and

K2. The relationship between qs™ and K; can be explained by power law. u™ and K3 and

gca™ and Ka has a positive linear correlation with R? being 0.96 and 0.83. To define the

goodness of fit of each sample, SST results after parameter estimation for each sample was
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represented. The SST values change in range between 0.2 and 1.2 with an average of
approximately 0.45. Although the SST values of the results of two inhibition models were
close and RSD’s of some parameters were lower in competitive inhibition samples, the R?

for correlations were much lower for competitive inhibition.

3.7. RE-ESTIMATION OF IDENTIFIABLE PARAMETERS USING REDUCED
PARAMETER SPACE

Ki, Kz and K4 were found to be correlated to gSmax, mumax and gPmax respectively.
Therefore, the saturation constants were fixed using trendline equations. The re-estimated
parameters were shown in Figure 3.10. Re-estimated Kj, and Kz were lower than initially
estimated parameters, but K4 was higher. K1, and p™ also decreased. The difference in qs™

and gp™ were not significant.
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Figure 3.10. Re-estimated parameters using reduced parameter space



39

4. DISCUSSION

This thesis aim to develop a black-box kinetic model of growth and citric acid production
by Candida oleophila ATCC20177 using data published by Anastassiadis et al. [42, 43].

For this purpose, material and ATP balances were set by assuming all carbon is transferred
from glucose to citrate, biomass, by-products and carbon dioxide, and all electron
equivalents are shared between glucose, oxygen, biomass, citrate and by-products. However,
as shown in Figure 3.1 there is a gap between carbon recoveries calculated using specific
rates from experimental data and calculated from degrees of reduction balance. The
difference between balanced and calculated results may indicate the production of other
metabolites, such as other organic acids and metabolites. Therefore, it was assumed that 20
per cent of the measured citrate was additionally produced as citrate equivalent by-products.
Also the use of average biomass concentration while calculating the specific rates from
experimental data results in underestimated rates since there was not enough information
about the biomass concentration in each time point. This is a common problem, because
these linear equations do not represent actual specific rates due to the nonlinear nature of the
biological systems [53]. When CER calculated from carbon balance and from growth,
production and respiration were compared, a trendline with R? 1 was obtained, making the
by-product assumption valid, shown in Figure 3.2. Although the qca/CER ratio was 1.2, the
ratio used in model was 1 because not all of the by-products were citrate equivalents. Also
results showed the validity of the assumption. By calculating RQ, preliminary information
about the cell metabolism was obtained. RQ is around 1 for highly oxidized substrates such
as glucose and proteins and lower for less oxidized substrates such as fatty acids [54].
Initially, the respiration using glucose was predominant with RQ around 1. At the end of the
fermentation RQ decreases to 0.5 indicating the change towards fat metabolism possibly due
to stress response as shown in Figure 3.3.

Another important step of calculations was determining the maintenance parameters. First,
ATP parameters were calculated for published Candida utilis P/O [51]. The difficulty of P/O
ratio measurement and prediction is well known and typically they are published as range.
Since P/O ratio for Candida oleophila was not measured, an acceptable range based on
published yeast P/O ratios in the literature was used (Figure 3.4) [55, 56]. Then the change



40

in matp and Kx in response to changing P/O was examined. It was observed that effects of
P/O change on Kx was much lower than on marp. Regression diagnostics methods were
employed to ensure the model’s validity by eliminating the effects of steady-state
assumptions done while performing ATP balance. Since these balances were done using
pseudo-steady state assumptions, the highly dynamic system due to exponential growth
phase at the beginning cannot be represented correctly [57]. Also, the lack of fit increases at
last hours. By selecting appropriate data, a valid trenline with 2.31 mmolATP/mmolX Ky
and 5.24 mmolATP/mmolXh with 90 per cent confidence intervals of (0.6, 4) and (2.5, 8)

was obtained.

In addition to experimental calculations, a black-box kinetic model that represents growth
and citrate production was obtained. The SST value indicates the validity of the model. The
growth depends on nitrogen availability and growth continues until nitrogen is depleted as
shown in Figure 3.5 [58]. In this case, since the growth rate was expressed in terms of
nitrogen in addition to glucose, growth stopped after nitrogen depletion as expected. Almost
all volumetric rates reached their peak around 70-100 hours, represents the end of
exponential growth phase. However, the volumetric citrate and by-product production peaks
were not as sharp as the other rates because growth stops after nitrogen depletion and all

remaining glucose was used for citrate and by-product production.

The obtained model was updated to test the published chemostat data. The citrate/by-product
ratio was decreased to 10 per cent because the ratio was reported for chemostat. The apparent
p™* calculated to be 0.069. The published dilution rates change 0.27 an 0.039. When dilution
rate is higher than u™ either the dilution rate should be equal to the u™ or biomass
concentration should be zero, indicating wash out. That means the cells exit the system at a
higher rate than the rate they are produced [59]. So the chemostat data between 0.07 and
0.039 were examined. According to the results shown in Figure 3.7, although predicted and
observed glucose levels were close to each other, higher growth and product formation was
observed around dilution rates 0.06 and 0.05. At lowest dilution rate, the predicted and
observed values were close, but more detailed analysis and data was required. Since only
steady state concentrations were published for chemostat, direct parameter estimation from

chemostat data was not possible.

Two different inhibition models were examined for substrate consumption. Since weak acid

stress alters the electrochemical potential of the membrane, it affects substrate uptake into
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cell. After the parameter estimation, Monte Carlo simulations were performed to determine
identifiable parameters with given data. The RSD of the parameters were high due to black-
box assumptions, high degrees of freedom introduced by limited number of measurements.
Although the lack of fit after the parameter estimation of both models were not significantly
different, the correlations between parameters were observed better at noncompetitive
inhibition model. It also makes sense when weak acid inhibition mechanism was considered
because the presence of weak acids affect substrate uptake indirectly by altering the
permeability of the cell membrane and activities of intracellular enzymes. However, it
should be noted that Monte Carlo simulation results cannot be proof. Also, the

noncompetitive model fitted to chemostat data better.

To determine the effects of inhibition on parameters more explicitly, parameter space was
reduced by relating the correlated parameters with respect to their trendline equations. As
shown in Figure 3.10, a positive linear relationship was observed at p™ and Kz and gp™*
and Ks. Also gs™ and K; was related with power law. Substrate saturation constants for
growth and substrate uptake rates have no correlation with respective maximum specific rate
constants and their relative standard deviations were higher. The model with re-estimated
parameters was fitted sligthly better to the model.
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5. CONCLUSION

The aim of this study was to model growth and citrate production of Candida oleophila. The
batch fermentation model with two different product inhibition mechanisms used for
susbtrate uptake and growth on both glucose and nitrogen was constructed and the model
reflected the dynamics of the system with a low lack of fit. Then the batch fermentation
model was updated for chemostat data. Noncompetitive inhibition model reflected
chemostat dynamics better than competitive inhibition model. Although the biomass and
product yields were higher at dilution rates close to apparent maximum specific growth rate,
at low dilution rates, model also fitted to chemostat data.

The Monte Carlo simulations were performed to determine which parameters can be
identified from given data. The uncertainties introduced by data availability and the
precision of the parameter estimation process caused high relative standard deviation results,
especially for saturation constants for glucose. However, the correlations between
parameters were clear, especially for noncompetitive inhibition model. Both model fits and

Monte Carlo simulations support the indirect effect of weak acid stress on substrate uptake.

The carbon balance and RQ calculations were performed to give more insight to dynamics
of the system. The results of the assumption of lower CER/qp ratio showed that not all by-
products that produce carbon dioxide were citric acid equivalents, other organic acids

composed of less amount of carbon can possibly be produced.

In conclusion, a model that represents growth and citrate production well was obtained. The
results indicate that batch fermentation data can be used to obtain preliminary information
about the organic acid production, even for the chemostat cultures. Further studies to
construct a more reliable chemostat model with time-dependent data is required. Also effects
of pH on citrate production can be analyzed to have a better insight about the weak acid

stress on Candida oleophila.
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