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Summary

Rhodospirillum rubrum is a phototrophic purple bacterium with a high degree of metabolic flexibility,
capable of growing under a wide range of environmental conditions. It also has many potential
industrial applications, such as hydrogen and bioplastic production. However, the main obstacles
preventing large-scale implementation of these applications are the limited practical knowledge of
the bacterium’s growth under changing environmental conditions, and the high electricity demand
required for during photosynthesis, which makes its cultivation costly.

In this thesis, a simple, general, and expandable mathematical model is developed that builds on cur-
rently available data from the literature and aims to describe R. rubrum growth under both anaerobic
dark and light conditions. It accounts for multiple metabolic states based on the available substrates
and the supplementation with carbon monoxide.

The first part of the thesis reviews existing literature. Different mathematical frameworks used to
describe microbial growth are examined, with a focus on unstructured models that assume constant
bacterial properties. These models are compared and evaluated based on their suitability. A clear
distinction is made between the lag phase, when growth is essentially zero due to the bacteria adjusting
to the changed environmental conditions, and substrate inhibition at high concentrations, when
growth is slowed until the concentration falls below a threshold. The most significant parameters
influencing growth are identified.

Next, the experimental setup is presented. This includes a description of a batch reactor configuration
(stirring, lighting, heating, and medium) as well as the measurement methods. This is followed by a
detailed description of the mathematical growth model as implemented. The model parameters, such
as half-saturation constants, substrate inhibition values, and variables related to lag-phase length are
extrapolated from extracted data of published research.

This is followed by the comparison of training data and model prediction, the presentation of the
collected experimental data, and the model is compared to the experimental data. The experiments
demonstrate the utility of the conceptual model under anaerobic light conditions, however, its accuracy
is limited by the quality of the data used to estimate model parameters, particularly yields. For
anaerobic dark conditions, the experimental results differ significantly from expectations based on
literature. In particular, bacterial growth appeared to rely only on carbon (and likely starch extract),
rather than on carbon monoxide and acetate. The exact reason for this discrepancy remains unclear,
however it can be assumed with reasonable confidence that it is due to the experimental setup and
measuring frequency and length and not an error in the model. A short comparison of potential
optimization strategies is included, based on the effect of different reactor setups, assuming that the
differences between expected and observed behavior could be resolved.

Finally, the relevance of the proposed model within the context of existing literature is discussed.
Although the quantitative results of the model are not yet directly applicable, the proposed modeling
framework, together with the estimated growth parameters, mathematical treatment of lag phases
and metabolic state transitions, and comparative analysis of the optimality of different reactor setups,
could provide a foundation for future refinement. In addition, it could possibly offer a unifying structure
that can facilitate the integration of other, existing models operating at different scales and focuses.



Nomenclature

Abbreviations

Abbreviation Definition

R. rubrum Rhodospirillum rubrum

D1 Dark 1 (metabolic state): anaerobic respiration, in dark, using acetate and CO,
producing CO, and H;

L1 Light 1 (metabolic state): anaerobic photosynthesis, under light, using acetate,
producing CO,

L2 Light 2 (metabolic state): anaerobic photosynthesis, under light, using acetate
and CO, producing CO,

L3 Light 3 (metabolic state): anaerobic photosynthesis, under light, using CO, and H,

0D660 Absorbance at 660 nm

PHB Polyhydroxybutyrate

PPB Purple photosynthetic bacteria

VFA Volatile fatty acids

VSS Volatile suspended solids

Symbols

Symbol Definition Unit

U Specific growth rate day™?

Lomaz Maximum specific growth rate day™?

K Half-saturation constant mmol - L1

K; Inhibition constant mmol - L1

m Fixed fraction of energy used for cell maintenance —

[Thas Specific growth rate of metabolic state x day™?

K3, Half-saturation coefficient of substrate y in metabolic state y mmol - L1

Ki; Inhibition coefficient of substrate y in metabolic state x mmol - L™}

Yy, Yield of compound y per unit biomass in metabolic state x mmol - C' —

mmol !

T Constant lag phase length of metabolic state x day



Symbol Definition Unit

k. Vertical scaler parameter of CO concentration dependent lag —
phase length in metabolic state x

Bz Horizontal scaler parameter of CO concentration dependent lag —
phase length in metabolic state x

Oy Threshold concentration above which compound y considered  mmol - L™!
present in the system

g, Cutoff CO concentration value above which metabolic state L3~ mmol - L™!

is not possible

dde fautt Decay rate day™!

t Time from the start of the reactor day

to.i Time of the start of metabolic state of i day

Irr Average irradiation within the reactor W -m™2

X Biomass concentration C —mmol- L1
C; Concentration of substrate i mmol - L1
Ceo, Concentration of gas i in the headspace mmol - L™}
Vv Total reactor volume L

Viig Liquid volume L

Vyas Headspace volume L

krya Volumetric mass-transfer rate of compound y —

Hye Dimensionless Henry’s law constants —

x Distance within the reactor from its wall m

r Reactor radius m

A Wavelength nm

Irrg Measured irradiation at the wall of the reactor W -m™2

A Absorbance -

T Reactor temperature K

R Gas constant 8.314J /mol-K
H(T) Henry’s constant at temperature T’ —

H Henry’s constant at reference temperature 7° = 298.15 K —

Aol H Enthalpy of dissolution J -mol™!
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1. Introduction

Phototrophic Purple Bacteria (PPB) are a metabolically flexible group of microorganisms capable
of adapting to a wide range of aquatic environmental conditions. They can thrive under varying
light intensities, oxygen levels, and nutrient availabilities. The cultivation of one specific member
of this group, Rhodospirillum rubrum, is of particular interest due to its many potential industrial
applications.

1.1. Metabolic Modes of R. rubrum

Depending on environmental conditions, R. rubrum can switch between several distinct metabolic
modes. Under aerobic respiration, which occurs in the presence of oxygen and irrespective of illumi-
nation, the organism grows chemoorganoheterotrophically by oxidizing organic substrates. In this
state, the cells appear mostly colorless because the synthesis of photosynthetic pigments is repressed

(1], [2].

When light is available and all oxygen has been reduced, R. rubrum shifts to anaerobic photosyn-
thesis. The cells display varying pigmentation depending on the light spectrum and intensity, in
order to maximize light absorption for energy production. Growth may occur in several forms: pho-
toorganoheterotrophic, where both the electron donor and carbon source are organic molecules
such as acetate or succinate, photolithoautotrophic, where both are inorganic, for example hydrogen
as the electron donor and carbon dioxide as the carbon source, or photolithoheterotrophic, where
the electron donor is inorganic, such as carbon monoxide, and the carbon source is organic, such as
acetate [3], [4].

Under anaerobic respiration, which takes place in the absence of both oxygen and light but in
the presence of alternative electron acceptors, R. rubrum can continue to grow. It cannot grow
chemoorganoheterotrophically, but under certain conditions it can use carbon monoxide as an
electron donor and organic molecules such as acetate as a carbon source to grow chemolitho-
heterotrophically [4], [5], [6].

Finally, during fermentation, R. rubrum is able to metabolize certain sugars, such as fructose or pyru-
vate, although growth under these conditions is considerably slower than in the other metabolic
modes [5].

Table 1 shows the different metabolic modes and their trophic types.

Table 1: Summary of main metabolic modes of R. rubrum

Metabolic Energy Carbon Oxygen

Mode Light Source e Donor Source Present Trophic Type

Aerobic Both  Chemical Organic Organic Yes Chemoorganoheterotrophic
respiration



Metabolic

Mode Light
Anaerobic Yes
photosyn-

thesis

Anaerobic No

respiration

Fermentation No

Energy Carbon Oxygen
Source e~ Donor Source Present Trophic Type
Light Organicor  Organic No Photoorganoheterotrophic
inorganic  or or
inorganic Photolithoautotrophic
or Photolitho-
heterotrophic
Chemical Organicor Organic No Chemolithoheterotrophic

inorganic  or
inorganic

Chemical Organic Organic No Chemoorganoheterotrophic

1.2. Potential Industrial Use of R. rubrum

The broad range of potential industrial applications is enabled by this versatility, even compared to

other PPB species. These include, but not limited to:

Table 2: The different existing and potential industrial applications of R. rubrum

Use Case

Wastewater treatment

Hydrogen production

Bioplastic synthesis

Production of
coenzyme Q10

Production of natural
dyes for textiles

Description

R. rubrum shows potential to enhance biomass recycling and improve to the
purification of wastewater treatment systems [7].

R. rubrum can be cultivated on syngas, a mixture of CO, H,, and CO,,
produced through the gasification of organic waste. R. rubrum is capable to
convert the CO of the syngas into more H,, and CO, gases throught the
water-gas shift reaction. With some refinement, this could potentially
become a renewable energy source [4].

R. rubrum can produce polyhydroxyalkanoates (PHAs), a type of
biodegradable polymer to store energy for later use. These bioplastics can
be used in place of petroleum-derived plastics, providing a more sustainable
alternative[8].

R. rubrum is capable of synthesizing coenzyme Q10, a compound used in the
pharmaceutical and cosmetic industries for its antioxidant properties [9].

Pigments produced by R. rubrum can be extracted and utilized as natural
dyes for textiles, offering an eco-friendly alternative to many synthetic dyes
that are often harmful [10] [11].



1.3. Problem Statement

The ability to harness the potential of R. rubrum, and to make the listed applications economically
feasible, heavily relies on a deeper understanding of its metabolism and the ability to reliably predict
its behavior under changing environmental conditions within an engineering framework.

For example, the fastest growth can be achieved under photosynthesis, unfortunately, this requires
continuous illumination, which is energy-intensive. An alternative could be anaerobic respiration,
which does not require light but needs external supplementation of electron donors such as carbon
monoxide and overall more substrates for the same growth. In order to compare which one is better
for a certain set of given condition, accurate models would be needed.

One potential, more sophisticated way to minimize energy consumption and make R. rubrum culti-
vation more cost-effective is the strategic cycling of different metabolic modes. The main limitation,
however, is that very few studies have investigated the transitions between metabolic modes and
how the organism behaves during these shifts, for example, the length of lag phases or the precise
relationship between absorbance measurements and biomass concentration under dynamic envi-
ronmental conditions. To implement this within industrial setting would require an accurate model
that is capable of modelling more than one metabolic modes together with the transitional periods
between them.

1.4. Research Questions

The problem statement raises many potential research questions, some of them which | attempt to
(partially) address within this work:

« How can the metabolic behavior of R. rubrum be described mathematically, for now within a
small subset of its possible metabolic modes, including the transitions between them, under
anaerobic conditions with varying light intensity, when carbon monoxide and acetate are the
only possibly available substrates at the start of the reactor run?

+ Can cultivation efficiency be improved through strategic cycling of metabolic modes, and how
does this compare to continuous anaerobic photosynthesis?

+ What are the computational and practical limitations of the developed system?



2. Background Literature

To answer the stated research questions, information must be collected on the different types of
existing mathematical models used to describe microbial growth, and the most important variables in
relation to the growth of R. rubrum.

2.1. Different Mathematical Models for Microbial Growth

The microbial growth process usually has four phases[12], as illustrated in Figure 1. First, in the
lag phase, bacteria acclimatize to the new environment, adjusting to factors such as salinity, pH,
temperature, and available substrate, for which they must begin enzyme production. During this
phase, there is little to no growth. No growth might be also happen in the beginning of the growth
phase due to the inhibitory effects of the initial high substrate concentrations, which must be gradually
consumed before faster growth can occur. In the exponential phase, most growth occurs without
significant limitations from substrate availability or inhibition due to excessively high concentrations.
Next, in the stationary phase, growth slows down due to substrate or nutrient limitations, or from the
accumulation of toxic byproducts. At some point, the energy required for maintenance exceeds the
energy bacteria can produce, leading to cell death eventually outpacing growth. Finally, in the decay
phase, the substrate has been depleted, preventing further growth, and biomass steadily decreases
[12],[13].

Stationary Phase

Death Phase

Exponential Phase

Biomass Concentration

Lag Phase

’_/

Time

Figure 1: Microbial growth phases

There are two types of growth models used to simulate microbial kinetics: structured and unstruc-
tured models. Structured models consider genetic, morphological and biochemical properties of
the biomass. Unstructured models consider bacteria as something with constant attributes, with its
behavior as a function of its own and the available substrate concentrations [14]. Given the scope and
engineering focus of this thesis, it was decided early on that the unstructured modelling approach
would be taken 1.

!In general, unstructured models can only describe the behavior of so-called balanced growth. Balanced growth refers to



There are many different unstructured model used to simulate microbial growth. A short summary of
some of the most common ones are presented in Table 3.

Table 3: Comparison of some of the most common and distinct unstructured microbial growth

models

Model Growth Rate of Biomass [:] Properties

Monod One of the first microbial growth

models invented. At low substrate
S concentrations, it follows first-order
W= Hmaz g e (1) kinetics, while at high substrate

concentrations, it follows zero-order
kinetics. It does not simulate the lag
or decay phases and usually
overestimates growth. It is suitable
for simulating growth under high
substrate concentrations without
adverse conditions causing
inhibition[13].

Monod-lerusalimsky An extension of the Monod model, it
assumes some inhibition by the
S K; substrate at all substrate

W= Hmar 6 T S+ K, (2) concentrations, with stronger
inhibition at higher concentrations
[15].

growth that produces cells of identical quality [15]. This is not strictly true when modeling R. rubrum’s behavior across
different metabolic modes. For example, the length of the lag phase when transitioning between metabolic modes
changes due to evolutionary adaptations based on the history of the biomass sample. To enable unstructured modeling,
the following restriction was applied: every reactor run is inoculated from the same large batch of refrigerated biomass.
To generalize this simplified model and make it more applicable to industrial use, the adaptability range of R. rubrum
should be further investigated and incorporated into the model as an additional dimension



Model Growth Rate of Biomass [:]

Haldane
B S
1% Hmax o K.+ %
Aiba
S _
H = tmazx S+Ks -e 5/K;
Teissier

M= Umaz * (1 - e_S/KS)

Properties

Another extension of the Monod
kinetics. It focuses the inhibition
phase at high substrate
concentration [13] . It has been show
for many different microbial kinetics
provide good fits to collected
experimental data from phenol
degradation to nitrification
inhibition by ammonium [14]. The
Haldane model has many variations
(e.g. Webb, Yano-Koga) not
presented here, that mainly differ in
by raising the power of on the
substrate concentration over the
substrate inhibition constant. This
result in stronger modeled
inhibitons.

Yet another extension of the Monod
model designed to address
inhibition, this time using an
exponential ratio of the substrate
concentration to the inhibitory
constant. This model has provided
good fits for many biodegradation
and polymer production
experiments [14].

It assumes that the specific growth
rate is inversely proportional to its
value relative to the maximum
growth rate. Tessier’s model
behaves similarly to Monod’s at both
low and high substrate
concentrations and assumes no
inhibition at high concentrations.
The main difference lies in the
transitional period from first-order
to zero-order kinetics [13].



Model Growth Rate of Biomass [:] Properties

Powell This is also a modification of the
Monod model. It does not address
(tmaz +m) S inhibition but introduces a
=ik, ™ () parameter m to simulate the energy
requirement for maintenance. This
model has not proven to be a
particularly good fit for simulating

any specific biological process [14].

2.2. Metabolic States

As presented in the introduction, R. rubrum is capable of a wide range of metabolic modes. From
an industrial perspective, the most interesting of these are anaerobic photosynthesis and anaerobic
respiration due to their relatively high growth rates compared to other metabolic modes and their
potential for hydrogen production, one of the main possible industrial applications.

Within these two modes, in this section, different metetabolic states are defined, indicating different
substrate utilization, three in anaerobic photosynthesis, and one in anaerobic respiration. Due to the
limited scope of this thesis, the model was created assuming that only a limited number of potential
substrates are available for growth, namely acetate, carbon monoxide, hydrogen, and carbon dioxide,
as the relationships among these substrates have received some attention in the past [4], [8], [16],
[17].

Among these studies, one of the most recent by Godoy et al. [4] incorporates many of the latest findings.
In this study, R. rubrum was grown on acetate and supplemented with varying levels of CO (ranging
from 0 to 2.5 bar partial pressure) under both light and dark conditions. The most relevant aspect of
this study for this thesis is that it recorded the entire growth cycle, from the very beginning of the lag
phase to, in most cases, the death phase when biomass concentrations began to decrease. In addition
to biomass measurements, changes in the concentrations of all relevant substrates (acetate, CO, CO,,
and H,) were also recorded under these conditions.

In the study three different states under anaerobic photosynthesis have been observed and one in the
dark under anaerobic respiration as summarized in Table 4.

Table 4: Classification of the metabolic states observed in the study by Godoy et al. [4]

Energy Carbon
State  Trophic Type Light Source e Donor Source Products
L1 Photoorganoheterotrophy Yes Light Acetate Acetate CO,
L2 Photolithoheterotrophy  Yes Light Cco Acetate CO,, Hy
L3 Photolithoautotrophy Yes Light H, Co,



Energy Carbon
State  Trophic Type Light Source e Donor Source Products

D1 Chemolithoheterotrophy No Chemical co Acetate COy, H,

Under dark conditions, the one metabolic state, D1, was observed, with CO being consumed at a much
higher rate than acetate [4], in comparison L2 metabolic state with the exact same substrates, under
light conditions, but with photoheterotropy instead of chemoheterotropy. No growth occurs in the
dark without CO supplementation [4], [6], unlike the L1 state under light conditions.

Under light, after the L2 state, when the CO concentration dropped below a certain threshold, «96“5 ,a
second growth state, L3, was observed, utilizing the CO, and H; produced during the L2 state from CO
and water.

CO concentrations also had a significant effect on the duration of the lag phases preceding the L2 and
D1 states, as well as on their maximum growth rates.

The time series from the different reactor runs are shown in Figure 2.
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Figure 2: Classification overlayed on top of the collected data of the study by Godoy et al. [4]

2.3. Substrates and Light

Many different factors could be considered as input variables for the model. Given the scope and time
limitations of this work, the focus was restricted to the substrates used during metabolic states L1, L2,



L3, and D1, as well as illumination?. Some other factors that could, and likely should be considered
before any industrial implementation of the model are listed in Section A.1.

2.3.1. Acetate

Acetate is one of the most commonly used substrates for the cultivation of R. rubrum in the available
literature. Bayon-Vincente et al. [18] showed that after long-term cultivation with certain VFAs including
acetate, R. rubrum acclimates to it as a carbon source, which results in significantly reduced lag phases.
A study by Ruknonsaeng et al. [19], which investigated the effects of nitrogen, acetate, and propionate
on hydrogen production, reported that high concentrations of volatile fatty acids, including acetate,
can lead to a decrease in pH, which subsequently inhibits R. rubrum growth.

Ghasem et al. [17] examined the effect of different initial acetate concentrations on the growth of
R. rubrum under illumination, using a constant initial carbon monoxide partial pressure of 0.6 bar.
This would be L2 state, according to the classification in Table 4. Their results showed that acetate
exhibits both a growth-limiting concentration threshold, somewhere bellow 8 mmol - L', below which
the growth rate is significantly reduced, and an inhibitory effect at higher concentrations, above 35
mmol - L1, likely due to substrate toxicity and not just pH change.

0.6

30 4
0.5 1

0.4

Biomass [C-mmol - L1]
co [bar]

0.2 1

0.1+

0.0 1
0 1 2 3 4 5 0 1 2 3 4 5
Time [days] Time [days]

Acetate [mmol - L™1]
Figure 3: Effect of different initial acetate concentartions with a constant initial 0.6 bar CO partial

pressure on R rubrum growth

2.3.2. Syngas and CO

Syngas is a widely available waste product mainly composed of CO, CO, and H; gases, typically
produced by gasifying organic waste. Cultivation of R rubrum using syngas has been investigated in
detail, primarily in relation to sustainable plastic and hydrogen production. The different metabolic
pathways operating during syngas fermentation that lead to PHA production were studied by Revelles
etal. [16]. Inrelation to hydrogen production, Najafpour et al. [20] explored the possibility of describing
the process using mathematical models, while Klasson et al. [21] examined the potential of employing

2With the exception of the data from Godoy et al. [4], which was kindly provided by the authors, all other data in Section 2.3
was extracted from the referenced studies using https://www.graphreader.com/v2.



a mixed culture of R. rubrum, M. barkeri, and M. formicicum to produce methane from syngas in two
steps.

A study by Do et al. [22] compared the growth of R. rubrum on artificial syngas produced by mixing
pure gases with syngas derived from the gasification of corn seed. It was observed that some volatile
organic compounds present in real syngas have an inhibitory effect on CO oxidation, which should be
considered in potential industrial applications. No detailed studies examining the effect of specific
gas ratios of CO, H,, CO, were found. The closest is the study by Karmann et al. [8], who investigated
the effect of supplementing syngas composed of 40% CO, 40% H,, 10% CO,, and 10% N, which was
then diluted with varying amounts of pure nitrogen.

To simplify the analysis, the focus of this work was on using a pure CO-N; gas mixture in the reactor?,
with CO, and H; only becoming available through bacterial activity. This occurs via the enzyme carbon
monoxide dehydrogenase [8], which catalyzes the water-gas shift reaction shown in Equation 7.

CO+ HyO = CO9 + Hy (7)

Based on the available experimental data collected by Godoy et al. [4] using pure CO-N; mixtures,
different CO concentrations can have three distinct effects: substrate limitation, substrate inhibition,
and variations in lag phase length. The variation in lag phase cannot be attributed to inhibition, as this
would imply that during the lag phase the concentration of the inhibiting compound, in this case CO,
decreases until it no longer inhibits growth. However, this is not observed experimentally, as shown in
Figure 2. Biomass growth and the varying lag phases at different CO partial pressures are presented in
in Figure 4.

With Light

Without Light

CO Partial Pressure

—— 0.0 bar

0.2 bar
—e— 0.4 bar
—e— 0.6 bar
—&— 0.8 bar

1.0 bar
—e— 1.5 bar

2.0 bar
—o— 2.5 bar

w - v

Biomass [OD660]

~

N

CO Partial Pressure
0.2 bar
—o— 0.4 bar
—e— 0.6 bar
—e— 0.8 bar
1.0 bar

0 2 4 6 5 10
Time [days]

0 H 10 15
Time [days]

Figure 4: Growth at different CO partial pressures under light (L2 state) and under dark conditions (D1

state) from the study by Godoy et al. [4]

®Nitrogen is assumed to be an inert gas in this system since ammonium is supplied in excess, preventing nitrogen fixation.

10




2.3.3. Light Intensities

The already mentioned study by Bayon-Vincente et al. [18] hypothesized that PHA production may
serve as a mechanism for R. rubrum to adapt to high light stress and the resulting redox imbalance. The
authors also noted the established relationship between bicarbonate consumption during anaerobic
growth and the assimilation of organic acids such as acetate, propionate, and butyrate. Furthermore,
they suggested that the presence of buffers such as HCO; may allow greater tolerance to high light
intensity conditions.

Uffen [23] investigated the transition of R. rubrum from high to low light intensity under anaerobic
photosynthetic conditions. After the light intensity was reduced, the growth rate declined markedly.
After approximately ten generations, once a new stable state with higher pigment content had been
established, the growth rate partially recovered.

To date, no studies have systematically examined the effect of different light intensities on the growth of
R. rubrumin a pure culture. Cerruti et al. [24] investigated the effect of light intensity on mixed cultures
of purple phototrophic bacteria (Blastochloris, Rhodobacter, Rhodopseudomonas, and Thiobaca) and
extrapolated from their data that the maximum growth rate occurred at around 450 W/m?, with
Rhodopseudomonas outperforming the other species under high irradiation. Ross et al. [25] studied
the growth of a pure Rhodopseudomonas palustris culture in a tubular photobioreactor and observed
similar results to Cerruti’s, with strong growth inhibition below 200 W/m? and photoinhibition above
600 W/m?. The reactor operated under anaerobic conditions with glycerol as the carbon source.

2.4. Existing Models

Several studies have attempted to describe the growth of R. rubrum mathematically. Most models ad-
dressonly a single set of environmental conditions, although in recent years a few more comprehensive
approaches have been developed.

Segura et al. [26] proposed a dynamic model that predicts changes in the concentrations of VFAs (ac-
etate, propionate, butyrate, and valerate) and the resulting composition of produced PHA monomers
under photoheterotrophic conditions. The model also accounts for substrate inhibition and introduces
limitation and inhibition factors using the Monod-lerusalimsky equation (Equation 2).

Cornet et al. [27] developed a framework that simulates biomass composition, productivity, and
stability in a continuous cylindrical photobioreactor at light intensities between 50 and 400 W/m?.
It describes the stoichiometry of biomass and PHB production as functions of light intensity and
residence time.

Alloul et al. [28] designed a model to predict and control microbial selection in open raceway reactors
used for wastewater treatment. Unlike the previous models that describe pure cultures, this one
focuses on competition between PPB (not just R. rubrum) and aerobic or anaerobic heterotrophs
under varying light and oxygen concentrations. The model includes photoheterotrophic, aerobic
chemoheterotrophic, and anaerobic chemoheterotrophic modes, but does not differentiate between
more specific metabolic states such as photoorganoheterotrophy, photolithoheterotrophy, and pho-
tolithoautotrophy.
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3. Materials and Methods

This section presents the experimental setup that is later used to validate the mathematical model
described in Section 4.

3.1. Strain and Medium

The medium was prepared based on the RRNCO medium recipe by Kerby et al. [6], with minor modifi-
cations. Ferric chloride replaced ferric citrate, and HEPES was used as the buffering agent instead of
MOPS. The original recipe does not specify the source of potassium because it relies on a premade
solution, in this preparation, a mixture of mono- and dipotassium salts was used. In the past it has

also been shown that biotin has no significant impact on growth[4], therefore, it was also omitted.

Table 5: Medium composition

Component Chemical formula [mg/L] [g COD/L]
Sodium acetate trihydrate CH3COONa - 3H0 1360 0.6
Boric acid H3BO3 2.8
Ethylenediaminetetraacetic acid NasEDTA 20

Ferric chloride hexahydrate FeCls - 6H0 3.2

Sodium molybdate NasMoOy 1

Magnesium sulphate heptahydrate MgSOy4 - TH20O 250

Calcium chloride dihydrate CaCly - 2H50 132

Ammonium chloride NH,Cl 1000

Nickel chloride NiCly 0.5

Sodium sulfide nonahydrate NasS - 9H>0 1

Sodium bicarbonate NaHCOs3 10.5
Monopotassium phosphate KHyPO, 6

Dipotassium phosphate KoyHPO, 9

HEPES 2400

Yeast extract 1000 1.42 [29]

The pH was adjusted to an initial 7.1 using NaOH and HCIl.

For bioreactor inoculation, the R. rubrum S1H strain was used, stored in MELiSSA medium at 4 °C.
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3.2. Reactor Setup and Lighting

As a batch bioreactor, a 1 L serum bottle, which if fact, has a total volume of 1.15 L, was utilized. The
bottle was filled with 0.5 L of medium, leaving a 0.65 L headspace that was filled with an CO - N,
gas mixture. Samples were collected through two designated ports: one equipped with an internal
tube extending to the bottom of the bottle and an external valve for sampling the liquid medium,
and another fitted with a one-way valve without an internal tube, enabling direct sampling of the
headspace gas phase.The heating plates used were difficult to adjust to an exact temperature but were
maintained between 35 and 40 °C.

Sampling Port

[ )

Headspace
- 6.5dL

Medium - 5dL

Stir Bar
\ [ Halogen Light

e

Heater

Figure 5: Reactor setup

The lights were positioned on opposite sides of the bioreactor, as shown in Figure 6. To calculate the
average irradiance within the reactor, multiple appoaches can be taken. While the commonly used
Beer-Lambert law would only require momentary absorbance values at a single wavelength, in this
case 660 nm, it would require an attenuation coefficients specifically fitted to R. rubrum biomass for
each metabolic mode. Given that the attenuation coefficent is unknown, the momentary irradiation
is instead calculated from the absorbance measured across all biologically relevant wavelengths,
ranging from 400 to 1000 nm, as well as the irradiation spectrum of the light source over the same
range.
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Lamp A

Figure 6: Lighting Setup

Two 20W, 12V GU4 halogen light bulbs were used as the light source, they were filtered through Infra
Red 962 3mm Black Perspex Acrylic sheets. Figure 7 shows a picture of the actual setup. Based on
these two lights, the discretized equation for calculating the average irradiance is given in Equation 8.
Irradiance was measured directly at the glass whole of the reactor, and thus the filtering effect of the
acrylic sheets are already included.

1 2r [ 1000
Irr =~ 2R Z [ Z (Irro()\) L1107 AN 4 Irro(N) - 10_‘4(’\)'(27"_95)) AN - Az (8)
=0 LAx=400

Where Irr represents the average irradiance across the reactor, x denotes the discretized spatial
positions within the reactor, r is the radius of the reactor, A refers to the discretized wavelengths or
wavelength ranges, and Irrg is the spectral irradiance function at each wavelength.
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Figure 7: Picture of the photobioreactor

3.3. Analytical Methods

To monitor the state of the microbial growth and the concentrations of the relevant substrates, the
following parameters were periodically measured:

+ Acetate concentration in the medium: measured daily using gas chromatography

+ Partial pressures of gases in the headspace: including CO, CO,, H, measured daily via gas
chromatography

« Biomass concentration: measured daily by spectrophotometric absorbance at 660 nm (full
absorbance spectra collected between 400-1000 nm) and by VSS measurements

+ Light: average light intensity was measured twice a week to acount for potential bulb aging
effects
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4, Matematical Model

The goal of developing the mathematical model is to predict the future growth of R. rubrum and
the changes in the concentrations of acetate, CO, and H,, as functions of the initial environmental
conditions. It is also essential that the model accurately identifies the active metabolic state at any
given time based on the prevailing conditions and reliably predicts the duration of lag phases that
occur during transitions between states. If these criteria are met, the model can serve as a valuable
tool for process optimization.

4.1. Dealing with Different Metabolic Modes

In Section 2.2, a metabolic classification was established to facilitate the division of the growth phases
of R. rubrum. This section examines the sequence and interrelationship of these metabolic states as
they may occur in a batch reactor, where light is the sole manually controlled variable.

It is assumed that the metabolic activity of PPB alternates only between anaerobic photosynthesis
and anaerobic respiration. If conditions are not addequate for either, no microbial growth is assumed
with a steady biomass decay rate.

Figure 8 illustrates the possible transitions between metabolic states. Black arrows represent spon-
taneous transitions, typically caused by substrate depletion, while red arrows indicate transitions
requiring manual switching of the light on or off. States with solid borders correspond to the “real”
metabolic states, already presented, where growth is possible. States with dashed borders represent
no growth. No growth can fall into two categories: a transitional state in which R. rubrum cannot
utilize the available substrates in the dark, but could resume growth if the light was switched on.
The alternative is a terminal states that denote conditions where growth is not possible even with
illumination.

If the reactor starts with the light on and only acetate available, the model assumes state L1, where
growth continues until acetate is fully consumed. At that point, the system transitions to the terminal
state T1, where the CO, produced during the L1 phase is still available, but by itself is insufficent to
support further growth.

When the reactor is initially under light with both acetate and CO available, it is in state L2. If acetate is
depleted before CO drops below the inhibition threshold, the system transitions to terminal state T2,
where growth is inhibited. Alternatively, if acetate and CO are depleted simultaneously, the system
briefly enters state L1* to consume residual acetate before transitioning to state L3, where growth can
continue utilizing the CO, and H; produced, without CO inhibition. Growth ceases once either H; or
CO,, is exhausted, resulting in terminal state T3.

If the reactor starts in the dark with both acetate and CO available, the system begins in state D1. Should
acetate be depleted first while CO remains above the inhibition threshold, the system transitions to
terminal state T2. If CO is depleted before acetate, the system enters a temporary DO_L1* state where
no growth occurs, but switching on the light allows it to progress to state L1* and resume growth from
there. Finally, if acetate and CO are depleted simultaneously, the system reaches a temporary DO_L3
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state, from which turning on the light enables a direct transition to state L3, again allowing growth to
continue.

Naturally, this model is intended to enable growth predictions and does not necessarily the full
biological reality.

L1 |
(acetate) >| C-I;:)lz
[acetate, CO2] | [coz] |
L2 0
(acetate, CO) ‘| T2 |
[acetate, CO, CO2, | [CO, H2, CO2] |
H2]
AN T T
—_—— — — —
L1* L3 |
(acetate) (H2 CO2) >| =
[acetate, CO2, H2] [H2, CO2] | 1l |
— m——
| DO_L1* |
Spontaneous X, Used for Growth
[acetate, CO2, H2] | p x.y)
> Light Switching [x,y,2z] Present
A4 D Growth I ! No Growth
D1 -
(acetate, CO)
[acetate, CO, CO2,
H2] P Light On Light Off
DO L3 |
| [CO2, H2] |
_____ Terminal

Figure 8: Flow chart of the different metabolic states

The model applies rules, summarized in Equation 9, to determine its current state, designed in a way
that no more than one metabolic state can be true at any given time. Where 0 4c g, 6co, 0co,, Om,,
are the minimum concentration values for dissolved concentration above which the system considers
the given compound available for growth. 6&%, is the the cutoff concentration value, above which CO
inhibits growth on CO, and H; in the L3 state. 61, is the irradiation cutfoff value that decides whether
the system is in dark or under light.

L1: Cuacgr > 0acgandCeoo < bco and Irr > 05,

L2: Cacg > 0acgand Coco > Oco and Irr > Oy, o)

L3: Cuacg <OacgandCco < Hg% and Cco, > 0co, and Cy, > 0y, and Irr > 07,

Dl1: Cucg > 0acrgandCeo > 0co and Irr < Oy

As it can be seen from these logic rules, the implement the computational model does not have
memory to store the sequence of the previous states, and hence does not differentiate between states
as defined in the flowchart. For example L1 and L1*, both are classified as L1, or the temporary
no growth states of DO_L1*, DO_L3, and terminal states T1, T2, T3, all of which are classifed as “No
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Growth” state. The main advantage of defining these somewhat fictious transitional states is that
they later facilitate the interpretation of certain model behaviors. For instance, in Figure 9, which
shows an output of the implemented model, these states help verify whether the observed sequence
of metabolic states is feasible.

251

—

— %5 P L

— B : I—»_;

— D1 ] | R P |
No Growth i 2 AN

201 =7

Biomass [OD660], Substrates [mmol/L]

Time [day]

Figure 9: An example output of the computational model. The exact states, as defined in the
flowchart, were manually labeled.

4.2, Substrate Limitation and Inhibition

In Section 2.3, the main effects of key model parameters influencing R. rubrum growth were presented.
The focus was on the different substrates utilized in the investigated metabolic states and illumination,
based on the available published research. In this section, the previously presented data are used to
estimate certain model coefficients.

4.2.1. Effect of Different Acetate Concentrations

Figure 3 showed the relationship between the initial acetate concentrations and the observed growth
rates based on the data collected by Ghasem et al. [17]. Now, three of the unstructured models
presented in Table 3, namely the Monod-lerusalimsky, Haldane, and Aiba models (Equation 2, 3, 4
respectively), are fitted to the extracted maximum specific growth rate values of the same data set for
each initial acetate concentration #. The results are shown in Figure 10.

For the model fitting, 1,4 had to be constrained to a somewhat arbitrary 1.5 day™*, about 20% higher
than the maximum observed growth rate, as leaving it unconstrained resulted in an almost perfect fit

“The first entry for the no-acetate case was removed, as the absence of acetate would indicate photoautotrophic growth
rather than the photoheterotrophic growth, here classified as L2. It is interesting to note that in other studies [4], no
growth was observed at all without acetate. See Figure 2, specifically the “Light - CO at 2 bar” plot, where growth ceases
after acetate is depleted.
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ataround ji,,,4, = 8 day™. This was considered unrealistic and likely significantly overfitted, mainly
due to the limited data available, particularly at low acetate concentrations. The highest maximum
growth rate was observed at 18 mmol - L'! acetate concentration.

1.0+

0.8 4

0.6

u[day~]

0.4 +

0.2 4

e Experimental Data
—— Monod-Jerusalimsky (R*=0.666)
Haldane (R*=0.685)
0.0 1 —— Aiba (R#=0.789)

0 20 40 60 80 100
Acetate [mmol - L]

Figure 10: Effect of different initial acetate concentrations on the maximum growth rate

The parameters of the fitted models can be seen in Table 6. Overall, Aiba’s model provided the best
fit.

Table 6: Parameters of the different growth models fitted to describe the relationship between
acetate concentrations and growth rates, in L2 state, under light conditions with available CO

Model 2, KM op Ko R

Monod-Jerusalimsky 1.5 2.239184 36.616853 0.666135
Haldane 15 2.837170 35.106506 0.684548
Aiba 15 2.850136 53.412072 0.788994

4.2.2. Effect of Different CO Concentrations

As stated CO concentrations had three different type of effect on R. rubrum: substrate limitation,
inhibition and lag phase length change. In this sub-chapter the first two of these effect is invesigated
under both dark and light conditions, states L2 and D1, with acetate and CO available. Data presented
on Figure 4, collected by Godoy et al. [4] is used.

Under Light Conditions - L2

The same three models as before, Equation 2, 3, 4, were applied to the available data. The case with no
CO provided was removed, as this represents a different state, L1°. In cases with CO partial pressures

°L1is photoorganoheterotrophy, photosynthesis with only acetate available, while L2 is chotolithoheterotrophy with CO
as electron donor and acetate as carbon source.
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between 0.2 bar and 1 bar, as previously noted, a second growth phasestate L3 occurs, but it does not
influences the maxium growth rate®.

1.75 4

1.25 4

u [day~']

0.75 4

0.25 4

@ Experimental Data
—— Monod-Jerusalimsky (R*=0.837)
Haldane (R*=0.841)
0.00 —— Aiba (R*=0.887)

0.0 0.5 1.0 15 2.0
CO [mmol - L7Y]

Figure 11: Effect of different initial CO concentrations on the growth rates in state L2

During the model fitting, the the 11,4, value, as before, had an upper bundary set to 2 day™!, to avoid
overfitting. All CO values expressed in the study as bar partial pressures were converted to mmol - L*
dissolved in the medium, assuming 30°C and saturation, with no growth limitation by slow dissolution
rate.

Table 7: Parameters of the different growth models fitted to describe the relationship between CO
concentrations and growth rates under light conditions

Model k2 K sL,%o K i%o R2

Monod-Jerusalimsky 2 0.017311 1.824217 0.837016
Haldane 2 0.020261 1.806859 0.841138
Aiba 2 0.024667 2.460851 0.887359

Dark Conditions - D1

For the dark condtions, the same steps were taken as for light one. First the already presented three
growth models were fitted to the experimental data from the study by Godoy et al.[4], as shown in
Figure 12.

The presence of L3 state does not interfere with using the data to investigate the maximum growth rate of L2, as in all
cases the highest growth rate occurred during the L2 phase.
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Figure 12: Effect of different initial CO concentrations on the growth rates in darkness in state D1

This time, there was no need for establishing upper boundaries for possible ji,,4, values to avoid

overfitting, as the best fit was achived by 1.2 day, which is completly realistic. The three different

growth models performed almost identiacally as shown in Table 8.

Table 8: Parameters of the different growth models fitted to describe the relationship between CO

concentrations and growth rates under dark conditions

Model ubt

Monod-Jerusalimsky 1.318469
Haldane 1.292677
Aiba 1.208838

4.2.3. Effects of Different Light Intensities

KPho
0.024245

0.023771
0.015302

Ko
1.214974
1.239220

1.849109

R2

0.888873
0.888873
0.901353

Since the exact relationship between the growth rate of R. rubrum and light intensity has not yet been
studied in detail directly, data from the study by Ross et al. [25], presented earlier in Section 2.3.3,
describing the relationship between light intensity and Rhodopseudomonas growth, are used as a

proxy.

As before, the models, Equation 2, 3, 4, were fitted to the experimental data from the study, shown in

Figure 13.
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Figure 13: Specific growth rate of Rhodopseudomonas palustris as function of irradiance from the

study done by Ross et al.[25]

The maximum growth rate was bounded at a 1.5 day* again to avoid overfitting.

Table 9: Parameters of the fitted growth models for different irradiance levels

Model Hmaz Ks KZ R2

Monod-Jerusalimsky 1.5 48.455595 764.124656 0.700162
Haldane 1.5 51.969675 695.639110 0.713733
Aiba 1.5 50.255411 977.011214 0.756904

4.3. Lag Phases

4.3.1. Lag Phase Parameters

To investigate the relationship between CO concentrations and the length of lag phases in states L2

and D1, three different expressions, Equation 10, 11, 12, were tested”.

First Order:
Lag=Fk-Ceoo
Second Order:

Lag =k - Céo

"Originally, an additional +« parameter was included at the end of all three expressions to allow a vertical offset for better
fits. However, it was not needed, as in both light and dark cases, the best fits were obtained with zero or near-zero «

values.
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Exponential:

Lag =k -exp(B-Cco) (12)

Under Light Conditions - L2

The expressions describing the different possible relationships between dissolved CO concentrations
was fitted to the light case of the experimental data of Godoy et al.[4], shown in Figure 14.

1.4

1.2

1.0

0.8

Lag [day™!]

0.6

0.4 1

0.2

® Experimental Data
—— First Order (R*=0.770)
—— Second Order (R?=0.883)

0.0 —— Exponential (R*=0.953)

T T T T f
0.0 0.5 10 15 2.0
€O [mmol - L]

Figure 14: Effect of different CO concentrations on the length of the lag phase in state L2
The parameters of the fitted experessions are shown in Table 10. Both the second order and the

exponential expression provides a good fit to the experimental data, although the former only needs
one, while the latter two parameters fitted.

Table 10: Parameter of the different expressions aiming to describe the relationship between lag
phase length and CO concentrations, under light, in L2 state

Model kL2 /L2 R2

First order 0.464866 - 0.770475
Second order 0.263050 - 0.882740
Exponential 0.079721 1.274285 0.953441

Dark Conditions - D1

The same steps as for the light case was done for the dark, shown in Figure 15.
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Figure 15: Effect of different CO concentrations on the length of the lag phase in darkness, in state D1

Both the second-order and exponential expressions describing lag phase lengths again provided a
good fit to the experimental data from the study, show in Table 11.

Table 11: Parameter of the different expressions aiming to describe the relationship between lag
phase length and CO concentrations, under darkness, in D1 state

Model kD1 pP1 R2

First order 16.336231 - 0.745516
Second order 23.000268 - 0.968909
Exponential 0.652559 3.839064 0.995233

4.3.2. Lag Phase Functions

In the model, when a metabolic state is inactive or in its lag phase, its growth rate is set to zero.
Determining whether a specific metabolic state is active follows the procedure described in Section 4.1.
Once a state is identified as active, the model distinguishes between the lag phase and the growth
phase using the lag phase functions. These functions are represented by Heaviside step functions
that take a value of zero until a defined period has elapsed after the condition for the given metabolic
state, defined in Equation 9, first becomes true. The duration of the lag phase is either a constant 7,
based on the values reported by Godoy et al. [4], or a function of the CO concentration, as described
by the exponential relationship introduced earlier in this section. After this period, the function value
changes to one. The model assumes that each metabolic mode occurs only once during a run cycle or,
if interrupted, only for a short period. Brief interruptions, for example those caused by low volumetric
mass transfer rates, are not assumed to reset the lag phase. The lag phase functions are described by
Equation 13, 14, 15, 16.
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1, t>711+to11
Hpq(t) := (13)
0, t<0
, t>kpy-exp(Br2 - Coo) + to,r2
HLQ(t) = (14)
0, t<0
, t=>T1r3+torLs
Hyg(t) = (15)
0, t<0
1, t>kpi-exp(Bp1-Cco) +to,p1
HDl(t) = (16)
0, t<0

Where t( values are the first time when the coditions for a given metabolic state became true.

4.4. Growth Rates

The growth rate for each metabolic state is defined using logic statements. As previously noted, at
any given time, no more than one metabolic state can be active, all others are false, resulting in zero
growth rate in those. When the logical condition for a specific metabolic state is true, and the lag
phase has passed, its growth rate is assumed to be limited by the concentrations of its substrates,
acetate and light for L1, acetate, CO, and light for L2, CO,, H; and light for L3, and acetate and CO for
D1. Inhibition effects, as discussed in Section 4.2.1 and Section 4.2.2, were incorporated for acetate,
CO, and irradiation by extending the Monod model to the Aiba formulation through the inclusion of an
exponential multiplier. The inhibitory effects of acetate for L1 and D1 states, and CO, and H; for L3
were not considered due to insufficient literature to characterize them. The lag function H;, aimed to
simulate the time needed for the bacetria to aclimatize itself for the new envrionmental conditions,
can either take the value of zero or one, see Section 4.3

If L1is true:
CuacE Irr —Irr
pr1 = pry : cexp | —77— | - Hra(t (17)
= CACE + Ks[:,lACE‘ Irr + Ks[:}rr Ki[,/IlTT ( )

Otherwise: 1 =0
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If L2 is true:

JiLg = CuacE ' Cco . Irr - exp —CucE n —Cco —Irr
1 Cacp+ KRy Coo+ KBy Irr+ KL Ker  Kléo K.
(18)
Otherwise: 2 =0
If L3 is true:
Cco, ChHh, Irr —Irr
Hrs = (s : : - exp | —— | - Hrs(t (19)
B Coon+ KT8y, Cm+ K, Tk, “P\&H, :
Otherwise: urs =0
If D1 is true:
Cace Cco —Cco
Up1 = Upi : -exp | —=5— | - Hp1(t) (20)

Otherwise: up1 =0

4.4.1. 0D660, Biomass and Yields

Most existing studies do not provide continuous biomass concentration data that could be used to
calculate yields, in terms of consumption or production per unit biomass change. If the storage
polymer concentrations are negligible, it can be assumed that volatile suspended solids (VSS) and
biomass are equivalent.

Studies by Cerrutietal. [30] and Godoy et al. [4] include data on the relationship between absorbance at
660 nm (OD660) and VSS. Cerruti’s study compares OD660 and VSS values, showing a linear relationship
between them, while Godoy’s study provides a set of VSS-0D660 value pairs for both dark and light
runs, at the end of the reactor run of a series of different dark and light reactor experiments.

Figure 16 shows the three data sets with fitted lines. The large discrepancy between the slopes of the
fitted lines of Cerruti’s data, Godoy’s dark data set, and Godoy’s light data set may be explained by
the fact that the latter was fitted at higher concentrations only, where the linear relationship may no
longer hold.
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Figure 16: Relationship between absorbance at 660 nm and volatile suspended solids concentrations

for the three data sets

When the OD660 value is zero, it is logically assumed that the VSS concentration is also zero. Since the
line fitted to Cerruti’s data is the closest to the origin, it can be considered the best approximation, at

least for lower concentrations. The functions of the fitted lines are shown in Table 12.

Table 12: Fitted linear function of OD660 versus VSS

Data Set VSS [mg - L]

Light-N2-Cerruti 411.18 * OD660 - 7.46

Light-CO-Godoy 262.41 * OD660 + 169.06

Dark-CO-Godoy 350.90 * OD660 - 25.92

R2

0.99
0.94
0.99

Using the Light-N2-Cerruti function, VSS values can be generated for the data set presented in Figure 2

from the corresponding OD660 values. These can then be further converted to biomass concentrations,

expressed in C-mmol/L, using the average biomass composition of C;H; 80¢.38No.18P0.014 [12]. Yields

can be calculated from the same data set using Y = AS/AX . It was found that, instead of calculating

yields from the change between two consecutive measurements, using the change over the entire

interval of a metabolic state, including the lag phase, provides the most realistic values. The resulting
yields for substrates and products of the different metabolic states are presented in Table 13.
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Table 13: Yield coefficients for the four metabolic states

Parameter L1 L2 L3 D1

Y_ACE -033 -026 O -0.36
Y_CO 0 -3.89 -0.22 -8.75
Y_CO2 436 296 -0.56 7.45
Y_H2 0 347 -2.13 8.46

4.5. Mole Balance Equations

Mole balances were formulated for biomass and the potential substrates associated with the four
defined metabolic states. It is assumed that ammonium is present in excess in the medium, and
nitrogen fixation does not occur. Similarly, phosphate and all other essential nutrients required by R.
rubrum are considered to be present in excess. Yields were calculated in Section 4.4.1.

Since gases in the bioreactor exist both dissolved in the liquid phase and in the headspace, separate
equations are made for CO, CO,, H, in each phase. The corresponding Henry’s law constants to
calculate their saturation concentration, H¢&,, HE,, Hiy, , are calculated in Section A.2, volumetric
mass transfers, kLaco , kLaco, , kLap, is caculated in Section A.3.

Biomass:

dX
T X (pra + pr2 + prs + o1 — ) (21)
Acetate:

dCacE
dt

=X (MLl Yibp + nnaYide + prsYile + MDIYADCI’E) (22)
CO (liquid):

dCCo .
dt

X (uLch% + 1L2YES + pisYES + nom YD ) + kLaco (HEG - C&6 — Ceo) (23)
CO (gas):

dCZ5
dt

as Vz
= —kLaco (Héco . Cg‘O — Cco) . (Vl il ) (24)
gas

COs, (liquid):

d0002

w =X (MLch%? + praYE, + peaYEd, + MDch%g) + kLaco, (H(C;C@ - CEo, — CCOz)
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COs (gas):

dCco, _ ~kLaco, (Hp, - CE5, - Cco,) - Vg (26)
dt 2 COq COs 2 ‘/gas

Hs (liquid):

dC,

T X (,uLlyfi,1 + ML2Y1{722 + ML3Y1§23 + MDlYI?QI) + —kLam, (Hﬁz -OF — CH2> (27)

Ho (gas):

acg:

cc as ‘/lz
= —kLag, (Hf, - — Cim,) - <q> (28)

‘/zyas

4.6. Model Parameters

Ideally, system identification would involve running a large number of reactors to determine, new
precise half-saturation and inhibition coefficients for the specific strain, reactor setup, medium, and
lighting conditions. However, this is beyond the scope of the present work. Instead, data from existing
literature were used, already presented above. Here, in Table 14 all the different groups of parameters
and the source of their assigned values are summarized.

Table 14: The list of parameters of the model

Group Variable Names Notes
Maximum P, s, s, wpix These values can be determined by
Growth Rates: fitting the model to the collected data.

However, given that the medium and
setup are similar to those used by
Godoy et al. [4], it can be assumed that
the maximum growth rates are
approximately "% = 1.5 day™?,

pps =2 day’?, ups* = 1.5 day’,
pwpax =1.2 day!
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Group

Half-
Saturation
Coefficents

Inhibition

Coefficents

Yield
Coefficients:

Delay
Coefficents:

Variable Names

L1 L1 L2 L2
KS,ACE’K KS,ACE’K O»

s, Irrs S,

L2 L3 L3 L3 D1
Ks,]rr’ KS,COQ’ KS,HQ’ KS,IT‘?"’ KS,ACE’

D1 D1
KS,C'O’ K

s, Irr

L1 L2 L2 L2 L
K; K Gcp Kicor K, K[}

i, Irr> i i Irrs “ 2 Irrs

D1
K;co

2

L1 L1 L1 L1 L2 L2
YACE’ YCO’ YCOQ’ YH2 ’ YACE’ YCO’
L2 L2 L3 L3 L3 L3
YCOQ’ YH2 4 YACE’ YCO’ YCOQ’ YH2 )
D1 D1 D1 D1
YACE’ YCO’ YCOQ’ YH2 ’

TL1, 713, kL2, Br2 » kp1, Bp1

30

Notes

With the limited literature available, it
is assumed for now that the
light-related half-saturation and
inhibition coefficients (K 1y, K 1rr)
are the same for all metabolic states.
Other coefficients for states L2 and D1
have been determined in Section 4.2.
For state L1, st}lCE = 0.05 mmol/L is
used based on [30]. There is insufficient
information on KSL%OQ, KSLE’{Z, for now,
itis assumed that there is a minimum
substrate limitation, and they have a

value of 0.01 mmol/L.

These coefficients have all been
determined in Section 4.2. Inhibitions
presentin states L1 and L3 were
excluded from the growth model due to
insufficient data. Unlike half-saturation
coefficients, which influence every
growth cycle as the corresponding
substrate is depleted, inhibition is not
always present and would therefore
require significantly more data to
estimate.

Rough yield values for the different
metabolic states have been
deterimined in Section 4.4.1.

Delay coefficients for states L2 and D1,
as a function of CO concentrations,
have been determined in Section 4.2.2.
Data are also available for 7,1 =0.12
days and 7.3 = 0.4 days [4]. It has to be
noted that these constant values are
based on single runs from [4], so they
might not be very accurate.



Group Variable Names Notes

Thresholds: OacE, 0co, 0c0,, Oy, 058 With the exception of 654, , all of these
thresholds are used by the model to
determine the active metabolic mode
at the point where substrate limitation
prevents further growth. Therefore,
Oack,bco,bco,,0m, Were assigned an
arbitrarily low value of 0.1mmol /L,
serving only to indicate the presence of
the substrate in the system. In contrast,
0S4 has a biological significance,
indicating whether the CO
concentration is low enough to allow
growth on H, and CO, . Based on
literature [4], this value is
approximately 0.2 mmol/L.

Death rates: dde fault Since in the current model this value is
only applied when no growth occurs, it
is not very relevant from a modeling
perspective. Therefore, for now it is
assumed to have a somewhat arbitrary
value of 0.3 day.
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5. Results & Discussion

5.1. Comparing the Model to Training Data

Approximately two-thirds of the data used in the model were extracted or extrapolated from the time
series reported by Godoy et al. [4]. It is therefore reasonable to compare the model with this dataset
in order to obtain an initial assessment of its precision and accuracy under optimal conditions. The
results of this comparison are shown in Figure 17.

Out of the few values that were estimated and not the result of model fitting in Table 14, the only
necessary adjustments concerned the maximum growth rates. In Section 4.2.1, estimated maximum
growth rate were set to approximately 20% higher than the highest measured specific growth rates
of their respective study to avoid overfitting. These values were subsequently adjusted to p75* =5
day?, pirax = 0.15 day™ during simulation.

Asshownin Figure 17, the most obvious discrepancy is that at higher biomass concentrations the model
systematically underestimates the observed biomass concentrations. Thisis assumed to be mainly due
to the fact that these biomass concentrations were extrapolated from OD660 values (see Section 4.4.1),
where it was noted that the relationship between absorbance and biomass concentration does not
appear to remain strictly linear across the full range of concentrations. Another possible contributing
factor is that the calculated yields may be systematically higher than in reality, for instance, if they
include the effects of unrelated processes occurring either at the beginning or the end of the growth
phase in a given metabolic state.

Apart from the absolute biomass concentrations, the shape of the growth curves, the characteristics
of the metabolic states, and the lengths of the lag phases are all reasonably close to the measured
values. Likewise, the predicted substrate concentrations agree well with the experimental data, with
even the largest discrepancies remaining within +30%.

Unfortunately, the approximate nature of the yield values makes the evaluation and sensitivity analysis
of the potentially more accurate half-saturation and substrate limitation coefficients impoossible, as
their effect compared to the effect of the stoichiometric yields is negligible. As long as their order of
magnitude is correct, they do not have a large effect on the model’s behavior.
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The big advange of the presented approach is the transparency of the source of different values, which
should in principle be reusable in other models. The presented model includes 57 parameters, 49
of which are related to microbial growth. Of these 49, only nine parameters whice were no directly
calculated or derived from the literature required adjustment (parameters releated to growth rates
and thresholds).

An alternative approach to parameter determination would be to treat either all, or a subset of the
parameters as completely unknown, values constrained within predefined realistic intervals, and then
fit the model to the available data. However, due to the limited data, many parameters, such as lag
phase duration, growth rates, and yields, are difficult to estimate reliably because of their complex
interdependencies. While such an approach might yield better predictive results for the training set,
its reusability would be limited. By contrast, the model based on individually calculated parameters,
although less accurate both with respect to its training data and also possibly to new cases, is overall
more flexible. For example, small changes in environmental input parameters are unlikely to affect its
predictive performance as significantly.

5.2. Reactor Runs

To assess the potential of the model in describing the behavior of R. rubrum, three distinct reactor
runs were conducted using the experiment setup presented in Section 3.

All three reactor runs began with medium containing 10-11 mmol/L acetate and approximately 1.3
c-mmol/L biomass extrapolated from the measured OD660 values as described in Section 4.4.1. Two
of the three were illuminated with an average of 40 W/m? of filtered light. Two of the three, one dark
and one light, were supplemented with a 73% CO - 27% N, gas mixture, while the third contained only
N, in the headspace. The results of these runs are shown in Figure 18.

In the ‘Light - CO at 0.0 bar’ run, corresponding to L1 growth on acetate alone, the results behaved as
expected. However, a small amount of growth was observed even on day 7, three days after acetate was
completely depleted. This may be explained by the presence of residual carbon sources (e.g. succinate
from the inoculation medium or starch extract) or by measurement errors, potentially amplified by
biomass estimates extrapolated from OD660 values.

In the ‘Light - CO at 0.7 bar’ run, L2 growth on acetate and CO was observed, but the expected subse-
quent transition to L3 (growth on CO, and H;) did not occur, despite CO concentrations being below
inhibitory levels. One possibility is that from day 5 onwards the system had entered an extended lag
phase of L3, however, literature reports suggest that the L3 lag phase typically lasts less than a day [4].
Alternatively, some form of inhibition not yet considered may have prevented L3 growth. A further
possibility is that L3 growth did occur but went undetected due to the three-day measurement gap
caused by a weekend laboratory closure, although the final biomass concentration is closer to what
one would expect after a single L2 growth phase..

In the ‘Dark - CO at 0.7 bar’ run, intended to investigate the D1 state (growth on acetate and CO under
dark conditions), the results diverged entirely from expectations. The bacteria utilized available CO
(likely with the glucose from the starch extract as R rubrum cannot growth chemolithoautotrophically)
for growth, leaving acetate untouched. This theory is supported by the small increase of the measured
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acetate concentration on day 2, as acetate is a fermentation product of glucose. In other published
literature [4], [6], using similar medium composition and reactor setup, however the acetate was
utilized during growth.

Light - CO at 0.0 bar Light - CO at 0.7 bar
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Figure 18: Collected experimental data and the assumed phases of R. rubrum

In Figure 19, the predicted biomass and acetate concentrations for the light conditions, both with
and without CO, follow the experimental measurements fairly closely. For gases, CO, production
in the ‘Light - CO at 0.0 bar’ setup began after one day, however, following the weekend where no
measurements were done, it could no longer be detected. This may indicate that R. rubrum utilized CO,
for growth in a metabolic state not considered in the model, that the CO, production yields assumed
for L2 are higher than in reality (almost certainly the case), or that contamination occurred and another
microorganism consumed the CO,.

In the ‘Light - CO at 0.7 bar’ setup, a measurement error occurred on day 6, when excess pressure
above 1 atm was accidentally released before sampling. This at least partially explains the discrepancy
between measured and predicted values of the gas concentrations, although even on days 1 and 2
the measured concentrations were already below model predictions. Hydrogen concentrations in
all cases proved difficult to measure, likely due to a combination of factors: limitations of the gas
chromatography procedure, as well as effusion losses from the syringe, since an average of three days
elapsed between sampling and analysis in the cold cell.

For the ‘Dark - CO at 0.7 bar’ setup, the model predictions were entirely inaccurate. Contrary to
expectations, growth occurred exclusively on CO rather than acetate, and no lag phase was observed.
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5.3. Preliminary Comparison of Possible Optimization Strategies for Maximum
Biomass Production

Although the collected data do not fully support the current model, particularly under dark conditions,
further investigation is needed to identify additional metabolic states and the conditions that enable
them. A short qualitative comparison of R. rubrum biomass cultivation can nevertheless be made,
with the important caveat that the model requires extension.

For instance, if the observed growth on CO (plus most likely starch extract) under dark conditions
is indeed attributable to R. rubrum, lets call this a hypothetical D2 state, this would leave acetate,
C0,, and H; available at the end of the growth phase, thereby enabling growth from state DO_L1* as
shown in Figure 8. Incorporating this extended pathway into the model would not fundamentally
alter the bacterium’s overall behavior, but it would result in greater acetate availability for subsequent
growth phases. Consequently, the L1* phase, normally a relatively short stage dedicated to consuming
residual acetate, would become longer and more significant.

L1 |
(acetate) ;l CT012
[acetate, CO2] | oz |
L2 e
(acetate, CO) o T2 |
[acetate, CO, CO2, | [CO, H2, CO2] |
H2]
AA N =
L1 L3 |
(acetate) (H2 CO2) =| }-T
[acetate, CO2, H2] [H2, cO2] | |
| DO_L1* |
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H2] o Light On Light Off
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(co) | [cozhna Torminal Light Off -
[acetateh(zi]o, co2, ( W SR ermina New State

Figure 20: Modified flow chart of the different metabolic states

For the following analysis, results requiring the introduction of new metabolic states are disregarded,
and itis assumed instead that environmental conditions restrict growth to the metabolic states already
implemented in the model.

To compare different scenarios, several simplifying assumptions were made. The medium volume
and acetate concentration were fixed at 0.5 L and 10 mmol/L, respectively. When illumination was
applied, it was assumed to be at maximum usable intensity without inhibition (approximately 200
W/m,). Three different initial CO partial pressures in the headspace were tested: 30%, 60%, and 90%.
Evaluation metrics included total reactor runtime, final biomass concentration, the percentage of
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runtime under illumination, and the average biomass production rate, defined as the final maximum
biomass concentration divided by reactor runtime. Complete substrate utilization was prioritized.
Thus, although the biomass production rate is highest during the L2 state (growth on acetate, CO, and
light), the reactor was not stopped after this phase but allowed to continue into the L3 state (growth
on CO, and H,) until maximum biomass was reached 8.

Three optimization approaches were considered:

+ L2-L3: Baseline scenario with continuous illumination. The reactor begins in L2, utilizing acetate
and CO, and transitions naturally into L3, consuming the H, and CO, produced earlier.

+ D1-L3: The reactor beginsin the dark (D1, growth on acetate and CO). Once maximum biomass
is reached, illumination is switched on, allowing growth to continue in L3.

« D1+L3: A two-reactor setup. One reactor operates continuously in the dark, while the other
remains illuminated. When the dark reactor (D1) reaches maximum biomass, the biomass is
settled, and the remaining medium and gases are transferred to the illuminated reactor, which
continues growth in L3. Unlike D1-L3, this approach assumes elimination of lag phases.

The results of these optimizations are shown in Figure 21. As expected, total growth time increased
with higher initial CO concentrations. The only exception occurred with 90% CO in the continuously
illuminated L2-L3 setup, where residual acetate concentrations at the end of L2 were sufficiently high
to inhibit the L3 phase. Final biomass was consistently highest, though only marginally so, in the
continuous L2-L3 scenario, apart from the aforementioned exception. This can be explained by the
fact that state D1 consumes almost twice as much CO and one and a half times as much acetate per
C-mmol of biomass as L2. However, D1 also produces larger amounts of CO, and H,, which prolong L3
growth, resulting in nearly identical total biomass production in the end across scenarios.

The percentage of runtime requiring illumination was lowest in the D1-L3 scenario, but this was
primarily due to the extended lag phases in D1. For the same reason, D1-L3 also produced the lowest
biomass production rates across all CO concentrations.

In summary, if a two-reactor system is feasible, the D1+L3 setup at high CO concentrations appears
optimal, achieving production rates comparable to the continuously illuminated L2-L3 system while
reducing illumination time by approximately 20%. If such a setup is not feasible, D1-L3 achieves about
half the production rate and requires only half the illumination of L2-L3. However, because L2-13
produces the same total biomass in a shorter time at comparable cost, it remains the more efficient
option in most cases.

8|f the primary objective is to maximize biomass and/or H, and/or CO, production as rapidly as possible, and sufficient
medium, electricity, and CO are available, then the most effective strategy is simply to operate the reactor in the L2 state
and initiate a new batch once this phase is completed. Implementing this approach in a controlled continuously stirred
reactor could be particularly interesting. The L2-L3 setup with an initial CO concentration of 90%, in which the L3 state is
inhibited by residual CO, illustrates this scenario in Figure 21.
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6. Conclusion & Further Research

6.1. Conclusion

The main goal of this thesis was to develop an expandable mathematical model capable of describing
the growth of R rubrum on different substrates and across various trophic modes. The literature review
revealed that most existing research focuses on the organism’s potential for hydrogen and bioplastic
production, particularly its growth on VFAs and CO under illuminated conditions. For this reason, the
model developed in this work was designed to describe the growth of R. rubrum under these limited
environmental conditions, focusing on the relationship between CO and acetate concentrations,
varying light levels, and anaerobic conditions.

After reviewing existing predictive microbiology models, it was determined that, for engineering pur-
poses, an unstructured approach assuming constant bacterial properties would be most appropriate.
However, as a possible future extension, the incorporation of variable lag phase durations and growth
rates as the cells acclimate to environmental conditions is recommended.

Using published experimental data, the Monod-lerusalimsky, Haldane, and Aiba models were fitted
to describe R. rubrum growth under photolithoheterotrophic conditions in light and chemolitho-
heterotrophic conditions in darkness, both using acetate as a carbon source and CO as an electron
donor. These conditions are referred to as the L2 and D1 states in this document. The fitting resulted
in a set of reusable half-saturation and inhibition coefficients, most of which have not been previously
published. Available coefficients from the literature primarily concern photoorganoheterotrophic
growth with VFAs serving as both carbon source and electron donor [18], [30]. In all cases, the Aiba
model provided the best fit and offered a suitable balance between model complexity and usability.

Similarly, published data were used to determine the effect of initial CO concentration on lag phase
duration for the same two growth states. The data were fitted with three functions, a first-order, a
second-order, and an exponential, with the exponential relationship providing the closest fit. The
resulting coefficients could be reused in other modeling efforts as initial estimates, later refined for
specific R. rubrum strains or experimental setups.

The stoichiometry of the growth reactions for four metabolic states was also determined from the
available literature. Many of these values have not been published before. The values presented are
approximate and they are likely only meaningful when compared relative to one another and are
probably not directly transferable to other systems.

The literature review also showed that several mathematical models for R. rubrum already exist,
although most focus on a single trophic mode with a single substrate, and when both light and dark
phases are considered, the dark phase is often treated as a no-growth period because of its relatively
slow rate compared with photosynthesis. A few studies describe the utilization and order of utilization
of multiple VFAs as substrates in a single thropic mode or model competition between R. rubrum
and other aerobic and anaerobic bacteria under different environmental conditions, but they do not
differentiate between specific substrates or trophic modes for example within photosynthesis [26],
[28]. The model proposed in this thesis could be used to extend such approaches or serve as a bridge
between them by integrating detailed, low, process-level data with higher-level engineering models.
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Once the derived coefficients were incorporated into the mathematical model, its performance was
evaluated against the dataset from which most parameters were obtained. This dataset served as the
equivalent of training data. The model accurately predicted the different metabolic states at given
times, peak concentrations, and substrate dynamics but also consistently underestimated biomass
concentrations. This discrepancy was likely due to biomass values being extrapolated from absorbance
measurements, which also affected the calculated yields for the different metabolic states. These
yields were probably overestimated. Nevertheless, the test demonstrated that the model can capture
the dynamic behavior observed across multiple metabolic modes.

The final version of the model was then validated against an independent dataset collected using a
different R. rubrum strain and a slightly modified medium that included both dark and light conditions
with varying CO concentrations. The model reproduced biomass, acetate, and CO concentrations
reasonably well but consistently overestimated CO, and H, production in the L1 and L2 states. These
discrepancies can be partly attributed to measurement methods and frequency, possible experimental
setup errors, sample storage conditions, and the three-day sampling gaps over weekends due to
laboratory closures. Under dark conditions, however, the observed dynamics diverged completely
from model predictions. Growth occurred on CO and likely also on unmeasured fructose present in
the yeast extract of the medium, while acetate concentrations remained constant. This may indicate
the presence of an unaccounted metabolic state or contamination by another microorganism.

A rough comparison of different reactor configurations was also conducted. The results suggest that,
if the goal is to maximize biomass production without limitations on substrate or electricity, the most
effective approach is to operate a single illuminated reactor in the L2 state (using acetate and CO),
discarding CO, and H, once the phase concludes. If the goal is to minimize electricity consumption and
utilize all available substrates, the best option is a two-reactor system: one maintained in the D1 state
(acetate and CO in the dark, producing CO, and H), followed by settling the biomass and transferring
the medium and gases to a second illuminated reactor operating in the L3 state (using CO, and H,).
This setup eliminates lag phases, as each reactor’s microbial population is already acclimatized to its
respective conditions at the start of each batch. If a two-reactor system is not feasible, the second-best
option is continuous illumination, starting in L2 and transitioning into L3. This configuration is faster
and requires a similar total energy input compared to the D1-L3 approach, where growth begins in
the dark and illumination is introduced later.

6.2. Further Research

Further possible research topics can be divided into two categories: investigation of the metabolism
and growth of R. rubrum, and mathematical approaches to describing its behavior.

Potential questions related to metabolism and growth include:

« As noted before, several parameters remain insufficiently studied, even with the limited envi-
ronmental conditions used in this report. These include temperature, pH, alternative carbon
sources, and the effect of syngas composition, particularly the influence of varying CO, and
H, concentrations. This is especially important for the L3 state, photolithoautotrophy, where
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they serves as the electron donor and the carbon source. The role of other, as yet unidentified,
compounds that may inhibit R. rubrum growth present in real syngas should also be examined.

+ The experiment conducted under dark conditions with CO supplementation suggested that,
in addition to metabolic states associated with alternative carbon sources, further states may
exist. One possible additional state, referred in the document as the D2 state, may for example
represent another form of chemolithoheterotrophy utilizing CO and glucose from the yeast
extract. Identifying all possible metabolic states, at least using combinations of the available
compounds and environmental conditions in the reactor would be important for a reliable
model.

The presented mathematical model could be improved in multiple ways:

+ Incorporating new experimental data on metabolism and growth directly into the model. This
includes implementing inhibition functions for all relevant substrates in every metabolic state,
not only for those where data are currently available, and accounting for storage polymer
production and consumption.

+ Expanding beyond pure culture cultivation. Pure cultures are rarely ideal for industrial applica-
tions because they require sterilized media and tightly controlled conditions. While detailed
modeling of additional microorganisms may not be necessary in the model, identifying con-
ditions under which R. rubrum remains dominant and incorporating this knowledge into the
model would make it more realistic.

+ Considering the use of structured models that rely more directly on metabolic networks. Such
models could provide biologically more accurate predictions than the current unstructured
approach.

+ Replacing the batch setup with a continuous reactor configuration. Continuous systems are
more relevant for industrial applications and would also simplify sampling and data collection,
improving both precision and reproducibility.

+ Improving numerical methods. The current Python model uses the standard Runge-Kutta-Fehlberg
method to solve the system of differential equations. Unfortunately, at low substrate concentra-
tions and high biomass and substrate consumption rates, if the simulation resolution is not
sufficiently high, substrate concentrations can become negative within the discretized time
step, even when minimum thresholds for growth are enforced. This issue can be mitigated
by increasing the resolution, but doing so is computationally expensive and makes later
optimization impractical. In last two decade, a new method called automatic differentiation
have gained popularity for solving differential equations, offering (near-)exact solutions for
complex, stiff problems at a fraction of the computational cost. Re-implementing the current
model with such solvers could therefore provide significant benefits.
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A. Further Model Details

A.1. Other Possible Parameters

Here, some parameters with data extracted from existing literature are presented, but were ultimately
not included in the model due to the high degree of uncertainty.

A.1.1. Effect of Magnesium

The study by Xu et al. [7] investigated the effect of different magnesium concentrations on the growth
of R. rubrum °. Growth was observed even without magnesium supplementation, which is reasonable
given that the wastewater from the soybean factory likely already contained some magnesium.
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Figure 22: Effect of different magnesium concentrations

Since the growth rate was not zero at zero concentration, an offset was required in the mathematical
model. This offset, 1, was assigned the value of the growth rate measured at zero concentration

and was incorporated into the three mathematical models compared, shown in Equation 29 - Equa-
tion 31.

_ S K; Ho
# = Hmaz [(S+Ks> (S+Ki)+/~’/ma:c] (29)

The paper does not specify which form of magnesium sulfate was used, therefore, it was assumed to be magnesium sulfate
heptahydrate, its most common form. This assumption is relevant for the conversion from g/L to mmol/L. However, even
if a different form had been used, the quality of the model fits, as measured by R?, would remain unaffected, although
the exact model parameters would differ.
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S Ho
= Hmazx + (30)
p=n S+ K, + % ﬂma:r]
S _S
H= Himaa [(S+Ks> c T MZZJ (31

The results of the model fitting for the different magnesium concentration levels are shown inFig-
ure 23.
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Figure 23: Relationship between supplemented magnesium concentration and specific growth rate

The parameters of the fitted models are presented in Table 15

Table 15: Results of parameter fitting for different supplemented magnesium concentrations.Results
of the parameter fitting of different magnesium concentrations supplemented

Model mu_max K_s K_i R2

Monod-Jerusalimsky 0.837446 0.536410 0.536368 0.840663
Haldane 1.5 1.591317 0.194883 0.903577
Aiba 1.5 1.330574 0.851767 0.936823

A.1.2, Effect of Syngas

Here, the half-saturation and inhibition coefficients for a specific syngas composition are calculated
based on the data extracted from the study by Karmann et al. [8].
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Figure 24: Effect of different syngas concentrations

The gas ratios after dilution are presented in Table 16.

Table 16: Different gas ratios after dilution

Syngas [%] CO [bar] H_2 [bar] CO_2 [bar] N_2 [bar]
20 0.08 0.08 0.02 0.02
40 0.16 0.16 0.04 0.04
60 0.24 0.24 0.06 0.06
80 0.32 0.32 0.08 0.08
100 0.40 0.40 0.10 0.10

The fitted model and the corresponding parameters are presented in Figure 25 and Table 17.
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Figure 25: Effect of differerent syngas concentartions on the maximum growth rate of R. rubrum

Table 17: Results of the model parameter fitting for syngas

Model mu_max K_s K_i R2

Monod-Jerusalimsky 2 0.017947 0.911860 0.796529
Haldane 2 0.022548 0.898873 0.801450
Aiba 2 0.028341 1.272144 0.873381

A.2. Henry’s Coefficents of the Different Gases at 30°C

The temperature dependence of the dimensionless Henry’s law coefficient H.. is given by:

H(T) = H® - exp (- AS;_E‘H @ - T1>> (32)

Where:

« H4(T): Henry’s constant at temperature 7"in K

« HY:value at reference temperature 7° = 298.15 K
« AgoH: enthalpy of dissolution (J/mol)

« R=28.314J/molK

« T =303.15 K (30°C)

Using the Henry’s coffecients from [31] at standard conditions to calculate their value at 30°C:
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Table 18: Input values for Henry’s

Gas H,..[25°C] Ago H [kd/mol] H,..[30°C]
CcoO 0.023 -12 0.0212
COy 0.83 -19 0.731

H, 0.019 -1.2 0.01885
A.3. kLa

Given the relativly slow growth rate of R. rubrum compared to gas disolution, finding a precise volu-
metric mass transfer coefficient is not that important. If the volumetric mass transfer of oxygen as
well as the different diffusivity of the different gases, rough approximation for the k La value for the
different non-oxygen gases [32], [33], [34] as shown in Equation 33

D;
O2

kLa(i) ~ kzLa(Og) (33)

The stirrer was running with an estimated 40 rpm for which the k;a(O-) is approximately 144 day™?,
and the diffusivity if at standard condtion, Hy, = 4.50, CO = 2.03, CO, = 1.92, O, = 2.10.

Table 19: Volumetric mass transfer of the different gases

Gas kLa[day™]

H, 211
co 142
CO, 137

Ultimately, it was found that gas transfer is not a limiting factor for growth, and setting gas transfer
ratios to effectively infinity did not alter the model predictions.
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B. Code

Model version 1.0

Python version 3.12.9

Matplotlib version 3.10.1

Numpy version 2.2.4

Scipy version 1.15.2

Link to code and https://tud365-

collected data my.sharepoint.com/:f:/g/personal/kkiss_tudelft_nl/EIKTSYKXMtZFtR1seWlI-

65UBRCjlh0y23jgpCgl8p3kJ4Q?e=kiRauS
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