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Abstract

The topic of this thesis belongs to the broad eld of algal bio technology. This thesis
presents a holistic approach for the analysis, optimizatio n and design of microalgal
bioprocesses from the systems engineering point of view. This is motivated by the
fact that engineering of biosystems is accompanied by many hurdles in the biological

and experimental eld due to limited mechanistic knowledge and their inherent vari-

ability and complexity. The experimental foundations of th is work were accelerated
by recent advances in systems biology that led to new accurate and quantitative ex-
perimental techniques for the characterization of biosyst ems on the cellular level. A
synergistic approach facilitating the combination of expe rimental and mathematical

methods will provide a systems-level understanding of the m icroalgal metabolism
under uctuating environmental conditions and thereby driv e the development of
sustainable and economically-feasible phototrophic proc esses.

This thesis presents a systematic methodological framework for analysis and design
of microalgal bioprocesses illustrated by the example of b-carotene production in
Dunaliella salinain a lab-scale photobioreactor setup. For this purpose, an integrative
approach is used that applies sophisticated experimental m ethods of systems biol-
ogy to microalgal biosystems to predict how they change over time under varying
input conditions. The approach combines ow cytometry, puls e amplitude modu-
lation (PAM) uorometry and fourier transform infrared (FTIR ) spectroscopy with
classical biochemical methods to enable a coherent view on the metabolism during
the adaptational stress response ofDunaliella salinaunder carotenogenic conditions.
It is shown that the approach is able to identify critical proc ess parameters such as
cell vitality and can provide implications for the optimal h  arvesting time point based
on productivity and culture state.

In the next step, the experimental data is used to formulate ma thematical models
on various descriptional scales. First, a dynamic-kinetic reactor model is formulated
that covers the effects of light and nutrient availability o n biomass growth, internal
nutrient status and pigment fraction in the biomass. A prol e likelihood analysis
is performed to ensure the identi ability of the model param eters and to point out
targets for model reduction. The predicitivity of the propo sed model is proven by
validation against independently conducted experiments u nder different cultivation

conditions.

Second, the kinetic parameters obtained from the dynamic-k inetic growth model are
used to formulate a dynamic ux balance analysis (DFBA) model that allows for pre-
dicting intracellular metabolites by incorporating biolo gical knowledge. It is shown
that the DFBA model is predictive and several model-based pr ocess strategies in fed-
batch and continuous operation mode with the objective to max imize b-carotene pro-
ductivity are suggested and validated experimentally. In th is setup, the model-based
design outperforms the classical batch process signi cantly in terms of biomass and
b-carotene productivity (+187 % and +36 % for the fed-batch and +1120 % and +849 %
for the continuous process).

Furthermore, the applicability of the interdisciplinary w  ork ow composed of exper-
iments and mathematical modeling is applied to Dunaliella parvato investigate the
interspecies variability between the two close relatives i n the Dunaliella genus. The
results of the experimental and computational investigati ons indicate signi cant vari-



iv

ability between Dunaliella salinaand Dunaliella parvain terms of morphological dif-
ferences, the biomass andb-carotene productivity as well as differences in photoac-
climation and photoinhibition.

The integrative work ow of systematic experiments and predi ctive mathematical
models is shown to be an effective approach to better apprehend for complexity of
microalgal metabolism under dynamically changing environ mental conditions lead-
ing to a progressive improvement of phototrophic bioproces ses.



Zusammenfassung

In der vorliegenden Arbeit wird ein hollistischer Ansatz f Ur die Analyse, die Op-
timierung und das Design von mikroalgalen Bioprozessen aus der ingenieurwis-
senschaftlichen Perspektive prasentiert. Diese Vorgehensweise wird durch die Tat-
sache motiviert, dass die Optimierung von Biosystemen durc h fehlendes mechanis-
tisches Wissen, die inharente Variabilit &t und Komplexit & sowie von vielen biol-
ogischen und experimentellen H trden beeintr&chtigt wird. Dank j lngst erzielter
methodischer Fortschritte in der quantitativen experimen tellen Systembiologie wer-
den neue Mdglichkeiten f Ur die akurate Analyse und Charakterisierung von Biosys-
temen auf der zellul aren Ebene eiffnet. Das synergetische Konzept, welches exper-
imentelle und mathematische Methoden kombiniert, f Ghrt zu einem tiefgreifenden
Verstandnis zellul &rer Prozesse auf der Systemebene.

In dieser Arbeit wird die Herangehensweise f Ur die Analyse und das Design von pho-
tosynthetischen Bioprozessen genutzt, welches am Beispid der b-Carotin-Produktion
in Dunaliella salinain einem Laborphotobioreaktor illustriert wird. Zu diesem  Zweck
wird ein systematisch, methodischer Ansatz verwendet, wel cher anspruchsvolle ex-
perimentelle Methoden der Systembiologie auf mikroalgale Biosysteme anwendet,
um deren dynmaisches Verhalten unter ukturienden Umweltbe dingungen zu un-
tersuchen. Diese Methodik verbindet Durch usszytometrie, Pulsamplitudenmod-
ulation (PAM) und Fourier-Transform-Infrarotspektrometr ie (FTIR-Spektrometrie)
mit klassischen biochemischen Verfahren, die eine koharente Sicht auf metabolische
Prozesse wahrend der adaptiven Stressantwort von Dunaliella salinaunter carotino-
genen Bedingungen ermdglichen. Es wird demonstriert, dass mit Hilfe dieses Ver-
fahrens kritische Prozessparameter wie z.B. Zellvitalit at Gberwacht werden k 6nnen,
um somit wichtige Indikatoren f Ur die Bestimmung von optimalen Erntezeitpunkten
basierend auf Produktivit &t und Kulturstatus zu liefern.

Im né&chsten Schritt werden die experimentellen Daten genutzt u m mathematische
Modelle verschiedener Groéf3enordnungen zu formulieren. Daf Gr wird zun &chst
ein dynamisch-kinetisches Wachstumsmodell pr asentiert, welches den Effekt an
veranderlichen Licht- und N ahrstoffbedingungen auf das Biomassewachstum, den
intrazellul aren Nutrientenstatus und den Pigmentgehalt in der Biomass e beschreibt.
Weiterhin liefert eine Pro le-Likelihood-Analyse wichti ge Anhaltspunkte Uber die
Identi zierbarkeit der Modellparameter und zeigt damit auc h potentielle Ziele f ir
Modellreduktion auf. Die Pr adiktivit at des Modells wird durch unabh &angige Exper-
imente mit unterschiedlichen Kultivierungsbedingungen v alidiert.

Basierend auf den Parameterwerten des dynamisch-kinetischen Modells wird nach-
folgend ein metabolisches Modell f ir dynamische Flussbilanzanalyse (DFBA) fo-
rumliert, welches durch die Einbindung von biologischem Wi ssen auch intrazel-
lul &re Metabolitkonzentrationen vorhersagen kann. Es wird de monstriert, dass das
DFBA-Modell einen pr adiktiven Charakter aufweist und sowohl modellbasierte
Prozessfihrungsstrategien fir den Fed-Batch als auch fir den kontinuierlichen Be-
trieb bei maximaler b-Carotin-Produktivit &t experimentell validiert werden kon-
nten. In der modellbasierten Versuchsanordnung konnte sowo hl der Fed-Batch-
Prozess als auch die kontinuierlichen Kultivierungen sign i kant h 6here Biomasse-
und b-Carotin-Produktivit aten erzielen (+187 % und +36 % fir den Fed-Batch sowie
+1120 % und +849 % fir die kontinuierliche Kultivierung).



Vi

Desweiteren wird die Anwendbarkeit der interdisziplin aren Vorgehensweise von
Experimenten und Modellierung auf die Untersuchung der int erspezies-spezi sche
Variabilit at zwischen Dunaliella salinaund der nah verwandeten Art Dunaliella
parvademonstriert. Die Ergebnisse der experimentellen und theo retischen Unter-
suchungen zeigen, dass trotz der nahen Verwandtschaft der Organismen, eine grof3e
interspezies-spezi sche Variabilit at, vor allem im Bezug auf morphologische Un-
terschiede, Biomasse- und b-Carotin-Produktivit &t sowie Photoakklimierung und
Photoinhibition auftritt.

Der integrative Ansatz aus systematischen Experimenten und pradiktiven math-
ematischen Modellen wird als effektives Werkzeug genutzt u m die Komplexit at
metabolischer Prozesse in photosynthetischen Mikroorganismen unter uktuieren-

den Umweltbedingungen besser zu erfassen, was schlie3lich zu einer schrittweisen
Verbesserung von phototrophen Bioprozessen fuhrt.
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» The dynamic-kinetic growth model for Dunaliella salinapresented in Chapter 7
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Fachet et al. (2014. However, the equations contain minor modi cations and
the experimental data as well as the simulation results diff er from the published
version.

e In Chapter 8, the dynamic ux balance model for Dunaliella salinais intro-
duced. The work ow and the majority of the model structure is ta ken from
Flassig et al. (2016. If applicable, the values for kinetic parameters were set to
the estimates obtained in Chapter 7. As already stated above, the equations
contain minor modi cations and the experimental data as wel | as the simula-
tion results differ from the published version. Supportint he implementation
and the simulations was provided by Stef Gladebeck in her Ma ster thesis.

* In Chapter 9, aninterspecies comparison betweenDunaliella salinaand Dunaliella
parvais presented. The applicability of the interdisciplinary w ork ow com-
posed of experiments and mathematical modeling as presented in Chapter 6
and 7 is applied to Dunaliella parvaby using experimental data already pub-
lished in Fachet et al.(2016 and submitted as Fachet et al. (2017).
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Omax Max. intracell. chlorophyll to nitrate ratio
Oeff Photon ef ciency

I Duration of the lagphase

m Speci c growth rate

NMhax Maximal growth rate

Mhet Net speci ¢ growth rate

n Wavenumber

I'chi Chlorophyll density in the reactor

I Next Extracellular nitrogen density

rx Biomass density on dry weight basis

F Description of the lag phase

F psii eff Effective quantum yield of PSII

F psiimax Maximum quantum ef ciency of PSII

Wc Carbon content of biomass

Wchi Chlorophyll fraction of the biomass
WehiN Chlorophyll-nitrogen ratio in the biomass
N Cell quota for nitrogen

W crit Crit. nitrogen cell quota for b-carotene synthesis
WN max Maximal cell quota for nitrogen

WN min Minimal cell quota for nitrogen
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at Optical cross section of chlorophyll a

a Absorption coef cient of chlorophyll

b Absorption coef cient of b-carotene

c Backscattering coef cient of the biomass
E Average photon ux density in the reactor
=) Photon ux density at the reactor surface

Eabs Absorbed photon ux
Ecar,crit Crit. light int. for b-carotene synthesis
Esat Saturation light int. for chlorophyll to nitrate ratio

Eout Transmitted photon ux density

gCg tdw

gChlg ‘dw
gChlg !N

gNg ldw
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mol photons m
mol photons d
nmol photons g
nmol photons m
mol photons m
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Kie Light inhibition coeff. for photosynthetic growth mol photons m g Yawd !
Ks N Halfsaturation coeff. for nitrogen uptake gNm 8
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NPQ Non-photochemical quenching -
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rn Nitrogen uptake rate gNg Ydwd *!
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Chapter 1
Introduction

1.1 Motivation

Microalgae are a diverse group of phylogenetically unrelat ed photosynthetic mi-
croorganisms and are among the most important primary produ cers of organic
matter on the planet. The exact number of algal species remains uncertain, but
estimates vary between 30000 to several million species Guiry, 2012. The diver-
sity of microalgae results from an adaption to the diverse ha bitats they are found
in. Microalgae have evolved to tolerate a wide range of envir onmental conditions
and consequently have proven to be a rich source of genetic and chemical diversity,
comprising among others green algae (Chlorophyta), yellow -green algae (Xantho-
phyta), golden algae (Chrysophyta) and red algae (Rhodophy ta) (Andersen, 1992.
Some microalgal species show a remarkable degree of phenotypic plasticity to ex-
tend their tolerance against a wide range of environmental ¢ onditions, while other
species speci cally adapted to a smaller range (Stengel et al, 2011). Microalgal habi-
tats range from freshwater (e.g.: Chlorella vulgarigMallick et al. , 2011)) to hypersaline
water (e.g. Dunaliella salina(Oren, 2010), at negative temperatures (e.g. Chlamy-
domonas nivaligMorgan-Kiss et al., 2006), above 70*C (e.g.: Synechococcus lividus
(Meeks and Castenhqg 19717)), at pH lower than 2 ( Dunaliella acidophilaPick, 1999)
to alkaline conditions above pH 10 (e.g. Arthrospira platensis(Sanchez-Luna et al,
2007)(Baroukh, 2014).

Currently, a minority of roughly 20 microalgal species has b een used for produc-
tion of biomass and high-value products demonstrating a lar ge de cit of knowl-
edge to fully exploit their potential ( Barra et al., 2014. They have the ability to syn-
thesize a remarkable amount of bioactive compounds of indus trial relevance such
as carotenoids, poly-unsaturated fatty acids, phytosterols, industrial enzymes and
amino acids (Gimpel et al., 2015. In addition, their capacity to grow in saline water
as well as wastewater is particularly interesting, since th ey do not necessarily com-
pete with agriculture neither for land nor for water.

Although microalgae are a promising feedstocks for light dr iven biosynthesis of com-
modities and high-value products, advances in reactor opti mization and strain en-
gineering are needed to achieve pro tability on industrial scale. Techno-economic
analyzes have revealed that the three main in uencing factor s that signi cantly con-
tribute to the overall production costs of microalgal metab olites are i) product con-
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tent, ii) growth rate and iii) biomass density ( Davis etal., 2011). These biological
outputs are determined by a number of constraints including light intensity, nutrient
supply and the unique metabolism of individual species. Impr ovements in all these
areas are major drivers to create economically feasible and sustainable bioprocesses
with photosynthetic microorganisms.

In order to identify the crucial factors in uencing the prota  bility of microalgal pro-
cesses, accurate measurement of a wide range of physiologi@l parameters in depen-
dence of the present input conditions (e.g. light and nutrie nts) are required. This goal
will be supported by the recent advances in spectroscopic and uorescent measure-
ment techniques which aim at characterizing (among others) biomass density, con-
tent and composition of high value products and metabolic in dicators for the cellular
stress response. Although the potential productivities of phototrophic processes seem
promising, many optimization steps are still necessary to a chieve sustainable pro-
duction and compatible prices at commercial scale (Hannon et al., 2010 Gangl et al.,
2015. Mathematical modeling is bene cial for understanding th e nonlinear behav-
ior and organization of complex biosystems. Besides, mathematical models support
rational process design and optimization due to their abili ty to predict unknown or
non-measurable parameters, productivities in terms of bio mass and high-value prod-
ucts and their in uence on system performance and pro tabili  ty.

1.2 Aim of this work

The understanding of the complex interaction between micro algal metabolism in the
course of dynamically changing environmental conditions i s an important prereg-
uisite for the knowledge-based improvement of phototrophi c bioprocesses. In the
present thesis, this task is addressed by a new interdisciplinary approach for the sys-
tematic analysis and optimization of microalgal processes. The approach combines
detailed experimental investigations with mathematical m odeling on different levels
of detail. As a model organism to demonstrate the applicabil ity of the aforemen-
tioned approach, the halotolerant green microalga and comm ercial b-carotene pro-
ducer D. salinais considered.

Within this approach advanced spectroscopic and uorometri ¢ methods were applied
together with uorescent and colorimetric indicators to sys tematically track the mor-
phological and metabolic changes of Dunalielladuring carotenogenesis under various
environmental conditions and in a dynamic manner. These pro perties were linked
with biomass characteristics and economically relevant parameters for biomass and
high-value products such as nal densities, yields on absor bed light and volumetric
productivities. Furthermore, mathematical modeling on di fferent descriptional lev-
els (macroscopic and metabolic models) were formulated and their predictions were
validated against experimental data. Together, the combin ation of these approaches
demonstrated that predictive mathematical models are powe rful tools to improve
bioprocesses signi cantly and provide new production stra tegies for photosynthetic
organisms. The applicability of the phototrophic process ¢ haracterization and design
methodology has been demonstrated for carotenoid producti on in D. salinabut has a
large potential for application to uncharacterized algal s trains and their products of
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interest. The experimental and theoretical methods applie d in this work are schemat-
ically illustrated in Fig. 1.1

Mathematical modeling

Stoichiometric Dynamic Dynamic
network kinetic flux balance
modeling modeling modeling

Analytical platform

Fluorescence Chromatography Spectroscopy

Flow cytometry HPLC FTIR

PAM fluorometry GC

IC
Cultivation in flat-plate photobioreactors
Batch Fed-Batch Continuous

Figure 1.1.: Schematic outline of the thesis. The lower panel depicts the cultivations in at-
plate reactors as a basis to carry out experiments under reproducible conditions. The reac-
tors were operated in different operation modes such as batch, fed -batch and continuous
mode. The biomass obtained in this cultivations is subjected to v arious advanced experi-
mental techniques for monitoring the abiotic stress response on di fferent cellular levels (as
illustrated in the middle panel). The experimental data obta ined in the previous two levels
were used to nd a mathematical representation of the system on d ifferent descriptional
scales.

The thesis consists of ten Chapters. Chapter2 introduces the biological foundations

of pigment accumulation in photosynthetic organisms. Star ting with the biosynthesis

of carotenoids in green microalgae, the physiological role of photosynthetic pigments

such as carotenoids and chlorophylls in photoprotection an d energy dissipation is

introduced. Moreover, the mechanisms of photosynthetic pi gment acclimation under

uctuating light conditions are explained. With the biologi  cal fundamentals in mind,

the most important producers of primary and secondary carot enoids are presented.
The last part of Chapter 2 focuses on the morphology and physiology of D. salinaand
its unique ability to accumulate large amounts of b-carotene.

Chapter 3 presents an overview of the spectroscopic and uorescent tec hniques to
characterize microalgal metabolism during carotenogenesis. Of course, this is done
in view of later applications. Therefore, the fundamentals and measuring principles
of ow cytometry, pulse amplitude modulation (PAM) uorometr y and fourier trans-
form infrared (FTIR) spectroscopy are introduced and their b ene t for monitoring of
phototrophic processes are discussed.

In Chapter 4, existing modeling frameworks for microorganisms are intr oduced. Due
to the scope of this thesis, a special focus is laid on stoichiometric network models and

dynamic-kinetic models based on ordinary differential equ ations. The mathematical
representation of the system are shown as well as an extensive overview of recent
contributions in this eld especially with regard to microa Igae is given. In the last
part of the chapter, the concept of dynamic ux balance analys is is introduced, which

combines the approaches of stoichiometric and dynamic-kin etic modeling.
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The experimental methods used to analyze the microalgal metabolism are presented
in Chapter 5.

Chapter 6 presents a systematic experimental investigation of the adaptational stress
response of D. salinaunder carotenogenic conditions in batch cultivations. In pa rtic-
ular, the in uence of light and nutrients on growth, biomass ¢ omposition and phys-
iological parameters such as cell granularity is studied in a dynamic manner. The
photosynthetic performance under abiotic stress is derive d from maximum and effec-
tive quantum yield as well as non-photochemical quenching a nalyzed by PAM u-
orometry. In addition, the applicability of FTIR spectroscop y for biomacromolecule
composition analysis in D. salinais demonstrated.

In Chapter 7, a dynamic-kinetic reactor model is introduced which was fo rmulated
based on biological knowledge and the experimental data pre sented in Chapter 6.
The application of mathematical modeling enables the deter mination of unknown
kinetic parameters from the experimental data. Special attention was devoted to
the analysis of parameter identi ability which is studied u  sing the pro le likelihood
method. The proposed model is validated against independen tly conducted experi-
ments under different cultivation conditions and veri abl e predictions are given.

Chapter 8 illustrates the application of a metabolic network reconst ruction to pre-
dict biomass composition using dynamic ux balance analysis (DFBA). The core idea
of the approach, its assumptions and its justi cation are dis cussed. In addition, a
metabolic network reconstruction of the central carbon met abolism of D. salinais pre-
sented based on genomic data. The accuracy of the model predictions is validated
through independent experimental data followed by a subseq uent model-based fed-
batch optimization where the biomass and b-carotene density were increased by fac-
tors of about 2.5 and 2.1, respectively. In the last part of Chapter 8, two model-based
continuous operation strategies with a xed dilution rate D were predicted and ex-
perimentally validated. The continuous operation mode, wh ere biomass and pig-
ment content are in steady-state may lead to a major improveme nt in volumetric
productivity due to the avoidance of the unproductive lag- a nd early exponential
phase. The desired operation mode, where the dilution rate D equals the growth rate
mleads to a constant biomass and b-carotene density in steady-state and cannot be
calculated on an empirical basis due to the complex interpla y of light and nutrient
stress on the growth rate m The experimental veri cation of the model-based contin-
uous operation again led to a signi cantly improved biomass productivity by 3.3-fold
and pigment productivity by 6-fold compared to the already o ptimized fed-batch op-
eration.

Chapter 9 aims at a comparative evaluation between D. salinaand a closely related or-
ganisms in the Dunaliellagenus, namely Dunaliella parva The interdisciplinary work
ow composed of experiments and mathematical modeling as pre sented in Chapter
6 and 7 is applied to D.parvato demonstrate its applicability to other species in the
Dunaliellagenus. A special emphasis is placed on the morphological dif ferences, the
productivity in terms of biomass and b-carotene, the adaptational stress response as
well as differences in photoacclimation and photoinhibiti on.

Finally, the thesis is summarized and concluded in Chapter 10. Furthermore, an out-
look is given and future perspectives are discussed.



Chapter 2
Phototrophic pigment production

This chapter provides an overview about the physiological r ole of carotenoid pig-
ments in light harvesting and photoprotection. Beside, the process of photoaccli-
mation and their physiological relevance for optimal photo synthetic growth is ex-
plained. Furthermore, an overview about the most important commercial sources for
microalgal carotenoids is given. This chapter is concluded by introducing the alga
D. salinaas a producer for b-carotene.

2.1 Carotenoid biosynthesis in photosynthetic
organisms

Carotenoids are natural pigments belonging to the group of | ipophilic isoprenoids.

Most of the 600 carotenoid derivatives consist of 40 carbon atoms composed from
eight isoprene units. Carotenoids can be divided into two gr oups: carotenes and
xanthophylls. Carotenes (such asa-carotene and b-carotene) are pure hydrocarbons,
whereas xanthophylls (such as lutein and zeaxanthin) contain additional oxygen

atoms either as hydroxyl groups and/or by homolytic hydroge n substitution of

carotenes or xanthophylls leading to the formation of epoxi des (e.g. violaxanthin).
Since carotenoid pigments primarily absorb light in the vio let, blue and green wave-
length region (400-550 nm,) their color ranges from yellow t o red. Beside higher
plants, some bacteria and funghi, all microalgae are capable of carotenoid biosyn-
thesis. In general, carotenoid synthesis in photosynthetic organisms occur either
via the cytosolic mevalonate pathway or the plastidial meth ylerythriol phosphate

(MEP) pathway. However, there is no evidence that cytosolic m evalonate pathway is
present in green microalgae (Lichtenthaler, 1999 Schwender et al.,, 200)).

The metabolites isopentyl pyrophosphate (IPP) and dimethyl allyl pyrophosphate
(DMAPP) are precursors for carotenoid synthesis in photosy nthetic organisms.
Initially, one molecule IPP and DMAPP are linked through a cond ensation reac-
tion to form geranyl pyrophosphate (GPP). A further condens ation reaction of two
molecules IPP to GPP catalyzed by the enzyme geranylgeranyl pyrophosphate syn-
thase leads to the formation of geranylgeranyl pyrophospha te (GGPP). GGPP is the
building block for the synthesis of diterpenes (C20). Subsequently, the formation of
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phytoene catalyzed by the enzyme phyotene synthase (PSY) ocurs through conden-
sation of two GGPP molecules. Phytoene represents the precusor for synthesis of
tetraterpenes (C40) and is the rst lipophilic compoundint he carotenoid pathway. A
sequence of desaturation reactions of phytoene results in the formation of z-carotene
and lycopene. Subsequently, the carotenoid pathway splits into two branches. One
branch leads to the formation of the yellow colored xanthoph yll pigment lutein.
The second branch leads to the formation of the orange-colored b-carotene. The
enzymatic reaction converting b-carotene into zeaxanthin is catalyzed by b-carotene
hydroxylase and is part of the violaxanthin cycle.

The violaxanthin cycle is a photoprotective mechanism that allows a reversible switch
of the antenna of photosystem Il (PSIl) depending on the light co nditions present.
Under light limiting conditions PSIl is in its light harvesti ng state. Consequently, vi-
olaxanthin is converted in a two-step de-epoxidation react ion to zeaxanthin with an-

theraxanthin being an intermediate ( Jahns et al, 2009. Under over-saturating light

conditions, PSII switches into a dissipative state where a reverse epoxidation reac-
tion from violaxanthin to zeaxanthin is taking place. The tw o0 enzymes catalyzing
this cycle are located on different sites of the thylakoid me mbrane. Violaxantin de-
epoxidase is present in the thylakoid lumen whereas zeaxant hin epoxidase is located
in the chloroplast stroma. Furthermore, neoxanthin can be f ormed by an isomeriza-
tion reaction from its precursor violaxanthin. The above me ntioned pathways for

carotenoid synthesis in microalgae have been studied intensively and a schematic
representation is given in Fig. 2.1

Figure 2.1.: Scheme of carotenoid biosynthesis pathway in microalgae. Direct (one-step)
enzymatic reactions are depicted by bold arrows, whereas multi -step reactions with inter-
mediate metabolites are depicted by dashed arrows. Adapted fr om Lamers et al. (2008
and Jin and Polle (2009.
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The physiological functions of carotenoids are diverse and comprise accessory pig-
ments for light harvesting, mediators of photosynthetic en ergy transfer and non-
photochemical quenching as well as in the protection against photooxidative dam-

age due to scavenging of reactive oxygen species (ROS) (rewewed in Mulders et al.
(2014). Due to their numerous conjugated double bonds, carotenoi ds are able to
quench the triplet chlorophyll ( Chl*) and singlet oxygen (10,¥) in the reaction center
of photosystem Il and in the antenna system ( Krieger-Liszkay , 2005. The photopro-
tective mechanism of action of carotenoids is illustrated i n Fig. 2.2

Figure 2.2.: Schematic overview of quenching mechanisms of carotenoid pigments. Ex-
cited states such as singlet oxygen (1021), singlet chlorophyll ( 1Chli) and triplet chloro-
phyll (3ChI¢) are marked in blue. The speci c mechanisms of action are colored in gray,
whereas the cellular response and dissipation reactions are colored in purple. Adapted
from Varela et al. (2015.

Carotenoid pigments can be divided into two subgroups, prim ary and secondary
pigments, depending on their physiological role. Primary p igments are functionally
and structurally related to the photosystem where they faci litate light harvesting as
well as photoprotective roles due to quenching and scavengi ng mechanisms (see
Fig. 2.2). In contrast, secondary pigments are neither functionally nor structurally
bound to the photosynthetic apparatus and their photoprote ctive role results from
a ltering mechanism preventing the formation of triplet ch lorophyll ( 3Chl*) by
absorbing oversaturating light. Since secondary pigments are not bound to the
photosystem, they are usually accumulated in lipid globule s in the interthylakoid
space of the chloroplasts. According to the current state of knowledge, astaxanthin
and b-carotene are the only known secondary carotenoids present in microalgae
(Mulders et al., 2014.

2.2 Photoacclimation and photoinhibition

The light harvesting of all phototrophic algae is facilitat ed by chlorophylls (in the
forms chlorophyll aand chlorophyll bpresentin Chlorophyta) and various accessory
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pigments in the antenna complex which differ in a species-sp eci ¢ manner where a
distinction is made between the presence phycobilins and carotenoids (Stengel et al,
2017). According to Stengel et al.(2011), all algal pigments can be classi ed based on
their chemical structure as follows:

» Chlorophyll aand h: closed tetrapyrroles
» Phycobilipigments: open tetrapyrroles

 Carotenoids (carotenes and xanthophylls): isoprenoids w ith terminal cyclohex-
ane rings.

Photoacclimation describes the phenotypic response of microalgae in which they
adapt their photosynthetic pigment content to the particul ar light environment.
Speci cally, the number and size of the antenna complexes as well as the pigment
composition in the antenna is adjusted to the present light co nditions. Under optimal
light conditions, all absorbed light is used for photochemi stry and dissipating mech-
anisms are inactive. In this state, size of the antenna is large and mainly packed with
chlorophylls and primary carotenoids. When the cell is expos ed to over-saturating
light conditions, the photosystem receive more light than r equired for photosynthe-
sis. Consequently, the cell dissipates this energy as heat ly emission as chlorophyll
uorescence. This process is referred to as non-photochemical quenching (NPQ),
which protects the cell against oxidative damage from free r adicals. In addition to
the dissipating mechanisms, the cell adapts its pigment com position to the high light
conditions. The pigment content in cells subjected to oversaturating light decreases
to minimize light absorption and thereby photooxidation pr ocesses acintyre et al.,
2002. Specically, the ratio of chlorophyll ato carbon is reduced by 60% com-
pared to its maximal value. Beside, accessory pigments for light harvesting show
the same tendencies Maclintyre et al., 2002. Since chlorophyll b molecules are lo-
cated on the outer part of the antenna complex, their decline is the initial step in
pigment degradation. Chlorophyll ais the core pigment of the antenna complex but
their content is also reduced in the course of exposure to over-saturating light. The
light-induced damage of the photosystems is called photoin hibition and results in a
decreasing photosynthetic ef ciency. The photoinhibited reaction centers of PSII are
continuously repaired via degradation and synthesis of the D1 protein. To reduce the
damaging effect of high irradiance, the cell accumulates ph otoprotective pigments
such asb-carotene as explained in Section2.1

2.3 Carotenoid production in photosynthetic
microorganisms

The largest fraction of the current carotenoid productioni s manufactured by chemical
synthesis of petroleum derivatives. Although synthetic ca rotenoids can be produced
much cheaper compared to natural pigments, the consumer dem and for natural pig-
ments is rising (Wichuk et al., 2014. The global carotenoid market is expected to
reach $1.4 billion with an annual growth rate of 2.3 % by 2018 (Research Research.
One main application area of carotenoids is the food and feed industry, where they
are primarily used as colorants. Extensive studies have demonstrated a bene cial
effect of carotenoids on health due to its anti-oxidant and a nti-in ammatory proper-
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ties (Bai et al., 2005 Choi et al., 2008 Xu et al., 2013, which has resulted in various
applications of carotenoids for nutraceutical purposes. B eside the positive effects
of carotenoids on human health, some studies also claimed that carotenoid treat-
ment had no effect on the therapy of e.g. cardiovascular diseases (as reviewed in
Zhang et al. (2014). However, this outcome might be attributed to certain desi gn
aspects of the underlying clinical studies ( Fassett and Coombes 2012).

The pigment composition present in the organism depends on t he metabolic path-
ways and their physiological role for adaption to the enviro nmental conditions of the
natural habitat. Table 2.1summarizes several carotenoid-rich microalgal species with
industrial relevance. For biotechnological applications , the amount of primary pig-
ments in the biomass is usually too low to be economically fea sible if considered as
the main product. However, secondary carotenoids are present to a much higher ex-
tend compared to primary pigments and astaxanthin from Haematococcus pluvialas
well as b-carotene from D. salinaare already produced at industrial scale. In addition
to the species-speci ¢ pigment composition, advances in strain engineering, photo-
bioreactor design and identi cation of metabolic pathways are required to further
improve the organisms performance.

Table 2.1.: Carotenoid content of different carotenoid-rich microalgae. Adap ted from
Lamers et al. (2008.

Carotenoid Strain Carotenoid content  Reference
(mgg *dw)
b-carotene Dunaliella salina 100 Ben-Amotz et al. (1982
Canthaxanthin  Coelastrella striolata 48 Abe et al. (2007
var. multistriata
Astaxanthin Haematococcu_s plgvialis 77 Kang et al. (2007
Chlorella zo ngiensis 6 Orosa et al. (2007)
Lutein Muriellopsis sp. 8 Blanco et al. (2007
Scenedesmus almeriensis 6 Sanchez et al.(2008

2.4 Dunaliella salina as a producer of natural
b-carotene

The halotolerant green microalga D. salinais among the most important production
organisms for natural b-carotene. Up to 10 % of the total dry mass of D. salinacan
consist of b-carotene. The pigment is composed of eight isoprene units and eleven
linearly arranged conjugated double bonds in the chemical st ructure form the light
absorbing part of the b-carotene, also known as chromophore and causes its orange
color. The accumulation of the pigment is an adaption upon th e exposure to extreme
environmental conditions such as high light intensity, hig h salinity and nutrient star-
vation as illustrated in Fig. 2.3 The overaccumulation of carotenoid pigments is due
to a stress response which enablesDunaliellato survive in hypersaline environments.
Therefore, hypersaline Dunaliella sp. occur in saline shallow lakes and evaporation
ponds all over the world ( Polle et al., 2009. Beside hypersaline species in the genus
Dunaliellaseveral euryhaline species ofDunaliella(e.g. D. tertiolectg D. primolectahave
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been reported, which grow in marine water. However, only hype rsaline species of the
Dunaliellagenus (e.g.D. parva D. viridis and D. saling play an important role in algal
mass cultivation. Large scale facilities of Dunaliella for the production of b-carotene
are operated in various countries (e.g. Australia, India, Isr ael, Spain, United States)
(Ben-Amotz et al., 1997).

Figure 2.3.: Simplied representation of morphological changes in D.salina during
carotenogenesis.

The cell shape of Dunaliellavaries between ellipsoidal, ovoid, cylindrical and spher-
ical with large differences in size (1-15 nm in length and 2-28 nmm in width)
(Polle et al., 2009. Hypersaline species of Dunaliella have the ability to survive in
medium containing a wide range of NaCl concentrations from a bout 0.05 M to sat-
uration (around 5.5 M) ( Chen and Jiang, 2009. The optimal salinity for growth is
considered to be in the range from 1.5-2 M NaCl (Vo and Tran, 2014).
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Figure 2.4.: Microscopic pictures of carotenogenic (right) and non-carotenogen ic (left)
D. salinacells.
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Even though, the overaccumulation of b-carotene in D. salinahas been investigated
extensively, only little is known about the cellular respon se and the regulatory mech-
anisms involved in the underlying adaptational stress resp onse (Ben-Amotz et al.,
1982 Lamers et al., 2010. Exposure of the cells to high irradiance is the main trigge r
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that induces photooxidative processes, which initiate the enrichment of photoprotec-
tive carotenoid pigments. The underlying photoprotective mechanisms of b-carotene
are the prevention of oxidative damage by scavenging reacti ve oxygen species and
the absorption of UV light, avoiding direct damage of cellul ar targets (Mulders et al.,
2014. The overaccumulated b-carotene, which is mainly composed of the two iso-
mers, 9-cis and all-trans, is stored in TAG-containing lipi d globules in the interthy-
lakoid space of the chloroplast (Ben-Amotz et al., 1982. Results from previous stud-
ies pointed out that TAG synthesis and b-carotene formation are interlinked, creating
a metabolic sink avoiding end-product inhibition in the car otene biosynthesis path-
way (Rabbani et al,, 1998 Mendoza et al., 1999. This coincides with the fact, that
massive carotene accumulation is enhanced with increasing abiotic stress, e.g. nutri-
ent deprivation.

Thus, the ability to grow in hypersaline environments in com bination with the high

carotene content makesDunaliellaa excellent candidate for molecular farming of high

value products. Since the impact of the abiotic stress response on biotechnological
production parameters (such as volumetric biomass and caro tene productivity) is not

fully understood, further experimental and theoretical ch aracterization are required
to improve the process ef ciency. These insights might also contribute to improve-

ments in bioprocess development of other carotenogenic species.






Chapter 3

Systematic analysis of microalgal
metabolism

A large variety of commercially interesting microalgal pro ducts, such as primary
and secondary metabolites are nowadays produced in biotech nological processes
(Koller etal., 2014. The recent advances in new analytical techniques for algal
cell biology, which require only a minimal sample amount and enable fast prepa-
ration allow for a more detailed and comprehensive bioproce ss characterization
(Wagner et al., 201Q Havlik et al. , 2013 Biller and Ross, 2014. A profound and ex-
tensive understanding of the process enables the determination of critical process
parameters and set points, which strongly in uence process s tability and perfor-
mance (Bohnen and Briick, 2013. Among other factors, the reactor setup, the nutri-
ent composition in the growth medium and the environmental ¢ onditions, especially
the light intensity, play the most important role to obtain a desired product content
and quality. Unfavorable environmental conditions, such a s high light intensity, high
salinity or nutrient depletion can lead to metabolic imbala nces and cause a complex
adaptive physiological stress response (Mulders et al., 2014).

In the course of their evolution, microalgae have developed e f cient strategies to

tolerate and adapt to various types of abiotic stress. The sensing of abiotic stress
induces a signaling cascade in the cell that leads to the activation of stress-responsive
genes, the up-regulation of antioxidant pathways and the ac cumulation of secondary

metabolites resulting in an adjustment of the cellular state to the new physiological

conditions (Pérez-Clemente et al, 2013. Since most commercially relevant high value

products, such as triacylglycerides (TAGs) and carotenoid s, are accumulated under
abiotic stress, changes in the cellular properties during t he adaptational response can
affect control strategies and process stability (Hyka et al., 2013. Therefore, a detailed
characterization of these phenomena is necessary as a basifor robust process design
for large scale cultivation systems. This chapter focuses on the recent progress in an-
alytical methods including advanced uorometric and spectr oscopic techniques that
facilitate the development of robust bioprocesses by provi ding a coherent picture of

the microalgal metabolism under stress conditions. In the fo llowing, special attention

is paid to the following methods:
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Figure 3.1.: Measuring principle of ow cytometry.

» Flow cytometry for detection of morphological and physiol ogical changes dur-
ing carotenogenesis.

 PAM uorometry for the analysis of photosynthetic performa  nce during ad-
verse growth conditions.

 Fourier transform infrared (FTIR) spectroscopy for invest igation of changes in
biomass composition during the metabolic switch.

3.1 Flow cytometry

Flow cytometry is a widely used method in marine ecosystems r esearch to inves-
tigate the structure and distribution of phytoplankton in n  atural seawater samples
(Olson et al., 1985. The recent interest in oleaginous microalgae for the prod uction of
biofuels and edible oils has extended the application of ow ¢ ytometry to the stain-
ing of microalgal lipid bodies with lipophilic dyes, such as Nile Red and BODIPY
(Chen et al., 2009 da Silva et al., 2009 Brennan et al., 2012. In addition, ow cy-
tometry provides information about population heterogene ity and can therefore be
used for uorescence-activated cell sorting (FACS) to separate cells overproducing a
target compound (Bougaran et al., 2012 Xie et al., 2014. Moreover, ow cytometry
also supports the analysis of various morphological and bio chemical features refer-
ring to physiological state of the cell ( Mendoza Guzman et al., 2012 de Winter et al.,
2013. Depending on the environmental conditions, the cell cycl e stage or the age of
a cell, intrinsic light scattering and uorescence emission properties of the biomass is
changing. These changes in the cellular properties (e.g. céd size, granularity, pigmen-
tation, vitality) have a large impact on the process perform ance and ow cytometry
has therefore the potential to contribute to the rapid devel opment of feasible biopro-
cesses.
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A ow cytometric system as depicted in Fig. 3.1consists of three parts:

1. The uidic part: Alignment of the cells in the measurement s tream by dilution
of the sample with sheath uid.

2. The optical part: Excitation of uorescence with single or multiple lasers and
detection of light scattering or uorescence emission in app ropriate detectors.

3. The electronic part: Conversion of light signals into ele ctronic signals for data
processing and analysis.

An overview of uorescent dyes used to characterize physiolo gical properties in mi-
croalgae is given in Table 3.1

Table 3.1.: Selection of uorescent dyes used for characterization of physiologi cal proper-
ties in microalgae. Adapted from Hyka et al. (2013.

Reference
Chen et al., 2009
(Mendoza Guzman et al., 2012

Property Dye Aim

Neutral lipid content  Nile Red Identify lipid-rich strains
Identify carotenoid-
overproducing strains
Identify lipid-
overproducing mutants

Microalgae
Chlorophyta (
Dunaliella salina

Isochrysisaf nis galbana (Bougaran et al., 2012
Chlamydomonas reinhardtii (Xie et al., 2014

Lipid particle release Dunaliella viridis (Davis et al., 2015

Cell integrity

BODIPY 505/515 Identify lipid-rich strains Ophiocytium maius

Chrysochromulinasp.

Mallomonas splendens

Dunaliella teteriolecta

Tetraselmis suecica

Nannochloropsis oculata

Nannochloris atomus

(Cooper etal., 2010

(Brennan et al., 2012

Lipid oxidation C11-BODIPY Determination of oxidative ~ Chlamydomonas reinhardtii (Cheloni and Slaveykova, 2013
591/581 stress
Membrane potential  DIOC 4(3) Analysis of cellular respi- Dunaliella tertiolecta (Gregori et al., 2002
ration
DIiBAC 4(3) Viability analysis of cells Chlamydomonas reinhardtii (Krujatz et al., 2015
embedded in a hydrogel Chlorella sorokiniana
ROS DHR123 Impact of cadmium expo- Chlamydomonas reinhardtii (Jamers et al, 2009
sure on ecotoxicity
Cell viability SYTOX blue Viability —analysis  with Emiliania huxleyi (Dashkova et al., 2016
minimal
auto uorescence overlap
Cell vitality Fluorescein diacetate  Impact of milking caro- Dunaliella salina (Hejazi et al., 2009
(FDA) tenoids on vitality
Cell integrity SYTOX green Investigate stages of Phytoplankton ( Veldhuis et al., 2007
DNA content cell death
DNA content Propidium iodide Impact of cell cycle Neochloris oleoabundans  (de Winter et al., 2013
(P1) on biomass composition
Hoechst 33342 Analysis of cell cycle Gonyaulax polyedra (Vicker et al., 1988
DAPI Analysis of cell cycle Euglenasp. (Vitova et al., 2005
SYBR Green | Porphyridium purpureum

Haematococcus pluvialis
Chlamydomonas reinhardtii
Scenedesmus obliquus
Scenedesmus quadricauda

In summary, the use of ow cytometry for monitoring and optimiz  ation of pho-
totrophic processes has great potential and bene ts and is n ow slowly beginning to

emerge. The majority of studies applying ow cytometry to micr oalgae focus only
on single properties (e.g. lipid uorescence) at a single tim e point rather than uncov-
ering relationships in algal metabolism as an response to its dynamically changing
environment.

Although the large scale production of natural b-carotene in D. salinais of high indus-
trial relevance, a systematic and detailed analysis of cellular features corresponding
to its physiological state during storage molecule accumul ation under abiotic stress
conditions is missing. Therefore, this thesis provides a un ique resource for the dy-
namic exploration of the abiotic stress response in D. salinaand its link to important
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Figure 3.2.: Principle of PAM uorometry.

bioprocess parameters, e.g. growth parameters, metabolicstress indicators, morpho-
logical properties and productivity.

3.2 Pulse amplitude modulation (PAM)

PAM uorometry is a non-invasive analysis tool that monitors  chlorophyll uores-
cence as an indicator for the activity of photosystem Il (PSIl) and has broad appli-
cation areas in algal and plant physiology ( Schreiber, 1983. The activity of PSIl is
an indicator for the effect of uctuating environmental cond itions on the photosyn-
thetic performance and the mechanisms leading to the adaptation of the photosyn-
thetic machinery under adverse growth conditions. When phot ons are absorbed by
chlorophyll molecules they can be valorized in the followin g ways: (i) drive pho-
tosynthetic electron transport; (ii) re-emission as heat; or (iii) re-emission as light
(chlorophyll uorescence) ( Murchie and Lawson , 2013. Since the aforementioned
processes compete with each other, an increase in one proces results in a decreasing
ef ciency of the remaining ones. Hence, from the chlorophyll uorescence signal re-
lationships about photosynthetic ef ciency and dissipati on processes can be derived
(Maxwell and Johnson, 2000. Although only a minor fraction of incident light can
be used as measurement signal, the obtained signal/noise ratio of the measurement
signal high and the derived system properties can be estimat ed accurately.

The photosynthetic performance of the cells are calculated based on the uorescence
peak ratios observed during the illustrated time course (Fi g. 3.2) where the cells are
exposed to presence or absence of light in different duratio ns and intensities such
as constant actinic light (i.e. light that is absorbed by the photosynthetic machin-
ery and will drive electron transport) or saturation light p  ulses. This procedure en-
ables to distinguish between photochemistry and energy dis sipation (e.g. due to non-
photochemical quenching). The measurement usually starts with a dark-adaptation

process of 5 to 10 min where the absence of actinic light leadsto a stagnation in the
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photosynthesis. In this period, all reaction centers of the p hotosystem are in an open
state and the plastoquinone pool (Qa) is fully oxidized. The basal uorescence in
the dark-adapted state is also referred to as iy and is detectable due to the presence
of a low intensity measuring light, which is suf cient to ind uce uorescence emis-
sion but too lower to start photosynthesis. At the end of the d ark-adapted period, at
short saturation pulse is applied to the culture which is abl e to fully saturate all re-
action centers in the photosystem, which will change their s tate into the closed mode
and the plastoquinone pool is in the reduced state. This satu ration pulse induces the
maximal uorescence termed Fy,. The difference between the maximal and minimal
uorescence Fy and Ry is also called the variable uorescence F,. Numerous stud-
ies demonstrated the ratio between K, and Ry represents a robust indicator for the
maximum quantum ef ciency of PSIl (Eq. 3.1) (Butler, 1978.

F R R
Fn Fm

F psilmax (3.1)
The presence of abiotic stress conditions such as high irradiance results in an
light-induced decrease in the photosynthetic capacity due to inactivation of PSII

(Long et al., 1994. This process is also referred to as photoinhibition. Cell s which
are exposed to photoinhibitory conditions shown a signi ca ntly lowered F,/ Fy ratio
making it a suitable indicator for the detection of a light-i nduced physiological stress
response Pemmig-Adams and Adams , 2006.

Subsequently, the actinic light is turned on to determine th e photosynthetic pa-
rameters of the light adapted state. This phase is initiated by an instantaneous rise
in the chlorophyll uorescence which slowly declines until i t reaches a steady-state
value after several minutes (A 10 min) (Murchie and Lawson , 2013. The decline
phase is caused by competing photochemical and non-photochemical quenching
mechanisms. After the light-adapted uorescence signal F~reached steady-state, a
saturation pulse is applied to the culture which induces the closure of all reaction
centers and the value for light-adapted maximal uorescence Fﬁ is achieved. Note
that the maximal uorescence in the light-adapted state Fﬁ is always lower compared
to the dark-adapted state Fr;e due to the presence of quenching mechanisms. The dif-
ference of the maximum light-adapted uorescence Fs and the steady-state value of
uorescence in actinic light F~normalized to F:s is de ned as the effective quantum
yield of PSII (F pgy ¢ff) @s shown in Eq. 3.2

e
= Foe Foe
q
F psiieff = mFoe (3.2)
m m

Hence, F pg) eff IS @ measure of the ef ciency of photochemistry under the pre sent
light conditions. The multiplication of F pg; ¢t With the average light intensity ( E)
and the default ETR factor 0.42 leads to the derivation of the electron transport rate
(ETR) which is given in Eq. 3.3

ETR 0.42 Fpg)eff E (3.3)

The default ETR factor originates from a "model” leaf and des cribes the fraction of
the incident light intensity in the PAR region that is absorb ed in PSIl. The value of
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0.42 originates from a study of Bjorkman and Demmig (1987 where 50 % of the PAR
have been distributed to PSII and 84 % of the PAR was absorbed by photosynthetic
pigments in a standard leaf ( Schreiber et al, 2017).

NPQ is a mechanism to protect algae and plants from cellular d amage due to over-
saturating radiation by quenching singlet chlorophyll ( 1Chl*) as shown in Fig. 2.1
leading to the dissipation of excess energy as heat. As NPQ only occurs in light-

adapted cells, its presence leads to a reduction of energy that can be converted into
uorescence. Therefore the fraction of NPQ in a sample can be estimated from the

difference of the maximum uorescence in the light-adapted s tate Fru,f and the dark-
adapted state Fy,, normalized to the light-adapted state (Eq. 3.4).

(3.4)

Finally, the minimal uorescence Fgecan be estimated after turning of the actinic light.
All parameters that can be derived from the chlorophyll uore scence time course
that is depicted in Fig. 3.2are summarized in Table 3.2

Table 3.2.: Frequently used parameters in PAM analysis and their physiol ogical relevance.

Adapted from Baker (2008.

Symbol De nition Physiological relevance
Fge Minimal uorescence of dark- and Level of uorescence when Qp is maximally
F light-adapted samples oxidized and PSII centers are open
Fn Maximal uorescence of dark- and Level of uorescence when Qa is maximally
Fn light-adapted samples reduced and PSI| centers are closed
R Variable uorescence from dark-and  Demonstrates the ability of PSII to perform
Ff light-adapted samples photochemistry ( Qa reduction)
Fq D!efferencg in uorescence between Photochemical quenching of uorescence by
Fn and F open PSII centers
R/ Fm Maximum quantum ef ciency of PSIl  Maximum ef ciency at which light absorbed
photochemistry by PSill is used for reduction of Qp
F[f/ Ffﬁ PSII operating ef ciency Estimates the ef ciency at which light a bsorbed
by PSill is used for Qa reduction
R/ Fr PSII maximum ef ciency Relates the PSIl maximum ef ciency to the
PSII operating ef ciency
NPQ Non-photochemical quenching Monitors the apparent rate consta nt for heat loss

from PSII

3.3 Fourier transform infrared (FTIR) spectroscopy

FTIR spectroscopy is a promising method for bioprocess characterization which com-

bines several advantages.

information on all molecules in the sample absorbing infrar ed light.

It is a rapid and non-invasive method which provides

In addition,

the measurement is characterized by a high spectral resolution over a wide wave-
length range. Due to the small sample amounts required (in th e range of ng), the
method enables highly exible measurements with multiple re plicates or short sam-
pling times which makes it an excellent tool for bioprocess m onitoring ( Burgula et al.,
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2007. Hence FTIR spectroscopy has gained signi cant importance in the eld of
biotechnology for identi cation and quanti cation of macr  omolecules, species com-
parison and analysis of biomass composition. Moreover, met hods of multivariate
data analysis (such as partial least square (PLS) analysis o principal component anal-
ysis (PCA)) promoted the interpretation of highly complex IR  spectra of microorgan-
isms with various IR-active molecules ( Wagner et al., 2010.

The energy of a photon is de ned by the product of its frequenc y nand a proportion-
ality factor h known as the Planck constant as described in Eq. 3.5

E hn (3.5)

As the frequency n and the wavelength | are are inversely proportional following
equation can be derived:

n

|E (3.6)

where cis the speed of light.

Therefore Eq. 3.5leads to:

E ? (3.7)

implying that shorter wavelength (or higher frequency) cor responds to higher energy.

The frequencies in a IR spectrum are usually expressed in wavenumbers n (cm 1)
which is typically used for infrared light and is the inverse of the wavelength. This
has the advantage that the correlation between wavenumber and energy is directly
proportional (the higher the wavenumber, the higher the ene rgy).

n Il (3.8)
Infrared spectroscopy makes use of the property of a compound to absorb character-
istic wavelengths of infrared light which correspond to the  functional groups present
in the molecule. The absorbed light energy in the speci c wav elength regions, is also
called resonant frequencies and refers to the transition energy of the bond during vi-
bration. Infrared light only induces vibrations if the bond i s IR-active, meaning that a
change in the dipole moment occurs (Berthomieu and Hienerwadel , 2009. Different
vibrational modes such as stretching, bending, wagging and twisting can be present
in a molecule (Carbonaro and Nucara, 2010. Therefore, IR spectroscopy is frequently
applied to identify molecules or determine species based on the intensity and position
of their characteristic bands in the IR spectrum. However, due to numerous different
bonds in complex molecules, the resulting IR spectrum has many peaks which can
render interpretation and quanti cation dif cult. The pos itions of these characteris-
tic bands is summarized in Table 3.3 The presence of a functional group is usually
detected at higher wavenumbers (4000 - 1600 cm 1), whereas the wavelength region
below 1500 cm 1 is referred to as ” ngerprint” region (  Bakker et al., 2003. Vibrations
in this region are often complex and hard to assign to a speci c¢ functional group of
the molecule.
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Table 3.3.: Band assignment for major biomacromolecules found in FTIR spectra of mi-
croalgae. Adapted from Giordano et al. (2001) and Liu et al. (2013.

Wavenumber Band assignment Biomacromolecule
(cm 1)
3600-3300 symmetric O-H and N-H stretch Water, protein
3000-2800 asymmetric C-H stretch Lipids (Methylene groups)
1740 symmetric C=0 stretch Membrane lipids and fatty acids
1650 symmetric C=0 stretch Proteins (Amide-1)
1540 symmetric deformation of N-H and  Proteins (Amide II)
stretch of C-N
1245 asymmetric P=0 stretch Nucleic acids (DNA/RNA backbones)
1200-900 symmetric C-O-C stretch Polysaccharides
1080-980 symmetric C-O stretch Carbohydrates and polysaccharides

In summary, the quick and reliable estimation of the biomacro molecular composi-
tion is an indispensable step in the full exploitation and va lorization of microalgal
biomass towards the development of sustainable biore neri es. However, FTIR spec-
troscopy has been only rarely applied in algal biotechnolog y, mostly to prove the
presence of lipids (e.g. by Giordano et al. (200]) for the diatom Chaetoceros muellerii
by Dean et al. (2010 for Chlamydomonas reinhardtand Scenedesmus subspicatiy
Laurens and Wolfrum (2011 for Nannochloropsisp., Chlorococcunsp. and Spirulina
sp. and by Liu etal. (2013 for D.saling. A large proportion of the studies moni-
tored the lipid accumulation only on a qualitative basis or a s macromolecular ratios
(lipid:protein or lipid:carbohydrates). Only very few stu  dies addressed the quanti -
cation of FTIR spectra with respective standard molecules as done by Wagner et al.
(2010 where the protein, lipid and carbohydrate content of C. reinhardtii has been
measured and compared with conventional biochemical metho ds.

In the present work, a quantitative protocol for FTIR spectros copy in D. salinahas
been developed and applied to link the morphological proper ties from the ow cy-
tometric analysis and the photosynthetic performance deri ved from PAM measure-
ments with the biomass level to get a consistent picture of b-carotene synthesis and
its role in stress tolerance of the photosynthetic microorg anisms.



Chapter 4
Modeling of microalgal metabolism

This chapter gives a comprehensive overview of the existing modeling frameworks

for microalgae, their mathematical foundations and outlin e their applications in mi-

croalgal biotechnology. Mathematical modeling has become an essential tool to un-
derstand the complex organization of biological systems. N evertheless, the applied
methods of computational biology are very diverse and one si ngle method is not able
to cover the different temporal and spatial scales observed in a biological system. In
order to get a coherent understanding of an organisms behavi or under dynamically

changing conditions the combination suitable computation al approaches is required
(Steuer et al, 2012.

4.1 Microalgal metabolism

Cellular systems perform a series of biochemical reactions where metabolites are con-
verted from one compound into another. Metabolic networks a nd the underlying

pathways link these reactions to ful Il physiological func tions of the organism such
as growth, respiration and adaptation to the environment. S tudying metabolic net-

works can provide insights into the behavior of the system an d provide useful targets

for bioengineering strategies.

There is consensus regarding the fact that the carbon core maabolisms of green mi-
croalgae (Chlorophyta) is relatively conserved across the species and that the result-
ing metabolic networks show a large similarity ( Reijnders et al., 2015. However,
across different algal classes (e.g. diatoms and green micoalgae) the structural or-
ganization of the central carbon metabolism is highly varia ble (Wilhelm et al. , 2006
Hildebrand et al. , 2013. The essential pathways in the central carbon metabolisms of
green microalgae can be schematically represented as shownin Fig. 4.1

The carbon core metabolism of microalgae covers the followi ng pathways:

» Photosynthesis: Conversion of light energy into chemical energy, which is pro-
duced from the precursor molecules carbon dioxide and water and stored in
form of carbohydrate molecules (e.g. starch).
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Figure 4.1.: Simplied graphical representation of the central carbon metab olism in
D. salina Adapted from Kliphuis et al. (2011).

» Glycolysis: Conversion of glucose into pyruvate to releas e energy in form of
ATP or reducing equivalents (NADH) and generate precursor me tabolites.

» Citric acid cycle (TCA): Generation of energy through the o xidation of acetyl-
CoA derived from various sugar compounds, fatty acids or ami no acids into
carbon dioxide and energy.

» Oxidative phosphorylation: Formation of ATP due to electr on transfer from
donors to acceptors (NADH or FADH 5 to O») by a series of electron carriers.

» Pentose phosphate pathway (PPP): Generation of reductive power such as
NADPH and C5-sugars as precursors for DNA and RNA synthesis.

» Carbohydrate and fatty acid synthesis: Supply of building  blocks for formation
of cell wall components and carbon storage.

» Carotenoid biosynthesis: Formation of pigments to fulll  the physiological
requirements of photosynthetic light harvesting, photopr otection and energy
sinks.

* In-cooperation of inorganic nutrients (e.g. nitrate): Sup ply of precursor molecules
for the synthesis of nucleotide, amino acids and chlorophyl 1.

4.2 Reconstruction of metabolic networks

Due to large research investments in genome projects and the rapid advancement in

sequencing technologies, the number of sequenced genomes $ growing exponen-

tially ( Koussa etal, 2014. These sequences have great potential for the develop-
ment of metabolic models, but their use is limited by the larg e time and effort re-

quired to annotate a genome. However, an annotated genome is an important pre-

requisite to link the present genes with metabolic reaction s at the biochemical level
(Thiele and Palsson, 2010. Metabolic network reconstructions aim at providing a
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more comprehensive picture of the biochemical reactions taking place in an organ-
isms. The reconstruction procedure follows a standardized protocol which has been
described in detail by Thiele and Palsson (2010. After the metabolic network has

been reconstructed, it needs to be translated into a mathematical model, which can

be interpreted and analyzed using various software package s for network analysis
such as MetaFluxNet (Lee et al, 2003, Cell Net Analyzer ( Klamt et al., 2007 or the
COBRA toolbox (Becker et al, 2007. The common format to facilitate the conversion

of metabolic reaction networks into a mathematical network model is the Systems
Biology Markup Language (SBML) ( Hucka et al., 2003.

Currently, these approaches led to 10 studies that proposed 11 metabolic networks
for 6 different algal species as summarized in Table 4.1 (Baroukh et al., 2015.

Table 4.1.: Existing metabolic networks for microalgae. Adapted from Koussa et al. (2014
and Baroukh et al. (2019

Specie References Type of modeling Scale Reac- Meta- Compart-
framework tions  bolites ments
Chlorophyta
Chlorella protothecoides (Wu et al., 2015 C13 metabolic ux Carbon core 272 270 4
analysis and FBA
Chlorella sorokiniana (Yang et al., 2000 FBA Carbon core 67 61 1
Chlorellasp. FC2 IITG (Muthuraj et al. , 2013 FBA and DFBA Carbon core 161 114 1
Chlamydomonas reinhardtii (Manichaikul etal., 2009  Network reconstruction Carbon core 259 467 6
(Boyle and Morgan, 2009 FBA Carbon core 484 458 3
(Kliphuis et al. , 2011 Calculation of energy Carbon core 160 164 2
requirements
(Cogne et al, 2011) FBA with thermo- Carbon core 280 278 1
dynamic and
energetic constraints
(Chang et al., 2011 FBA Genome-scale 2190 1068 9
(Dal'Molin et al. , 2011 FBA Genome-scale 1725 1869 3
Ostreococcus tauri (Krumholz et al. , 2012 Microarray analysis Genome-scale 871 1014 1
and FBA
Ostreococcus lucimarinus ~ (Krumholz et al. , 2012 Microarray analysis Genome-scale 964 1100 1
and FBA
Haptophyta
Tisochrysis lutea (Baroukh et al., 2014 Dynamic Reduction Carbon core 162 157 3

of Unbalanced
Metabolism (DRUM)

Diatoms
Phaeodactylum tricornutum (Kim et al., 2016 FBA Genome-scale 849 587 4

The reasons why the existing metabolic networks differs in t he number of reactions
and metabolites are manifold. They mainly differ in level of detail used for descrip-
tion of the key metabolic pathways as extensively discussed in Baroukh (2014 and
listed below:

I. Photosynthetic reaction step (e.g. photophosphorylatio n, photorespiration)
II. Biomacromolecule synthesis (e.qg. lipids, carbohydrates, biomass)
lll. Synthesis of secondary metabolites (e.g. chlorophyll, carotenoids)
IV. Compartmentalization and related exchange reactions

V. De nition of reversible reactions (e.g. as two irreversi ble forward reactions in
(Boyle and Morgan, 2009))

VI. Consideration of isomeric forms (e.g.: a-D-glucose and b-D-glucose in Chang et al.

(201D)

Still it remains questionable, if the different degree of de tail for the representation of
the metabolites and the biochemical reactions has a large impact on the accuracy of
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the model predictions. Since the macroscopic reactions have a large similarity, it may
therefore be concluded that the level of detail has only a min or impact on the sim-
ulation results ( Baroukh, 2014). The incorporation of secondary metabolites is han-
dled very different in metabolic models. Typically seconda ry metabolites contribute
only to a very small fraction to the whole biomass and the pres ence varies greatly
between the species. The majority of metabolic networks only include the synthesis
of chlorophyll ( Cogne et al,, 201%, Kliphuis et al. , 2011), whereas some studies con-
sider detailed synthesis pathways of different pigment com pounds and non-essential
lipids (Chang et al., 2017). In most cases, secondary metabolites are not essential for
growth and represent only a marginal fraction of the biomass . Though the uxes re-
lated to their formation are supposed to be negligible compa red to those of the carbon
core metabolism and their impact on the prediction accuracy is estimated to be small
(Baroukh, 2014). However, the analysis and optimization of secondary metab olite
content is an important target in biotechnology since they a re considered as high-
value products or ne chemicals. Though, depending on the mo deling task, their
incorporation might be bene cial.

4.3 Stoichiometric modeling frameworks

This section introduces methods for stoichiometric networ k analysis of metabolic
models. Such models rely only on structural aspects (stoichiometry) of the underly-
ing reaction network and do not require kinetic information  of the involved reactions.
Despite of the limited predictive power, stoichiometric mo deling allows deriving im-
portant functional and topological network properties and thus leading to a better
understanding of metabolic network architecture. The meta bolic network of a mi-
croorganism can be fully described by all biochemical react ions taking place in its
metabolism. The dynamic changes in the concentration of a certain metabolite can be
expressed by its stoichiometric coef cient and the reactio n rate expressed by a set of
ordinary differential equations (ODES) as given in Eq. 4.1

dxte
dt

N Vv X“te,u"te,pe (4.1)

where N is the stoichiometric matrix (with the dimension m x n), m corresponds to
the number of metabolites and n corresponds to the number of reactions taking place
in the metabolic network. The vector v is composed of the entries of all reaction uxes
contained in the network which depend on the state variables x, the input u and the
kinetic parameters p as well ast representing the cultivation time.

As the reaction rates and turnover number of intracellular m etabolites are usually
higher compared to those of regulatory processes (e.g. celular growth rate or adap-
tation to changing environmental conditions), the quasi-s teady state assumption is
typically made, which relies on the fact that under constant external conditions and
at longer time-scales, the metabolite concentrations and reaction rates are constant
(Klamt et al., 2014. The steady-state of the metabolic network is described in terms
of mass balance equation. This kind of assumption opens up th e possibility to cal-
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culate otherwise unknown internal uxes of the reactions inv olved. Applying the
steady-state assumption to Eq.4.1leads to the following expression:
dx"te
dt

Nv O (4.2)

Besides, biochemical conversion reactions, transport reactions can be present in ux
vector v which account for substrate uptake and shuttle of metabolit es between cer-
tain compartments. Consequently, metabolites participat ing can be classi ed as intra-
cellular or extracellular metabolites (e.g. substrate or excreted product) as depicted in
Fig. 4.1 The entries in the stoichiometric matrix N correspond to the stoichiometric
coef cients of the reactions v, where the i-th metabolite participates in the j-th reac-
tion. The sign of the stoichiometric coef cient N;j; depends on its role in the reaction
vj (Baroukh, 2014. The relationship is as follows:

* Njj Oif metabolite i does not participate in reaction j
» Ni;j A0 if metabolite i is an educt of reaction |
+ Nj; @0 if metabolite i is a product of reaction j

The underlying biochemical reactions of the network can be d istinguished between
irreversible () or reversible () reactions. In general, each reaction is macroscopic
and summarizes a set of elemental reactions involving enzym e complexes. As a con-
sequence, the metabolic network (and its size) can vary depending on the description
level.

In the problem formulation reversible reactions are not cons idered, but there are mul-
tiple ways to include them. First, reversible reaction can b e represented by two irre-
versible reactions covering forward and backward reaction . Second, a reversibility
vector can be introduced where the corresponding entry of an reaction j is zero if the
reaction is irreversible or 1 if the reaction is reversible. Third, the reversibility can

be coupled to the vectors accounting for the upper and lower b ound where the the
corresponding entry of a reaction j is zero if the reaction is irreversible and negative
if the reaction is reversible.

The frameworks for functional analysis of stoichiometric n etworks cover the follow-
ing objectives along with the corresponding methods ( Baroukh, 2014):

» Elementary ux modes (EFMs): Identi cation of all minimal fu  nctional path-
ways or sub-networks linking substrate uptake to biomass pr oduction inherent
in a metabolic network (e.g. (Schuster et al, 1999).

 Flux coupling analysis (FCA): Identi cation of coupled (di  rectional, partial or
full coupling) or blocked uxes (e.g. Burgard et al. (2004).

» Flux balance analysis (FBA): Determination of ux distribu tion under given in-
put conditions by maximization of an objective function (e.g . Orth et al. (2010).

» Flux variance analysis (FVA): Determination of variabili ty in uxes under given
input conditions (e.g. Mahadevan and Schilling (2003).

» Gene deletion studies (GDS): Study in uence of gene deletio n on ux distribu-
tion (e.g. Burgard et al. (2003).
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Flux balance analysis

The null space of the stoichiometric matrix N gives important insights into the
metabolic capabilities of a biochemical network and is a com mon step in the analysis
of metabolic networks such as FBA or elementary mode analysis. In metabolic net-
works, the resulting system of linear equations is often und erdetermined meaning
that there are more unknown uxes than equations ( Klamtetal., 2002. Conse-
guently, these systems do not have a unique solution becausethe de ned constraints
are not sufcient ( Maarleveld etal., 2013. However, the de nition of a reason-
able objective function enables to nd biologically relevan t solutions by means of
linear programming ( Winterbach et al., 2011). A biological and evolutionary con-
sistent objective is that the organism attempts to maximize i ts biomass growth rate
and/or minimizes the formation of secondary products ( Varma and Palsson, 1994
Schuetz et al, 2007). A biomass reaction that consumes precursor metabolites ac-
cording to xed stoichiometric coef cients is used to descr ibe biomass production
and predict the speci ¢ growth rate m However, also slightly sub-optimal ux dis-
tributions have been observed in biological systems giving rise to an easier transition
under uctuating environmental conditions.

To make the stoichiometric model more consistent with biolo gical or thermodynam-
ical knowledge of the organism, inequalities are often adde d to the equation system
that de ne boundary conditions to the reaction uxes v (Orthetal., 2010. In addi-
tion, upper and lower bounds are introduced that specify the maximum and mini-

mum reaction ux Vv as given in Eq. 4.3 According to these constraints, the attainable
region of ux space distribution is de ned as

Vip "Xtee BV Bvp "X tee (4.3)

where v|, and v, are the lower and upper bounds of the reaction uxes. The de ni -
tion of inequalities and the objective function leads to a con siderable reduction of the
attainable region in the solution space.

The mathematical problem formulation of FBA is as follows:

v™X"tee argmaxc v (4.4)

f;NvO

s.t. |
Lv“oAxAt-- Bv Bvy, "X tee

(4.5)

where ¢V is the objective function de ned by the cost vector c.

Most of the metabolic modeling efforts were devoted to organ isms growing het-
erotrophically, especially to model organisms such as Escherichia caliThe questions
they are aiming at are manifold and include:

1. Quantitative prediction of growth rates ( Edwards etal., 2001 Ibarraetal.,
2002.

2. Maximizing uxes towards a certain product of interest by s tudying the in-
uence of intervention strategies (e.g. gene knock-outs or o verexpression)
(Burgard et al., 2003 Trinh et al., 2008 Hadicke and Klamt, 2010.
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3. Coupling of growth and formation of secondary products by means of inter-
vention strategies (Klamt and Mahadevan , 2015.

The reason why stoichiometric network analysis and FBA only barely addresses pho-
tosynthetic organisms is based on the fact that dynamics in environmental uctua-
tions (e.g. light, temperature, nutrients etc.) cannot be addressed properly in this
framework. Furthermore, the mathematical representation of light in this modeling
framework is complex due to various regulatory levels in pho tosynthesis as described
in Section 2.1and 2.2 The photon ux is typically modeled as a constant input thati s
transformed into chemical energy according to stoichiomet ric constraints where the
wavelength distribution of the light source or regulation ( e.g. scattering of light from
the algal surface and energy dissipation mechanisms) are not taken into account.

4.4 Dynamic-kinetic modeling frameworks

4.4.1. Macroscopic bioreactor modeling

The most common approach to formulate a dynamic mathematica | model for biosys-
tems is a macroscopic model using a set ODESs to describe the bochemical processes
taking place. Similar to chemical processes, mass balance guations account for the
concentration changes over time that include kinetic reaction parameters which ac-
count for biomass growth, substrate uptake and formation of secondary products.
The main challenge in this modeling approach is to obtain a pr edictive model with
reliable parameter estimates. Due to the large efforts necessary for generating suitable
experimental data and the limited amount of measurable meta bolic reaction rates this
goal is often dif cult to achieve, especially to represent t he transient dynamics of in-
tracellular metabolites. Nevertheless, constructing and solving of dynamic-kinetic
models is relatively easy and computationally inexpensive making them an indis-
pensable component for computational process optimizatio n.

The ODE system, which general form is given in Eq. 4.6, is derived from a mass
balance equation.

d)é—tt' f X te, U te, po (4.6)

where x represents the state variables,u the input and p the kinetic parameters.

The biomass growth in a batch reactor given in Eq. 4.7.

dr X
— mr 4.7
at X (4.7)
where mis the speci c growth rate (ind 1) and rx is the biomass density in (ing L 1).
The speci c growth rate  mdepends on the availability of its limiting substrate Sand
the relationship is usually expressed using the Monod equat ion as follows:
Mnax S
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Figure 4.2.: Dynamic behavior of the photosynthesis-irradiance curve under various light
regimes quanti ed by the oxygen evolution rate or the carbon xati on rate.

where S is the density of the limiting substrate (in g L 1), Mmax is the maximum

growth rate (in d 1) and Kg is the half-saturation coef cient (ing L ). The Egs.4.7
and 4.8 represent growth under heterotrophic conditions where one limiting sub-

strate determines the value of the specic growth rate m Here, concentrations are
expressed in terms of volumetric mass density, which is not a lways the case in litera-
ture. In the following, all concentrations are expressed as d ensitiesing L ..

For photoautotrophic growth conditions commonly present i n microalgal cultiva-

tions, Eq. 4.8 needs to be adjusted to account for light as "substrate”. Howev er,
the relationship between photon ux density and growth rate i s not straightforward

since the photosynthesis rate is not directly proportional to the light absorption. The

so-called P-E (also referred to as P-I) curve illustrates the relationship between pho-
tosynthesis rate and light intensity ( E). As illustrated in Fig. 4.2, the P-E curve is
characterized by the following four phases:

1. Dark respiration: The photosynthesis rate is zero due to absence of light until
the compensation point ( E¢) is reached and carbon storage is used to perform
cellular respiration.

2. Lightlimitation: The photosynthesis rate increases lin early with increasing light
intensity until a saturating light intensity ( Esg) is reached.

3. Light saturation: The photosynthesis rate is constant and at its maximal value
meaning that a further increases in light does not lead to a hi gher photosyn-
thesis rate. Above the saturation point, the light dependen t reactions produce
more ATP and NADPH than the light independent reactions cons ume to X
CO..

4. Photoinhibition: A light intensity above the saturation point ( Esy) often leads
to destruction of the photosynthetic apparatus (e.g. due to formation of ROS)
and an impaired photosynthesis.

It should be noted that phototrophic batch cultivations unde r outdoor conditions but
even lab-scale cultivations under constant incident light conditions lead to experience
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of different light regimes in the system and can have either p ositive or negative in u-
ence on the growth rate. In some species, especially when adaged to high irradiance,
photoinhibitory effects are not present or only of minorimp act for the growth. All the
aforementioned phenomena should be covered in the mathematical representation of
the light-depend growth rate. A simple relationship betwee n mand the incident light
intensity can be described by the following equation:

Eav

ME Mhax (4.9)

However, there are many other equation systems dealing with a mechanistic descrip-
tion of photosynthesis (Han, 2002 Rubio et al., 2003 Garcia-Camacho et al, 2012.

Beside the dependency of light on the growth rate, the absence of several nutri-
ent can have an inhibitory effect on growth. In 1968, the researcher M. R. Droop
developed a simple mathematical relationship for Vitamin B 12 uptake in the ma-
rine phytoplankton Monochrysis lutheriwhich is still valid for various algal species
and nutrients (Droop, 1968. Therefore, Eqg.4.10is also often referred to as Droop
equation. Since the accumulation of secondary metabolites such as carotenoids and
TAG occur mostly under nitrogen starvation, this relations hip is frequently applied
to describe the growth reduction in dependence on the nitrog en availability in the
medium as shown below:

WN, min ,

m (€1
e W

(4.10)

where wy min and wy are the minimal and actual nitrogen quota of the biomass.

Dynamic-kinetic modeling has been successfully applied to various algal strains and
substrate regime (autotrophic, mixotrophic and heterotro phic) to predict growth and
the accumulation of metabolites (Packer et al, 2011 Quinn et al., 2011, Mairet et al.,
2011 Blanken et al., 2016. A comprehensive overview on growth kinetic models of
microalgae is presented in Lee et al. (2015.

4.4.2. Dynamic ux balance analysis

Depending on the degree of detail mathematical modeling app roaches can be distin-
guished between models on macroscopic scale and intracellular scale. Macroscopic
models use a reduced description of the biological reality t o apprehend intrinsic phe-
nomena and cellular dynamics. As explained in Sec. 4.4.1 such approaches use a
system of ODEs to describe the evolution of state variables over time. Due to the
limited amount of suitable experimental data, they are usua lly restricted to a small
part of the metabolism or uses a simpli ed description of it.  They are particularly
well suited to describe biomass growth and nutrient uptake o ver time but can hardly
be used for optimization of intracellular molecules of inte rest. In contrast, intracel-
lular models are powerful approaches to unravel complex int eractions and provide
a mechanistic understanding of the cellular metabolism. In a ddition, they open up
new possibilities for optimized production strategies for molecules of interest. How-
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Figure 4.3.: Graphical representations of the DFBA approach taking into acc ount intracel-
lular and extracellular effects that in uence microalgal me tabolism.

ever, they rely on the availability of high-quality metabol ic network reconstructions
of annotated genetic data as explained in Section4.2

Since mass balance equations do not give insights into ux dis tributions, the anal-

ysis of metabolic networks is often carried out under steady -state conditions using
constraint-based models. Within this framework the optimi  zation objective is chosen
in order to satisfy single or multiple optimality criteria. ~ However, the cell population

is constantly adapting its metabolism to uctuating environ mental conditions and

steady-state models cannot account for temporal changes in biomass composition
due to physiological adaptation processes. This exceptional property of biological

organisms emerges from complex regulatory interactions be tween metabolism and
enables the survival under harsh environmental conditions and prolonged starvation

periods. The consideration of dynamic effects in metabolic networks is therefore of
crucial importance to gain a mechanistic insights in metabo lic adaptation and predict

the accumulation of stress-related secondary metabolites, which are often of commer-
cial interest due to its high value.

A method linking these two modeling approaches by adding add itional dynamic con-

straints to metabolic network models is called dynamic ux ba lance analysis (DFBA).
This framework is able to combine the aforementioned advant ages of dynamic and
steady-state frameworks to simulate growth transitions an d predict the accumula-
tion of commercially important metabolites. Therefore the system is divided into

two parts: the dynamically changing environment and the int racellular metabolism,
which is still in quasi steady-state (see Fig. 4.3). The FBA problem formulated in

Eq. 4.4is recalculated in quasi-steady state for each time step in the dynamic system
(Fig. 4.4). Due to the introduction of dynamics in the FBA formulation , kinetic param-
eters (as mentioned in Section4.4.1) need to be determined from experimental data
in order to achieve high predictability. One major advantage of the DFBA approach
is the possibility to include accumulation of storage molec ules in a structured way by

introduction of suitable kinetic equations.

To conclude, mathematical modeling is increasingly recogn ized as an indispensable
research tool to understand the organization of biological systems. Nevertheless, the
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Figure 4.4.: Mathematical illustration of the DFBA work ow covering extracel lular effects
such as cell and reactor dynamics as well as intracellular stoichiometric of the underlying
metabolic network.

methods and practices of mathematical modeling are highly d iverse and no single
methodology alone is able to cover the diverse temporal and s patial scales observed
in biological systems. Therefore, the future of modeling re sides in the utilization of
a combination of methods, each suited to describe a particular aspect of biological
reality giving rise to the challenge to combine these divers e conceptual and compu-
tational pictures into a coherent whole.






Chapter 5
Experimental methods

5.1 Strain, growth medium and pre-cultivation

The strains of D. salinaand D. parvaused in this work were obtained from the Cul-
ture Collection of Algae and Protozoa (Windermere, United K ingdom). Both strains
were ordered as D. salinaCCAP19/18 in 2011 and 2014. Since the cells showed pro-
nounced differences in cell size and cellular dry weight, a 1 8S rRNA sequencing was
performed by Cecilia Rad Menendez from CCAP. The sequence coverage of the sam-
ple ordered 2011 had a 100 % Query coverage (99 % Max. ID) withD. parva, whereas
the sample ordered in 2014 had a 100 % Query coverage (99 % MaxID) with D. salina
Therefore, the strains used in this work were hamed accordin g to the sequencing re-
sults.

The growth of both stock cultures was performed in 500 mL shak ing asks containing

150 mL of the growth medium previously described by Lamers et al. (2010 on a ro-
tary shaking incubator (Multitron, Infors AG, Switzerland) in air enriched with 3.5%
CO,, at 26%C, 100 rpm, with a light intensity of 30 nmmol photons m 2s ! and alternat-
ing day/night cycles (16 h/8 h). The growth medium was compos ed of 1.50 M NacCl,
37.75mM KNOg3, 22.50 mM NaySOy, 4.87 mM KyS0O,, 1.00mM NaH POy, 0.37 mM
MgCl 5, 19.35 mM NayEDTA, 18.9 mM CaCl,, 11.25 mM NaFe EDTA, 1.89 mM MnCl,,
1.48 MM ZnSQy, 0.67 MM CuSQy, 10.95 nM Na;MoO 4, and 9.95 nM CoCls.

5.2 Cultivation experiments in at-plate
photobioreactors

Fermentations were performed in at-plate photobioreactor s either with 1 L cultiva-
tion volume (FMT 150, Photon Systems Instruments, 5 cm path length) equipped with
white and red LEDs or with 1.8 L cultivation volume (Labfors L ux, Infors HT, 2 cm
path length) equipped with warm white LEDs (Figs. 5.1and 5.2). Both reactors were
aerated with a gas mixture of 97 % air and 3% CO» at a ow rate of 500mL min !
controlled by mass ow controllers. The pH was adjusted to 7.5 b y automated ad-
dition of 1M HCl and 1 M KOH and the temperature was maintained a t 24*C. Dis-
solved oxygen was measured using an optical pO, electrode (Visiferm DO, Hamil-
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ton Messtechnik GmbH, Switzerland). For inoculation, a stoc k culture grown un-

der nitrogen-replete conditions was diluted to approximat ely 2 10°cells mL ! for
D.salinaand 1 10 cells mL 1 for D. parvawith the appropriate medium. The trans-

mitted light intensity was measured by averaging the lighti ntensity on the backside
of the reactor using a light sensor (ULM-500, Walz or Infors HT) .

Table 5.1.: Reactor constants of INFORS Labfors Lux and PSI FMT-150.

Constant INFORS Labfors Lux PSI FMT-150
Cultivation volume (L) 1.8 1

Reactor thickness (cm) 2 5
llluminated surface area (m 2) 0.09 0.024

Figure 5.1.: Photographic pictures of the photobioreactor setup INFORS Labfors L ux (left)
and PSI FMT-150 (right). (Courtesy of I. Harriehausen).

5.3 Dry weight determination

The determination of the cellular dry weight was performed a ccordingto Zhu and Lee
(1997. Briey, 5mL of the cell suspension was Itered onto dry glas s ber lters
(GF/F, 0.7 nm, Whatman, UK) and washed with 0.5M ammonium formate to re-
move remaining salts. The Iter were dried in an oven (24 h, 70 *C) until a constant
weight was reached. Alternatively, samples of the cell susp ension were transferred
into 15mL reaction tubes and were centrifuged for 10 min at 1, 000g. The super-
natants were discarded and the cell pellets were washed with 0.5M ammonium
formate. Finally, the pellets were freeze-dried and the wei ghts were determined on a
balance.
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Figure 5.2.: Schematic view of INFORS Labfors Lux photobioreactor (A) side view a nd (B)
front view. Adapted from Mulders et al. (2014 and Infors HT operation manual.

5.4 Carbon and nitrogen fraction in the biomass

The carbon fraction and the nitrogen cell quota of the inocul um were measured with
a C/H/N analyzer from 3 mg freeze-dried biomass (Currenta, Ge rmany).

5.5 lon chromatography

Extracellular nitrogen density was measured using an ion ch romatography system
(Dionex ICS 1100, Thermo Scienti ¢ Dionex, USA) equipped wit h an lon Pak AS22
column (Thermo Scienti ¢ Dionex, USA) with 4.5 mM sodium car bonate and 1.4 mM
sodium bicarbonate as mobile phase, at a ow rate of 1.2 mL min ! and with an
injection volume of 50 L.

5.6 Spectrophotometrical determination of
chlorophyll and carotenoid content

The chlorophyll and carotenoid fractions were determined u sing UV/VIS spec-
trophotometry. Depending on the cell density and the pigmen t fraction, a 3-10 mL
sample was taken from the culture suspension. The cell suspension was Itered

onto glass micro ber lters (GF/F, 0.7 nm, Whatman, UK) using a vacuum pump

(Fig. 5.3). Afterwards, the cells were washed with 0.5M ammonium form ate, fol-
lowed by 6 mL of 90 % acetone. The acetone-pigment extract wastransferred into a
15 mL reaction tube. The suspension was incubated for 1 h at 4*C in a mixing block
at 100 rpm. In order to separate the cell debris from the pigmen t extract, the mixture
was centrifuged 5 min at 3,000 g. The supernatant was collected and measured using
a UV/VIS spectrophotometer (Specord S600, Analytik Jena, Germany) at the follow-
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ing wavelengths (470, 645 and 661.5nm). The pigment densites of the sample were
calculated according to Lichtenthaler (2007).

Figure 5.3.: Filtered carotenogenic (right) and non-carotenogenic (left) D.salina biomass.
(Courtesy of |. Harriehausen).

fchia 1124 Ager 2.04 Agss® I'acetone AA T Acetone (5.1)

rchib 20.13 Agss 4.19 Age1® I'acetone AB I Acetone (5.2)
~1000 A 1.9 A, 63.14 Ape

lcar 470 214 A B I Acetone (5.3)

5.7 Determination of pigment composition using
HPLC

Pigment extraction

Samples of the cell suspension were centrifuged for 10 min at 1,000g. The super-
natant was discarded and the cell pellet was washed with 0.5M ammonium formate.

The sample volume was adapted to result in a biomass dry weigh t of approximately

3mg. The pellet was freeze-dried and stored at -20*C until extraction. The extrac-
tion of the microalgal pigments was performed accordingtot he method proposed by
Lamers et al. (2010.

Analysis of pigment composition

The content of b-carotene, chlorophyll aand chlorophyll bin the biomass was quan-
ti ed by High Performance Liquid Chromatography (HPLC) (Agil  ent 1100, Agilent
Technology, USA), using a Reversed-Phase C18 column (Zorbx Eclipse Plus, 1.8nm
pore size, 100mm x 2.1 mm). An injection volume of 2 nlL was used for analysis.
The elution was performed by a linear gradient from 100% A (84 % acetonitrile, 2%
methanol, 14 % Tris buffer (0.1 M, pH8.0)) to 10% A and 90% B (68% methanol,
32% ethyl acetate) for 2 min followed by elution with 100% B fo r 3min at a ow

rate of 0.5mL min ! (Polle et al., 2001). Detection of the pigments was performed
with a diode array detector (DAD) and a uorescence detector ( FLD) in a range from
400to 800 nm. The pigments were identi ed by comparing reten tion time and spec-
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tral properties with commercial pigment standards (Sigma A Idrich, USA). The pig-
ment content in the biomass was quanti ed by constructing a ¢ alibration curve with
the respective standard.

5.8 Calculation of the optical cross section of
chlorophyll a

The optical cross section of chlorophyll a was measured with a spectrophotometer
(V-670, JASCO, United States) equipped with a 60 mm integrating sphere (ISN 723,
JASCO, United States). The chlorophyll a speci ¢ absorption coef cient a* was de-
termined in baseline-corrected spectra at a wavelength of 664 nm. Using Eqg. 5.4, the
optical cross section of chlorophyll awas calculated (Wagner et al., 2006:

23 Al -
t'il:t —_—

(5.4)
d rep

5.9 Pulse amplitude modulation (PAM) uorometry

The maximum photochemical quantum yield of PSIl  F; was analyzed using a Dual-
PAM 100 uorometer (Walz, Germany). For this propose, 1.5mL c ulture suspension
was dark adapted in a glass cuvette for 10 min at 26 *C. Afterwards, the minimal

uorescence level () and maximal uorescence level ( Fy) induced by a saturating
actinic light pulse (635 nm, 2000 nmol photons m ?s 1, 0.5 s) were determined with a
measuring radiation of 5 mmol m 2s 1. The maximal photochemical quantum yield

of PSII was calculated according to the following equation:

Fn Fo

= (5.5)

F psilmax
For the saturation pulse analysis, the actinic light intens ity was manually adjusted
to the average incident light present in the reactor at the sampling time point. Prior
measurement, the cells were subjected to a dark adaptation period of 10 min where
the culture is only illuminated by the non-actinic measurem ent light that was used
to determine the basal chlorophyll uorescence level. A magn etic stirrer ensured a
homogeneous distribution within the sample.

5.10 Flow cytometric analysis

All samples were diluted with cultivation medium to a cell de  nsity of approximately
1 10Pcells mL ! prior to the analysis. The cell density was monitored in dilu ted
samples using volumetric counting of 200 ni cell suspension. Intrinsic cellular prop-
erties, such as cell integrity and granularity were monitor ed in unstained cell samples
using the light scattering properties of the biomass in the f orward (FSC) and side scat-
ter (SSC) channels.
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Instrument settings, data acquisition and analysis

The analysis of the above mentioned cellular properties was carried outin a ow cy-
tometer (CyFlow Space, Sysmex-Partec, Germany) equipped with a blue argon solid
state (488 nm) excitation laser. The signal intensities were calculated from the geo-
metric mean values of the histograms and were displayed as ar bitrary units (AU) per
particle for the FSC and SSC signals or as relative uorescent units (RFU) per patrticle
for the different uorescence emission channels FL1-FL3 (see Table S1 for emission
ranges). The sample ow rate was adjusted to 1 nL s 1, which corresponds to ap-
proximately 1,000 particles/s measured in a degassed 1.5 M NacCl solution as sheath
uid. Discrimination between the cellular signal and the bac kground signal was per-
formed by applying a gate on the red chlorophyll uorescence e mission signal (FL3)
corresponding to the cellular signal. The algal cell popula tions inside the gate range
were the dominant type of event detected. Data acquisition, gating and analysis were
performed with FloMax software (Version 2.70). For further information regarding
the instrument settings and data acquisition, please see the documentation according
to the MIFlowCyt standard in the Supplementary material.

Fluorescence microscopy

The ow cytometric measurements were validated using a light and epi uorescence
microscope (Axio Imager Al, Carl Zeiss, Germany) equipped wi th a digital camera
system.

5.11 Analysis of macromolecular biomass
composition using FTIR spectroscopy

The determination of the microalgal biomass composition wa s conducted using the
Nicolet 6700 FTIR spectrometer (Thermo Scienti ¢, Germany) equipped with a X-Y-
Autosampler (Pike Technologies, USA).

Preparation of standards and samples

For all major biomass compounds in the microalgal biomass (pr oteins, carbohydrates
and lipids), calibration curves with a appropriate referen ce substance according to
Wagner et al. (2010 were recorded. The standards used for this calibration are listed
in Table 5.2together with their appropriate solvents. bovine serum alb umine (BSA)
was used as a standard for proteins and the polysaccharide laminarin for carbohy-
drates. The TAG molecule glycerol tripalmitate was shown to be a suitable standard
for polar lipids. In initial experiments conducted with lami  narin the distribution of
the standard on the plate surface was very heterogeneous and due to that the corre-
sponding peak heights for calibration had a high relative st andard deviation. This
problem has been overcome by dissolving laminarin in a mixtu re of 6ng L 1 BSAin
water as shown in Table 5.2
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Table 5.2.: Concentration of standards for FTIR spectroscopy.

Macromolecular group Substance Solvent Density range
(mgnt b

Proteins BSA Water 1-10

Carbohydrates Laminarin Water/BSA mix 4-14

Lipids Glycerol tripalmitate Trichloromethane 0.5-8

The measurement of the FTIR spectra was conducted on a 96-wellmicroplate using
2nL of cell suspension adjusted to a cell density 1 10®cells mL ! (Fig. 5.4). The
optimal cell density per spot was tested in a prior optimizat ion step and was a trade-
off between a high signal/noise ratio and a low sample volume . In order to reduce
measurement and handling errors, 12 replicates were measured for each sampling
time point. Subsequently, the microplate was placed in a inc ubator chamber at 40*C
for 10 min to allow drying of the samples. In addition, the solv ents listed in 5.2were
applied on the plate to serve as blank as well as for baseline correction.
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Figure 5.4.: FTIR plate with blank and cell suspensions dissolved in water a nd
trichloromethane/methanol. Row Al: Blank with water, Row B1-12: cells solved in wa-
ter, Row C1-12: cells solved in trichloromethane:methanol, Row D1-12: lipids extracted in
trichloromethane:methanol. (Courtesy of I. Harriehausen).

Device settings and measurement procedure

To acquire the FTIR spectra of the samples, the microplate wasinserted into the XY
autosampler. The measurements were conducted using the following settings (32
scans per spot, spectral resolution of 4cm 1, wavenumber region from 3000cm ! to
750cm 1). The device and sample settings were set in the corresponding software
(AutoPro Control and OMNIC (Thermo Scienti ¢, Germany). Aft  erwards, the spectra
were baseline-corrected manually based on the blank measurements. The analysis
of the resulting spectra was done with the TQAnalyst softwar e (Thermo Scienti c,

Germany) by examining area and relative or absolute height o f the absorption peaks.
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5.12 Analysis of macromolecular biomass
composition using biochemical assays

Protein determination using the Lowry method

The protein determination was conducted according to the pr otocol described by
(Lowry et al., 195J). Briey, the following solutions were prepared: solvent A ( 1M
NaOH), solvent B (5% Na,CO3), solvent C (0.5 % CuSQ, and 1 % sodium-potassium-
tartrate) and solvent D (mixture of 2 mL solvent C and 50 mL sol vent B). Solvent E
was the Folins reagent. Subsequently, 1-2 mg algal dry mass were solved in 0.5 mL of
bidistilled water and 0.5 mL solvent A. The mixture was heate d at 60*C for 10 min.
After cooling the solution down to room temperature, 2.5 mL o fsolvent D was added
and the mixture incubated for additional 10 min at room tempe rature. Afterwards,

0.5 mL of solvent E was added and followed by 15 min incubation at room temper-
ature. Finally, the formation of the blue complex (due the re action copper ions with

the peptide bonds) can be determined by measuring the absorption at 595 nm using
a UV/VIS spectrophotometer (Specord S600, Analytik Jena, Germany). The protein
amount in the sample was calculated based on a calibration curve recorded with BSA.

Carbohydrate determination using the phenol-sulphuric ac id
method

The total carbohydrate fraction in the biomass was determin ed using the phenol-
sulfuric acid method. Therefore, 0.5-1 mg dry biomass were d issolved in 400 .
bidistilled water. Afterwards, 400 nL of 90 % phenol solution was added to the so-
lution. Subsequently, 2 mL concentrated sulphuric acid was added and the mixture
was incubated for 30 min. The resulting absorption at 488 nm w as determined using
a UV/VIS spectrophotometer (Specord S600, Analytik Jena, Germany). The carbo-
hydrate amount in the sample was calculated based on a calibration curve recorded
with starch.

Lipid determination using the soxhlet extraction

The lipid content was determined using the soxhlet extracti on based on a protocol
described by Wang and Weller (2006. Prior to extraction, 5-10 g dry algal biomass
was placed in a thimbleholder. Subsequently, 200 mL of n-hexane was lled into a
pre-weighted solvent ask. The ask was then heated to 70 *C for 5h. Afterwards,
the n-hexane was vaporized at 30%C and at 335 mbar in a rotary evaporator (Biichi,
Switzerland) at 85 rpm until all n-hexane was evaporated. The algal lipid extract was
dried in a climate chamber MKF 240 (Binder, Germany) at 70 XC overnight. Finally,
the weight of lipid extract was determined on a balance.
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5.13 Calculation of biomass and b-carotene yield on
absorbed light

For the evaluation of the process performance, the biomass and b-carotene density
as well as the volumetric productivity of biomass (gdw L ' d ') and b-carotene (mg
dwL 1d 1) were calculated as a function of cultivation time:

rp’\t' I’pAO'

t (5.6)

IDav,P
where t represent the cultivation time (d) and rp is the product density (gdw L *or
mg dw L ). Furthermore, the time-averaged yields of biomass Yy g and b-carotene
on absorbed light energy Yy, g were calculated by dividing the time-averaged produc-
tivity (mg L 1 d 1) by the volumetric photon absorption rate of the evaluated t ime
period (mol PAR photons L 1 d 1) according to Mulders et al. (2014:

(5.7)

where Eqps is the absorbed light (mol PAR photons m 2 d 1), sy is the reactor surface
(m?) and Vg is the reactor volume (L).






Chapter 6

Analysis of abiotic stress response
during carotenogenesis

Although the large scale production of natural b-carotene in D. salinais of high indus-
trial relevance, a systematic and detailed analysis of cellular features corresponding
to its physiological state during storage molecule accumul ation under abiotic stress
conditions has not been analyzed in detail. The goal of this C hapter is to systemati-
cally explore the in uence of abiotic stress on important bio process parameters, e.g.
growth parameters, metabolic stress indicators, morpholo gical properties and pro-
ductivity in batch cultures of D. salinain a fully controlled at-plate bioreactor setup.

6.1 Flow cytometric characterization of the cell
population

D.salinawas cultivated in the INFORS at-plate photobioreactor syste m in batch

mode under three different cultivation conditions (Table 6.1). The adaptational abi-

otic stress response and their in uence on the bioprocess performance represented by
the biomass and b-carotene yield on absorbed light was analyzed under the pre sence
of high light and nutrient stress.

Table 6.1.: Overview of experimental conditions for batch cultures of D. salinaunder abiotic
stress conditions.

Reactor system Condition Abbr. Light intensity per biomass Extracellular nitrogen
(mmolm 2s1g tdwl) density (9N L 1)
Infors Labfors Lux  Low light LL 300 0.51
High light HL 3000 0.51

High light and HL-ND 3000 0.05
nitrogen deprivation
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6.1.1. Cell growth

The most important parameter for growth monitoring is the de termination of the
cell density. Absolute cell counting with a ow cytometer isa rapid and statistically
reliable method to monitor the number of cells in a culture.

The cell densities of the batch cultures were monitored unti | the early stationary
growth phase was reached using true volumetric cell countin g in samples diluted
to approximately 1 1P cells mL 1. The forward scatter signal collected from 488 nm
excitation was corrected for the non-algal background by ap plying a manual gate on
the chlorophyll signal for all analyzed samples. Under cont rol conditions, the algal
cell population is the dominant type of event ( A90 %) detected compared to the back-
ground signal.

a) b) I Chia [N Chib M B
20 +—— T T T T T 0061711
>s€‘ 154 ;. 7
= pun N
@ £ i p [ i 0.04
%) J K4 B '
g5 " s
S 5. "1 i o002
Ofl-ll—.'.'.l.’ ;
T T T T T
10 T
= ] s 4
> & o Se ]
B E 6. / N )
g 2 2 . .
g i i
%08 4 ’.,‘ |
oe 1 .. 1 o
T 2 .,t' B |
0;30-0.'." ;
e T — T T T |
1.5 - . B ) .
- AR
>4 N
25 10, A M ]
o L b 5
T © / A
= O 1
D o 1]
©2 054 £ 7
’k*"
OO T I T T T T T T T T T

0 3 6 9 12 15 18
Cultivation time (d) Cultivation time (d)

Figure 6.1.: Effect of abiotic stress type on the cell growth and pigment composi tion of
D.salina a) Cell density growth curves and b) Mass fractions of chlorophyl | a, b and b-
carotene for the three investigated cultivation conditions; LL - low light, HL - high light,

HL-ND - high light and nitrogen depletion. The symbols represen tthe mean values and the
error bars correspond to the deviation from the average value of dup licate measurements.

The time series for the biomass growth is shown in Fig. 6.1a. Comparing all three
cultivation conditions, the low light culture (LL) reached the highest nal cell density,
1.4 10’cells mL 1. The nal cell density reached in the stationary growth phas e for
the cultivation under high light (HL) was only slightly lower ~ compared to the LL con-
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ditions, namely 8.4 1P cells mL 1. The stationary cell density under high light and
nitrogen depletion (HL-ND)was 1.3  10°cells mL * and 10 times lower compared to
the LL conditions (Fig. 6.1a). All cultures had an initial lag phase of approximately
two days until they entered the exponential growth phase. De pending on the cul-
tivation conditions, the early stationary phase was reache d at different time points.
In the HL-ND culture, the stationary growth phase was reached a t day 6, three days
after the depletion of the extracellular nitrogen source. T he nitrogen-replete cultures
reached the stationary phase at day 13 and 14 for the LL and HL culture, respectively.
Since the light intensity of the reactor was adjusted to the bi omass growth (accord-
ing to the speci cations in Table 6.1), the determination of the extracellular nitrogen
density con rmed that the growth under all three conditions  was always nutrient-
limited. In terms of biomass density on dry weight basis, the L L cultivation resulted
in7.2g dw L 1, the HL cultivation in 6.5gdw L ! andthe HL-ND in 1.1gdw L 1
(Fig. 6.2a).
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Figure 6.2.: Effect of abiotic stress type on the a) biomass density on dry weigh t basis and
b) b-carotene density for the three investigated cultivation condi tions.

6.1.2. Abiotic stress related adaptation of pigment conten t

Fig. 6.1b illustrates the time course of the pigments b-carotene, chlorophyll aand b
as a function of cultivation time. The presence of high light conditions (HL, HL-ND)
led to an instantaneous accumulation of light-stress induc ed b-carotene (Fig. 6.1b).
At day 1 after light-stress induction the b-carotene fraction was already 3 to 4 times
higher compared to the basal level. The highest b-carotene fraction has been detected
under HL-ND conditions. When nutrient limitation started atd  ay 3 after inoculation,
a b-carotene level of 8.0 % (w/w) at day 8 was achieved. The maxim al b-carotene frac-
tion under HL conditions was achieved at day 3 with 4.3 % (w/w) a nd was constantly
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high until the xed light stress of 3000 mmolm ?s g ! dw L could be maintained.
At day 7, the physical limitation of the light panel with a max imum light intensity
of 3000nmol m 2 s 1 has been reached since the biomass density achieved 1 g dw
L 1. Due to the decreased light stress, the b-carotene fraction lowered from 3.0 to
1.6 % (w/w). When the nutrient starvation of the HL culture occu rred the b-carotene
fraction increased again to 2.3 % (w/w) in the stationary pha se. Under LL conditions,
the b-carotene fraction was low and at its basal level of 0.7 % (w/w ) under nitrogen-
replete conditions. When nitrogen becomes limited at day 11, the b-carotene fraction
increased to 2.6 % (w/w) in the stationary phase which is comp arable to the level
obtained in the HL culture. Although the b-carotene fractions under LL and HL con-
ditions are low compared to the HL-ND cultivations, the b-carotene density is signif-
icantly higher due to the high biomass densities achieved un der this conditions. The
maximum b-carotene density was reached under LL conditions with 1775m g L 1, fol-
lowed by 120mg L ! under HL conditions and 76 mg L ! under HL-ND conditions
(Fig. 6.20).
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Figure 6.3.: Effect of abiotic stress type on the a) chlorophyll & b ratio and b) b-
carotene/chlorophyll ratio.

The stock cultures used as inoculum for batch cultivations w ere in late exponential
phase and after inoculation they photoacclimate to the ligh t conditions in the at-
plate photobioreactor. Under all three cultivation condit ions (LL, HL and HL-ND),
the amount of absorbed light energy in the initial cultivati on phase is higher than
the energy required for growth. This imbalance led to a reduc tion in the chlorophyll
pigment fraction due to photoacclimation processes (Fig. 6.1b). Since, chlorophyll b
is located in the upper layer of the antenna complex the degra dation occurs faster
compared to chlorophyll a, especially under high light conditions. During high light
stress and nutrient depletion (HL-ND) the rate of chlorophyl | b degradation is higher
compared to that of chlorophyll aleading to a higher chlorophyll & bratio (Fig. 6.3a).
Under low light conditions, the chlorophyll & bratio remains high, which is in agree-
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ment with previous studies from Webb and Melis (1999. The simultaneous reduction
in the chlorophyll fraction and accumulation of ~b-carotene led to a signi cantincrease
in the carotene/chlorophyll ratio (Fig. 6.3b).

6.1.3. Formation of carotenoid-containing lipid globules led to
increased granularity of the cells

The accumulation of neutral lipid globules is a prerequisit e for b-carotene accumu-
lation. During the environmental stress response, an incre ased intracellular granu-
larity has been observed in microalgal cultures making this property a potentially
useful marker for the physiological state of a cell ( Hyka et al., 2013. The presence
of abiotic stress often leads to the accumulation of storage molecules such as starch,
neutral lipids and b-carotene, resulting in a more complex internal structure a nd a
larger proportion of scattered light. The variations in the cell granularity were ana-
lyzed using the geometric mean value of the side scatter signal in the ow cytometric
analysis. The dynamics of cell granularity correlate with t he b-carotene accumulation
in a linear manner (Fig. 6.4). Upon exposure to abiotic stress an increase of the cell
granularity up to 4-fold compared to the basal level was dete cted. This nding il-
lustrates that the formation of neutral lipid globules resu Its in more complex internal
structure of the cell detected by a higher proportion of side -scattered light.

Figure 6.4.: Relationship between cell granularity (SSC) and b-carotene fraction in the
biomass.

6.2 Biotechnological parameters

The most productive cultivation conditions in terms of volu metric biomass produc-
tivity was the LL culture with a maximal value of 0.56gdw L 1d ! followed by the
HL culture with 0.45g dw L % d !, whereas the HL-ND culture reached only 0.15g
dwL 'd ! (Fig.6.58). Especially the pronounced photoinhibitory effects on g rowth
under high light conditions led to the lowered volumetric pr oductivities compared
to the light limiting conditions. For the biomass yield on ab sorbed light energy Yx g
the LL culture clearly outperforms the high light cultures (  HL and HL-ND). Due to

the lower incident light on biomass ratio the highest Yy g of 0.12 g dw mol 1 photons
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was calculated, whereas the HL and HL-ND cultures had only 0.01 6 and 0.010 g dw
mol  photons (Fig. 6.5¢).

The highest volumetric b-carotene productivity has been reached in the HL-ND cul-
ture with 12.8mg L 1 d 1, followed by the LL culture with 12.0mgL *d ! and the
HL culture with 8.3mg L 1 d ! (Fig. 6.50). Although the b-carotene density under
HL-ND conditions is signi cantly lower compared to the LL and  HL conditions, the
shorter batch time of only 10 days led to the highest volumetr ic productivity. The
b-carotene yield on absorbed light reached its maximum value in the initial phase
of the light-stressed culture (Fig. 6.5d), namely 2.1 and 1.3mg mol ! photons. The
b-carotene yield on absorbed light for the LL culture was almo st constant during the
whole cultivation period at a value around 0.6 mg mol 1 photons.

The yield of secondary carotenoids on absorbed photons is an important process pa-
rameter in order to estimate the performance and to optimize large scale systems,
but has only rarely been addressed in previous studies. Mulders et al. (2014 pub-
lished a comparable secondary carotenoid yield on absorbed light of 2.75 mg mol *
photons for Chlorella zo ngiensiscultivated under nitrogen-depleted conditions. The
detailed studies performed by Lamers et al. (2010 and Lamers et al. (2012 cultivat-
ing D. salinaunder high light conditions (1400 nmol photons m 2 s ! incident light)
as well as under low light (200 nmol photons m 2 s ! incident light) and nutrient-
limited conditions in a turbidostat achieved higher volume tric b-carotene productiv-
ities (37 mgL 1d *under HL conditions, 18.5mgL 'd ! under LL conditions) and
b-carotene yield on light (4.6 mg mol 1 under HL conditions, 16.2 mg mol ! under
LL conditions) compared to this study using batch operation mode. This outcome
clearly indicates that innovative process design approach es have a large potential to
optimize the performance of biotechnological production s ystems.
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Figure 6.5.: Effect of abiotic stress type on a) the biomass productivity on dry w eight basis,
b) the b-carotene productivity, c) the time-averaged biomass yield on a bsorbed light and d)
the time-averaged b-carotene yield on absorbed light.



6.3. Photosynthetic performance 49

Table 6.2.: Performance of the batch cultivations.

Property Unit LL HL HL-ND
Max. biomass density gdwlL T 7.22 6.55 1.02
Max. biomass productivity gL 1d1? 0.55 0.45 0.15
Max. b-carotene density mglL ! 175.18 120.04 76.42
Max. b-carotene fraction mgg !dw 26.86 43.28 80.30

Max. b-carotene productivity mgL d !  12.05 7.90 12.88

6.3 Photosynthetic performance

In order to regulate their photosynthesis, algae have develo ped mechanisms to adapt
to uctuating light conditions by regulating light absorpti  on and ef ciency of light

conversion into chemical energy. When comparing the content of light-harvesting

pigments with the photosynthetic light curve, conclusions on the physiological
changes in different light-adapted states can be drawn. For this purpose, addi-
tional cultivations in batch operation mode under static li ght conditions (constant
incident light intensity) were carried out as shown in Table 6.3

Table 6.3.: Overview of experimental conditions for PAM and FTIR measuremen ts.

Reactor system Condition Abbr. Light intensity Extracellular nitrogen
(molm 2s 1) density N L 1)
PSI FMT-150 Low light LL 180 0.52
High light HL 1500 0.49
Infors Labfors Lux  High light and HL-ND 1500 0.12

nitrogen deprivation

6.3.1. Effective PSIl quantum yield in low- and high-light
acclimated cells

The effective PSII quantum yield (F pgy eff) is a qualitative measure for ef ciency at

which the incident light is absorbed and used for photochemi stry. The photon up-
take rate correlates with the number of photosystems and the efciency at which

they operate. Consequently, under high irradiance conditi ons the photosystems op-
erate at low ef ciency. Fig. 6.6 shows the dependency of the effective PSII quantum
yield on the average light intensity. In both, the low light an d high light acclimated

cells, the initial effective quantum yield was around 0.55 w hich is in agreement with

Herrmann et al. (1997. With increasing illumination, the fraction of photons us ed
for photochemistry declined linearly for low- and high-lig ht acclimated cells. At
1300nmol photons m 2 s 1, the effective quantum yield reached a constant value
of 0.1.

6.3.2. Electron transport rate in low- and high-light acclim ated
cells

The relative electron transport rate (ETR) is an indicator f or the photosynthetic ca-
pacity of the cells and therefore the ability to provide ener gy for cell growth and
metabolism. It is calculated as described in Eq. 3.3 by multiplication of the average
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Figure 6.6.: Relationship between effective quantum yield of PSIl and avera ge light inten-
sity for cells acclimated to low-light and high-light condition  s.

light intensity with the effective PSII quantum yield and the default ETR factor of 0.42
(Schreiber et al, 2011). The default ETR factor originates from a "model” leafand d e-
scribes the fraction of the incident light intensity in the P AR region that is absorbed in
PSII. The value of 0.42 originates from a study of Bjorkman and Demmig (1987 where
50 % of the PAR have been distributed to PSII and 84 % of the PAR was absorbed by
photosynthetic pigments in a standard leaf ( Schreiber et al, 2011). Though the calcu-
lated value for the relative ETR is only an estimate without d etailed knowledge about
of PSII content and the PSII absorption cross-section Schreiber et al, 2011). Thereby,
the relative ETR does not dependent on the chlorophyll conte nt of the sample but
since the ETR curves were recorded with the same light source and the same wave-
length of actinic light they are still comparable to each oth er.

Figure 6.7.: Relationship between relative electron transport rate and ave rage light intensity
for cells acclimated to low-light and high-light conditions.

The relationship between relative ETR and average light int ensity is shown in Fig. 6.7.
As already illustrated in Fig. 4.2, the curve shows three characteristic phases (light
limitation, light saturation and photoinhibition). Under  both conditions (low- and
high-light acclimated cells), the ETR increased linearly until a light intensity of
550mmol photons m 2 s ! was reached. In this light regime, the light intensity
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directly correlates with the rate of photosynthesis. Both c ultures reached a maxi-
mal ETR value of 6.9 to 8.3nmol electrons m 2 s 1. The light saturation range for
the low light-acclimated culture was from 550-860 nmol photons m 2's 1, whereas
the high light-acclimated culture showed a prolonged light saturation phase from
550 - 1070vmol photons m 2 s 1. The light saturation phase was followed by a pho-

toinhibition phase where the ETR declined to about 4 nmol electrons m 2 s 1 at
2200nmmol photons m ?s 1.
6.3.3. Photosynthetic capacities under abiotic stress cond itions

Low light conditions

Fig. 6.8 illustrates how the photosynthetic performance of D. salinachanges for cul-
tivation under low light conditions presented by the time co urse of the three photo-
synthetic parameters: operating ef ciency of the photosys tem Il (F pgj; eff), maximum
quantum yield of PSII ( F ps); max) @nd non-photochemical quenching (NPQ). The time
course for maximum and effective quantum yield showed compa rable trends over
the whole cultivation period as both increase from 0.42 to 0. 67. This indicates that the
photochemistry works effective under LL conditions since e ffective and maximum
guantum yield of PSIl show only low deviations from each other . In addition, the
value for NPQ remained at a relatively low level over the cult ivation period, namely
0.2 from day 1 to day 3 and decreased to 0.1 from day 4 until the end of the cultiva-
tion period. This is in agreement with the trends observed fo r F pg) et and F pgj; max
as under conditions were photosynthesis works effectively , dissipation mechanisms
such as NPQ are inactive. However, the lower maximum quantum y ield of 0.42 in
the initial cultivation stage illustrates the photosynthe tic performance was not fully
exploited at this time. Possible explanations for the lower ed F pg) ¢ could be nutrient
limitations in the inoculum culture which led to an impaired  photosynthetic poten-
tial. Moreover, the turbulent ow regime in the at plate react or might have induced
a lag phase in the culture affecting metabolic activity and growt h after inoculation.
After recoverage, the quantum yield remained high until the end of the cultivation
and reached the maximal values for the quantum yield of 0.65 r eported for D. salina
by Herrmann et al. (1997).

High light conditions

In comparison to the LL cultivation, the photosynthetic para meters for HL cultiva-
tion show pronounced uctuations as illustrated in Fig. 6.9. Effective and maximum
guantum yield of PSIl was at 0.6 in the initial cultivation pha se and close to its max-
imal value determined under LL conditions and reported by Herrmann et al. (1997.
The NPQ value for inoculum was 0.23 and is low as the stock cult ure was grown
under LL conditions. In the course of the cultivation when the light stress becomes
persistent the decrease of the effective quantum yield to 0.15 - 0.3 is accompanied by a
simultaneous increase of the NPQ from 0.23 to 1.4. In the early exponential phase, the
maximum quantum yield decline in the same way as observed for the effective quan-
tum yield. However from day 4 on, the maximal quantum yield inc reased again and
reached its maximal value again at day 5. The drop in the quant um yield under HL
conditions was caused by two adaptational process: photoin hibition and photoac-
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Figure 6.8.: Photosynthetic performance expressed as maximum (F ps;; max) and effective
quantum yield of PSII ( F pg) ¢ff) as well as non-photochemical quenching (NPQ) under LL
conditions in correlation to the incident light per cell.

climation as already observed for D. salinaby Herrmann et al. (1997 and Ghetti et al.
(1999. First, the presence of over-saturating light in the cultu re led to photoinhibitory
effects. Secondly, the cell adjusted its pigment composition in the antenna by degra-
dation of chlorophyll pigments and truncates its size, as ex plained in Section 2.2and
observed by Neidhardt et al. (1998. As a consequence, photon absorption and pho-
tochemistry work less ef cient protecting the cell from oxi dative stress. To further
increase the photoprotective response, the accumulation of carotenoids assist the ab-
sorption of oversaturating light and the quenching of ROS wh ich explains the contin-
uous increase of the NPQ value over the cultivation time. On d ay 1 after inoculation
the NPQ value was still low although the light stress was alre ady pronounced lead-
ing to overexcited chlorophyll states in the photosystem as explained in Section 2.1
This observation could be attributed to the presence to the x anthophyll cycle where
an epoxidation mechanisms leads to the conversion of violax anthin to zeaxanthin,
which is an alternative dissipative path compared of non-ph otochemical quenching
(see Section2.1). The xanthophyll cycle acts on the time scale of minutes and its role
in D. salinawas investigated in detail by Jin et al. (2003. The simultaneous acting of
xanthophyll cycle and non-photochemical quenching are eff ective in photoprotection
of D. salinaas the recovery of the maximum PSII qguantum yield to its maxima | value
demonstrated.

High light and nutrient-depleted conditions

The observations made for the cultivation under HL-ND condit ions are similar to
the HL conditions to a large degree. The maximal quantum yield of the inoculum
is 0.62 and close to the maximal literature value (Herrmann et al., 1997). The effec-
tive quantum yield was 0.56 and just slightly lower than the ma ximal quantum yield.
One day after induction of the light stress, maximal as well a s effective PSII quantum
yield dropped signi cantly to 0.38 and 0.29. In the further co urse of the cultivation,
the effective quantum yield remains at a stable level of 0.26 - 0.30, whereas the maxi-
mum quantum yield declined slightly to 0.36 until day 2 and st arted to recover to 0.48
on day 4. When the extracellular nitrogen in the medium was com pletely depleted,
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Figure 6.9.: Photosynthetic performance expressed as maximum (F ps;; max) and effective
quantum yield of PSII ( F pg; ef) as well as non-photochemical quenching (NPQ) under HL
conditions in correlation to the incident light per cell.

the maximum quantum yield dropped again to 0.29 in the statio nary phase of cell
growth. Except of day 5, for the effective and maximum quantu m yield showed simi-
lar trends as under HL conditions. In contrast to the HL cultivat ion, no signi cant rise
in the NPQ level was detected under HL-ND conditions. The init ial NPQ value was
with 0.43 already twice as high as under LL or HL conditions. Su rprisingly, the pres-
ence of light stress does not correlate with an increasing NP Q value. It rather follows
the same tendency as observed for the maximum quantum yield. The signal-to-noise
ratio for the PAM measurement under HL-ND as relatively low co mpared to the cul-
tivations under nitrogen-replete conditions due to the ver y low chlorophyll content
in the biomass. Since the measuring principle of PAM is the em ission of chlorophyll
uorescence, the detection in diluted cell suspension with | ow chlorophyll content
is more challenging and error-prone than in biomass with hig her chlorophyll con-
tent. However, the observed behavior should still adequatel y re ect the changes in
photosynthetic performance.
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Figure 6.10.: Photosynthetic performance expressed as maximum (F ps;; max) and effective
quantum yield of PSII ( Fpg)ef) as well as non-photochemical quenching (NPQ) under
HL-ND conditions in correlation to the incident light per cell.
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6.4 Macromolecular biomass composition

The content of high-value products, such as carotenoids or polyunsaturated fatty
acids, in the biomass is typically below 10 % and a large fraction of residual biomass
mainly composed out of carbohydrates and proteins remains u nused. In contrast, the
economic feasibility of microalgal processes is often dif cult to achieve because of
energy and cost-intensive harvesting and extraction steps. Therefore, microalgal pro-
cess design requires tailor-made biore nery approach to va lorize most of the biomass
fractions. An important prerequisite is the fast character ization of the macromolecu-
lar biomass composition since conventional biochemical assays are time-consuming
and often require large sample amounts. Therefore, the foll owing section presents
infrared spectroscopy as a fast and reliable method to deter mine the macromolecular
biomass composition of D. salinaunder various abiotic stress conditions.

Algae biomass is mainly composed out of three biomacromolec ules; proteins, carbo-
hydrates as well as polar and apolar lipids. Commonly their a mount in the biomass
is quanti ed by single biochemical methods (see Chapter 5). FTIR spectroscopy is
able to analyze several IR-active compounds in a multi-compo nent mixture (such as
biomass) in one sample and in a short time (see Section3.3). In the following section,
the applicability of FTIR spectroscopy to biomass compositi on analysis of D. salinais
discussed.

6.4.1. Optimization and validation of FTIR spectroscopy fo r
analysis of biomass composition

The main requirement for a standard substance is that it poss esses the same character-
istic atomic bonds and consequently peaks at the same charaderistic wavenumber, as
the macromolecule it represents. In Table 3.3, the most important atomic bonds that
were con rmed by Giordano etal. (2001 and Liu etal. (2013 are shown with the
characteristic wavenumbers at which they absorb and the macromolecule they are
assigned to. Previous research byWagner et al. (2010 demonstrated the applicability
of BSA as protein standard, glycerol tripalmitate for lipid s and laminarin for carbohy-
drates for microalgae biomass. Therefore, absorption spedra for the aforementioned
standards were collected and depicted in Fig. 6.11 The absorption spectra of BSA,
laminarin and glycerol tripalmitate agree in wavenumber an d relative height of the
characteristic absorption peaks with Wagner et al. (2010. A comparison of the char-
acteristic wavenumbers is shown in Table 6.4

Table 6.4.: Characteristic wavenumbers identi ed for D. salinain this work compared to
Wagner et al. (2010.

Macromolecular group Substance Wavenumber (cm 1) Wavenumber (cm 1)
in this study by Wagner et al. (2010

Carbohydrates Laminarin 1157 1150

Proteins BSA 1545 1545

Lipids Glycerol tripalmitate 1736 1740

The protein standard BSA showed two major peaks correspondin g to the amide | and
Il bands at 1545 and 1658 cm . Glycerol tripalmitate has been proven to be an appro-
priate standard for lipids due to its characteristic peaks a t 2849 and 2915 cm?, which



6.4. Macromolecular biomass composition 55

can be assigned to the C-H bond of saturated carbons and at 17& cm ! for symmetric

C=0 stretch of membrane lipids and fatty acids. The polysacc haride laminarin con-

sists of 23 - 25 glucose units. Its absorption spectrum is comparable to glucose in sev-
eral wavenumber regions, e.g in the characteristic area for the symmetric C-O stretch
of monosaccharides from 1100 - 1000 cm?. Beside, laminarin also show characteris-
tic bands in the region of 1200-1100 cm * which can be assigned to the symmetric
C-O-C stretch of polysaccharides. The laminarin absorptio n spectrum exhibits a local
maximum at 1157 cm 1.

;
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!
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N
T

Figure 6.11.: FTIR absorption spectra for the three macromolecular standards: a) BSA, b)
laminarin and c) glycerol tripalmitate as well as the algal ce lIs diluted in d) water and e) a
trichloromethane:methanol mixture.

In order to evaluate whether the above mentioned standards ar e appropriate to en-
able a quanti cation of Dunaliellabiomass, the characteristic peaks identi ed in Table
6.4 were tested for various cell densities of D.salinaranging from 0.5-1 1C®cells
mL * grown under low light and nutrient-replete conditions (see Table 6.3 for cul-
tivation conditions). Fig. 6.11shows that all characteristic peaks identi ed in Table
6.4for the chosen macromolecular standards were also present in the cellular spectra.
However, as already found by Wagner et al. (2010 there is a spectral overlap with
the amide | band at 1650 cm * and the symmetric C=0 stretch at 1736 cm * which is
characteristic for fatty acids.

Subsequently, a calibration curve for the selected standards was constructed to en-
able a quanti cation of the cellular macromolecule content based on the height of the
characteristic peaks listed in Table 6.4. The coef cient of determination (R 2) was 0.99
for BSA and glycerol tripalmitate and 0.98 for laminarin whi  ch indicates a good linear
correlation between the peak height and the molecular densi ty in the sample.
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6.4.2. Application of FTIR spectrometry for relative
macromolecular changes under abiotic stress

Based on the identi ed characteristic peaks (see Table 6.4), the macromolecular com-
position of D. salinaunder abiotic stress conditions was investigated (see Table 6.3for
cultivation conditions). Fig. 6.12depicts the changes in biomass composition when
cultivated under LL, HL and HL-ND conditions compared to the in  oculum. A visual
comparison of the peak heights of the at the characteristic w avenumbers already pro-
vide insights about the relative changes in the biomacromol ecules. The results of the
macromolecular ratios calculated for the stationary phase compared to the inoculum
grown under low light and nutrient-replete conditions is sh  own in Fig. 6.13
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Figure 6.12.: FTIR absorption spectra for the three macromolecular standards: a) BSA, b)
laminarin and c) glycerol tripalmitate) as well as algal cell s of the inoculum and stationary
phase cultivated under the following conditions: d) LL, e) HL and  f) HL-ND.

It is clearly visible that the macromolecular composition un der nitrogen-replete con-
ditions (LL and HL) showed only minor changes compared to the i noculum. Only
under prolonged nutrient-starvation a signi cant effect o n the biomass composition
was detected (Fig. 6.12). In the HL-ND cultivation, the peak height of the amide-I
band at 1650 cm 1 (symmetric C=0 stretch) corresponding to the protein fract ion de-
creased signi cantly. This is in line with current knowledg e where biochemical anal-
ysis of D. tertiolectaby Fabregas et al.(1989 already revealed a positive correlation
between nitrate density in the medium and protein fraction i n the biomass. Addi-
tionally, an unknown peak was detected between the amide | an d amide Il peak at
1600 cm 1. According to Giinzler and Gremlich (2003, the strong absorption at this
wavenumber is (among others) characteristic for the carbon double bond (C=C) of
aromatic compounds. Another explanation for the peak at 160 0 cm * could be a struc-
tural change in the protein structure as a consequence of prolonged nitrogen starva-
tion. Gunzler and Gremlich (2003 names a substitution of a neighboring atom of the
amide band or a mesomeric effects as a possible reason for thepeak shift as already
shown in Halverson et al. (1991), where a shift of the amide | band from 1640cm ! to
1610cm !is caused by an isotopic replacement of a C atom in an anti-parallel b-sheet.
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Figure 6.13.: Macromolecular ratios of carbohydrates, protein and lipids in the inoculum
and stationary phase of batch cultivations.

Based on the peak heights of the characteristic peaks, the ma&romolecular ratios
of protein:carbohydrate, protein:lipid and carbohydrate :lipid were calculated and

shown in Fig. 6.13 The protein:carbohydrate ratio ranges from 1.23 in the ino culum

to 2.3 under LL conditions. The higher protein:carbohydrat e ratio under LL condi-

tions was caused by a higher protein fraction and lower carbo hydrate fraction in the

stationary phase compared to the inoculum. The protein:lip id ratio decreases under
all three cultivation conditions from 4.14 to 3.20 under HL-N D conditions indicat-

ing a slightly higher lipid fraction in the stationary phase compared to the inoculum.

The carbohydrate:lipid fraction indicates that the highes t fraction was achieved in

the inoculum with a ratio of 3.36, where the starch is the pref erred short term stor-

age energy sink which provide energy for cell growth and divi sion. In the stationary
cultures, the carbohydrate:lipid ratio increases with inc reasing abiotic stress. The LL
culture had a ratio of 1.59, the HL culture of 1.74 and the HL-ND c ulture 2.47. The
relatively high carbohydrate:lipid ratio under HL-ND condi tions indicates that un-

der nutrient depletion where protein synthesis is strongly impaired starch is a good
energy sink beside carotenoid-containing lipid globules.

6.4.3. Comparison of quantitative biomass analysis using F TIR
spectroscopy with conventional biochemical methods

After proving that FTIR spectroscopy is able to determine rel ative changes in biomacro-
molecules under abiotic stress, its ability to provide quan titative information about
biomass composition was investigated. Therefore, the biomass was analyzed with
conventional biochemical methods for protein, carbohydra te and lipid determination
and compared with FTIR spectroscopy calibration based on peak height. The results
of this comparison are shown in Table 6.5 The biochemical biomass analysis was

Table 6.5.: Comparison of quantitative biomass analysis using FTIR spectros copy with con-
ventional biochemical methods.

Macromolecular group Protein Carbohydrates (Starch) Lipids
(% wiw) (% wiw) (% wiw)

Biochemical methods 43 4 9

FTIR spectroscopy 38 3 7

conducted with conventional assays as described in Section 5.12and the results are
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depicted in Table 6.5. Additionally, the biomass was measured by FTIR spectroscopy
and a calibration curve with the above mentioned standards w as measured. The
quanti cation of the cellular macromolecule content was ca Iculated based on the
peak height. The protein determination revealed a close match between the values
for the Lowry method and FTIR method, namely 43% (w/w) and 38%. The same
applies to the carbohydrate determination, where almost co mparable values for the
phenol-sulfric acid method (3 % (w/w) of starch) and the FTIR m ethod (4 % (w/w) of
polysaccharides) were measured. Finally, the results for the lipid-extracted biomass
analyzed with conventional soxhlet extraction with a lipid  content of 9 % (w/w) con-
rmed the value of 7 % lipids measured by FTIR spectroscopy. Whe n comparing the
results of biochemical assays with FTIR spectroscopy it is evident that there is only
a minor deviation between the two methods and FTIR spectrosco py is well suited to
evaluate microalgal biomass composition in a fast and relia ble way.



Chapter 7
Dynamic-kinetic modeling

Mathematical models can help identifying new details of the metabolism for eco-
nomically feasible production of added-value compounds. D etailed knowledge from
laboratory scale cultivations can support operating and co ntrolling large-scale culti-
vation systems. Here, a reliable mathematical model is an imp ortant prerequisite for
understanding effects of various cultivation conditions o n growth and pigmentation.
Some successful approaches to model microalgal metabolismon the basis of nutrient
uptake and light utilization linked to biomass growth and st orage molecule accumu-
lation have been reported in literature. The majority of publ ished microalgal growth
models consist of ODEs to describe the dynamic changes in the biomass in a kinetic
manner for different green microalgal species (Mairet et al., 2011 Packer et al, 201%,
Quinn et al., 201% Klok et al., 2013 Adesanya et al., 2014).

These kind of models offer the advantage of providing a exibl e platform for includ-
ing biochemical knowledge of the metabolism and provide the opportunity to predict
cellular properties for different cultivation scenarios a nd operation modes. This is of
particular advantage since it allows for extrapolation ins ide or even outside of the ex-
perimental region and reduces the number of further time-co nsuming experiments.
The crucial issue of predictivity covers two important aspe cts in mathematical model-
ing. First, a valid model structure based on mechanistic mod el equations formulated
with biochemical knowledge of the system and secondly welld etermined and identi-
able model parameters. Only few of the previously publishe d studies addressed the
importance of parameter identi ability on predictivity an  d model state uncertainties.
This is a crucial modeling task, since depending on the detai | of the proposed equa-
tion system, all presented growth models share a high number of model parameters
needed to describe the complex phenomena of nutrient uptake and light adaption
nally leading to biomass growth and product formation. Par ameter identi ability
and related predictive power of the model is a crucial issue t owards model-based ap-
plication for large scale cultivation scenarios and robust microalgal process design as
it analyzes the reliability of the parameter estimates and t hus model predictions in
the light of the given data ( Mufioz-Tamayo et al., 2014).

This chapter aims at formulating a predictive model for grow th and pigmentation of
D. salinathat includes the utilization of light and nitrogen as the pr imary in uencing
factors. A special focus was directed towards a potential pa rameter reduction, the
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estimation of the model parameters from measured data point s and the analysis of
their identi ability.

Table 7.1.: Summary of experimental conditions of D. salinacultivated in batch mode used
to calibrate the dynamic-kinetic growth model.

Purpose Reactor Abbr. Light intensity per biomass Duration of Extracellular nitrogen
(molm 2stg ldwl) lagphase (d) density (9N L 1)
Model calibration INFORS LL 408 3 0.51
HL 2124 4 0.51
HL-ND 3870 1 0.05
Model validation LL-ND 372 1 0.04
LL-NL 372 2 0.09

7.1 Model formulation

In the following section, the important factors affecting mi croalgal growth are brie y
described. After that the essential assumptions and equations of the model to provide
all necessary information for understanding and assessing the simulation results are
given. The model equations formulated to describe the state variables for the cellular
processes inD. salinaduring growth are subdivided into two categories. Firstly, the
dynamic changes in the state variables are represented by ominary differential equa-
tions. Secondly, the kinetic expressions and microalgal biomass characteristics are
expressed by algebraic equations. The presented dynamic madel equations consider
the following ve state variables:

- Biomass density ry (g dwm 3)

Extracellular nitrogen density ry (N m 3)
- Intracellular nitrogen fraction wy (N g *dw)

- Chlorophyll fraction wcp (g Chlg *dw)

b-carotene fraction we,, (g Car g * dw)

7.1.1. Light attenuation in the photobioreactor

The absorption and scattering of light by microalgal biomas s are major determinants
for the ef ciency of growth in photosynthetic cultivation s ystems. Therefore, it is
important to describe the light attenuation in the photobio reactor in an appropriate
manner. The amount of absorbed light is mainly determined by the fraction of photo-
synthetic pigments such as chlorophylls and carotenoids in the biomass. Beside light
absorption, light scattering acts as an important phenomen on in light harvesting in
a biomass-dependent manner leading to a reduction in the pho tosynthetic ef ciency.
The incident light falling on the reactor surface Eg decreases exponentially along the
optical path coordinate L according to the law of Lambert-Beer.

E°Le Epgexp "archy brea c L (7.2)
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where a, b and c represent the absorption and scattering coef cients of the biomass
and r o and r ¢4 are the pigment densities in the reactor. Given a PBR with the opti-
cal path length L=z, the transmitted photon ux density Eqyt is calculated as follows:

Eouu E°L zo Epgexp "arcy brea € z (7.2)

The average photon ux density E in the photobioreactor is calculated by integration
of E"Le~L between L 0 and the optical path length L z:
E Eo

"arch brea ¢z

"1l exp "arcy brca C ze (7.3)

The absorbed photon ux Egysis calculated from the difference of incident and trans-
mitted photon ux density normalized to the reactor surface  Spgg:

Eabs "Eo Eout® Seer (7.4)

The light intensity per biomass Ey g, is calculated from the ratio of average photon
ux density E and the biomass density r x normalized to the reactor volume Vpgg!

E
E S (7.5)
Xaw oy x VPBR

7.1.2. Nitrogen uptake rate

The uptake rate of inorganic nitrogen ry from the medium was assumed to follow
Michaelis-Menten kinetics (Eq. 7.6). By including the Droop function into the up-
take rate, the expression ensures that nitrogen uptake is terminated under nitrogen-
repleted conditions ( Droop, 1968:

I'N,ext @ WN

N I'N,max (7.6)

Inext Ksn WN,max
where ry max and Ks y represent the maximal uptake rate and the half-saturation ¢ o-
ef cient for nitrogen as well as  wy max Which is the maximal nitrogen quota in the
biomass.

7.1.3. b-carotene synthesis rate

The synthesis of b-carotene mainly depends on the presence and intensity of li ght and
nutrient stress. Therefore, the equation for its synthesis couples a light-dependent
and nutrient-dependent synthesis term as formulated below (Eq.7.7):
k 1 13
Ek rCar,N " K
X, dw WN,crit

Fcar Icark (7.7)

Ek

car,crit WN *

where rcg g and regen represent the maximal synthesis rate under light and nutrie nt
stress. The half saturation coef cients for light and nutri ent stress are denoted as
Ecarcrit and wy crit . The Hill coef cient is represented by k. The dependency of the
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light intensity per biomass ( Ex q4y) and nitrogen cell quota (wy) on the b-carotene
synthesis rate (rcgr) is illustrated in Fig. 7.1
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Figure 7.1.: Dependency of the light intensity per biomass ( Ex ) and nitrogen cell quota
(wy) on the b-carotene synthesis rate €car)-

7.1.4. Photosynthesis rate

The carbon-speci ¢, light-limited photosynthesis rate ca n be expressed using Eq.7.8

WN,min | @ exp aYxg E, (7.8)

'p I'pmax &
WN I'p,max

where rpmax is the maximal photosynthesis rate, wy min is the minimal nitrogen quota
of the biomass and Y g is the biomass yield on light energy. This relationship deve I-
oped by Geider et al. (1998 includes the dependencies on the average photon ux
density, the light absorption properties, the photon ef ci ency and the nutrient status
of the biomass.

7.1.5. Growth rate

Since pronounced photoinhibitory effects were observed un der HL and HL-ND con-
ditions, a growth rate approach containing an inhibition te  rm has been formulated to
describe the speci c biomass growth rate m(Mairet et al., 2011). In addition, a Droop
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term has been added to the equation to ensure growth arrest un der nitrogen depletion
as shown in Eq. 7.9

Ex dw WN,min
M Mhax : a —— (7.9)
rx E)2(,dw WN
EX,dw Ks,E E K. e
I

The dependency of the light intensity per biomass ( Ex q4y,) and nitrogen cell quota
(wy) on the maximal growth rate ( mmax) is illustrated in Fig. 7.2 Since the cells need
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Figure 7.2.: Dependency of the light intensity per biomass ( Ex q,) and nitrogen cell quota
(wy) on the maximal growth rate ( Max)-

to adapt to the conditions in the photobioreactor, attime t 0 aninitial lag phase was
observed in the experimental data. Therefore, the speci ¢ g rowth rate was adjusted
using a Hill function:

tk
| ko tk

F (7.10)
to estimate the lagphase F where k is the exponential factor describing the transition
from lag to exponential phase and | is the duration of the lag phase. Taking the
respiration rate into account, the following equation for t he net speci ¢ growth rate
Mhet Was derived:

Met F "M rre (7.112)

The biomass yield on light energy Yy g is calculated according the following expres-
sion:
mrx Vper

Yxg ————— (7.12)
Eabs
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where Vpgris the reactor volume.

After the formulation of the kinetic expressions, Egs. 7.2- 7.12 the following ve
dynamic equations are deduced in order to describe biomass growth, chlorophyll
and b-carotene fraction, extracellular nitrogen density and ni trogen quota:

dry
X " 7.13
dt Mhet 'x ( )
drn ext
, T 7.14
ot N Tx (7.14)
dWN
—r mw 7.15
it N N (7.15)
dw Wehn M
dfhl il N et e (7.16)
- GéNcm,
Wc
dw.
d?ar Fcar Mhet Wcar (7.17)

The model equations contain nine parameters (optimization variables) and eleven
biomass and three reactor constants (see Table€7.2). The presented model equations
were formulated with special emphasis on limiting the numbe r of model parameters
to a minimum, e.g. the biomass yield on light energy Yx g (Eq. 7.12 was calculated
from the state variables instead.

The proposed model was implemented in MATLAB (MathWorks) an d solved by
using CVODES (Hindmarsh et al., 2005. The model simulations were compared
with experimental data of D. salinagrown under different cultivations conditions (Ta-
ble 7.1) in a at-plate photobioreactor in batch mode. The nine model parameters
were estimated using the nonlinear optimization algorithm fmincon initialized with
parameter values taken from literature and experimental da ta. This algorithm at-
tempts to nd a set of parameters that minimizes the objective function de ned in
Eq.7.18

7.1.6. Pro le likelihood analysis of model parameters

In most cases the model parametersQ are unknown and need to be estimated nu-
merically from experimental data and proposed model equati ons. During parameter
identi cation, the agreement of experimental data vy, "tje with the simulation results
vk ti, Qe+ is evaluated by the weighted sum of squared residuals c2"Qe as an objective
function:

2~ m 1. . ~ 2
CTQ QQ = V'ti* Yk'tj,Qe", (7.18)
k 1i 1Ski

where mis the number of measured outputs, dy is the number of measurement times,
yk and y are the k-th measured output variable and corresponding model predi ction
and skzi is the variance in the measured data. For independent, normally distributed,
additive measurement noise, c2" Q- is proportional to the negative log-likelihood
function. In this case, parameter estimation based on minimi zing the residual sum
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of squares is equivalent to maximizing the likelihood funct ion and can therefore be
used instead.

An often used method to proof the reliability of an estimated parameter set is the anal-
ysis of parameter identi ability. In this work, an approach p roposed by Raue et al.
(2009 using constrained likelihood pro les was applied. The str ength of the ap-
proach is to systematically explore the high-dimensional p arameter space for each
parameter individually ( Kreutz et al., 2013. In detall, for each parameter Q; a section
along the least increase in c2* Qe with respect to all other parameters Qjxi is com-
puted:

C%LAQi' min cZ‘Q- (7.19)

ixi

The shape och,L“Qi- can be used to assess the identi ability of each parameter for
given data. ldenti able parameters have a parabolically sha ped pro le likelihood
c2,"Qi*. Given that c2, "Q; follows a c? distribution, one may derive a critical
value c%l_ for a con dence level of typically 95 %, which can be used to de rive the
corresponding con dence interval for the respective param eter.

In case of non-identi ability, one can distinguish between s tructural and practical
non-identi ability. Non-identi ability is indicated by a at shape of c%,_ either in
direction of one con dence bound (practical non-identi ab ility) or in direction of
both con dence bounds (structural non-identi ability). S tructural non-identi ability
arises from the model structure, whereas practical non-ide nti ability results from a
lack in the amount and quality of experimental data. For mode | parameters which are
non-identi able, a change of the parameter value has no sign i cant in uence on the
likelihood value and hence does not in uence observed model o utputs. However, in-
ternal non-observed model states can vary signi cantly, re ndering model predictions
on internal states questionable.

The MATLAB implementation of the pro le likelihood algorit hm was based on a
pseudocode provided by Raue et al.(2009 and was parallelized by Robert J. Flassig.
Absolute and relative tolerances have been set to 10 ” and 10 °, respectively.

7.2 Determination of biomass-speci c parameters

In order to achieve a high predictability of the model and to re duce the number of
estimated parameters, biomass-speci ¢ constants were directly determined from ex-
perimental data.

Duration of the lag phase

The duration of the lag phase | was estimated from the cell density growth curve
(see Table7.1). According to Baty and Delignette-Muller (2004, the Hill coef cient
was settok 4.
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Elemental biomass composition

The minimal and maximal nitrogen quota ( Wy min and Wy max) as well as the carbon
fraction wc in the biomass were determined C/H/N analysis as described in  Chap-
ter 5.

Absorption properties of the biomass

The chlorophyll content in the microalgal biomass is strong ly dependent on the light
conditions in the photobioreactor and consequently is subje ct to substantial uctua-
tions during the cultivation. The optical cross section of ¢ hlorophyll a(aF) is an im-
portant variable describing the packaging of this pigmenti n the PSII. As depicted in
Fig. 7.3a-c, a is subject to signi cant variations under uctuating light co  nditions.
The values for the optical cross section of chlorophyll arange from 6.8t0 19.8 n? g !
Chl under low light conditions (LL), from 9.6 to 21.2 m 2 g 1 Chl under high light
conditions (HL)and from 6.8 to 11.1 m 2 g * under high light and nitrogen-depleted
conditions (HL-ND). In order to keep the kinetic model as simpl e as possible, the
optical cross section of chlorophyll a(a*) was xed to 11.84 m2 g ! Chl aaccording
to the average measurement value under the three tested cultivation conditions as
shown in Fig. 7.3 The pigment speci ¢ absorption and backscattering coef ¢ ients (a,
b and c) were estimated by maximizing the match between the measure d values of
incident and transmitted light intensity.

Figure 7.3.: Effect of various cultivation conditions on the time-variant inpu t variables,
optical cross section of chlorophyll a. Optical cross section of chlorophyll afor cultivation
under LL (a), HL (b) and HL-ND conditions (c). The dashed line re presents the cubic spline
interpolation between the experimental data points (symbols).

According to the measurement results the values for the biom ass-speci ¢ parameters
were set as shown in Table 7.2

7.3 Parameter estimation

The presented model was used to estimate a set of nine model parameters for the
equation system, which describes the dynamic changes in the biomass density, the
chlorophyll and b-carotene fraction as well as the extracellular nitrogen de nsity in



7.3. Parameter estimation 67

Table 7.2.: Summary of biomass-speci ¢ parameters for D. salinaderived from experiments
and literature data.

Description Symbol  Value Unit Source

Optical cross section of chloro- af 11.84 mfg 1 Chla Average of experimental data

phyll a

Absoption coeff. of chlorophyll a 5.134 mfg LChl Fitting of absorption model to exp. data
aand b

Absoption coeff. of b-carotene b 2.202 nmfg !car Fitting of absorption model to exp. data
Backscattering coeff. of the c 16.591 m? Fitting of absorption model to exp. data
biomass

Hill coef cent k 4 - Literature (Baty and Delignette-Muller , 2009
Duration of the lag phase | variable d Estimation from exp. data (see Table 7.1)
Maximal theoretical photosyn-  rpmax 1526 gCglchld ! Estimation from exp. data

thesis rate

Carbon fraction We 0.49 gNg tdw Direct measurement

Maximal cell quota for nitrogen WN, max 0.03 gNg tdw Direct measurement

Minimal cell quota for nitrogen WN,min 0.10 gNg tdw Direct measurement

Critical N cell quota for W, crit. 0.08 gNg tdw Estimation from exp. data

b-carotene synthesis

Reactor thickness z 0.02 m Reactor constant

Reactor volume Vpgr 0.0018 m?3 Reactor constant

Reactor surface SPBR 0.09 m 2 Reactor constant

largest agreement to the experimental data. For this purpose, the objective function
was de ned to minimize the weighted sum of squared residuals (Eq. 7.18 for ry,
Wchi, Wear @nd ry exe for three experimental conditions (see LL, HL and HL-ND in
Table 8.2). During parameter estimation, box constraints were impos ed on the pa-
rameters. The box bounds have been chosen according to bio-ghysical limitations,
e.g. the respiration rate rg can not be smaller than zero. The measurement variances
were parameterized as slfi 0.1maxy,tee, i.e. each measurement is assumed to
have a variance of 10 % from the maximal value of the respective time course. This
variance parameterization most likely overestimates the t rue variance but should at
least give an upper bound on the true variance levels. The par ameter setQ obtained
from the constrained least squares t is given in Table 7.3 At the optimal param-
eter vector, ac? 950 was calculated for a total number of measurement points of
ny 172.

Table 7.3.: Summary of the obtained optimal parameter values Q as well as the individual
con dence intervals [ s; ;s; ] corresponding to a con dence level of 95 % from constrained
non-linear optimization and pro le likelihood analysis for ~ D. salina

Symbol  Q 5; 5; Identi ability

I'N,max 0.346 0.249 0.531  Structurally and practically identi able
Ksn 0.05 0.0003 3.591 Structurally and practically identi able
NMnax 1.708 1.406 2.130  Structurally and practically identi able
Ks g 0.033 0.018 0.055 Structurally and practically identi able
Kig 68.719 48.186 97.744 Structurally and practically identi able

Ecarcrit  77.718 74.102 80.138  Structurally and practically identi able
I'car,E 0.032 0.022 0.041  Structurally and practically identi able
I'carN 0.005 0.0045 0.0055 Structurally and practically identi able
rrR 0.142 0.131 0.152  Structurally and practically identi able
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7.3.1. Biomass growth under uctuating light and nutrient
conditions

The simulation results shown in Fig. 7.4 a-c demonstrate that the model describes
the dynamics of biomass growth under various light and nutri tional conditions with
the estimated parameter setQ (Table 7.3) in a good manner. The maximum biomass
density from all three experimental conditions was achieve d in the cultivation un-
der low light (LL), namely 7.2g dw L 1. This corresponds to a nal cell density of
1.4 10’ cells mL ! cultivation volume. The nal biomass density reached in the sta-
tionary phase for the cultivations under high light (HL) is 6. 5g dw L ! and almost
comparable to the low light condition (LL). Under high light  and nitrogen depletion
(HL-ND) the biomass growth was signi cantly lowered due to nu trient abundance
andonly 1.1gdw L ! biomass was achieved.

Figure 7.4.: Model simulations for the effect of various cultivation conditions on the
biomass density ry g, (a-c), the extracellular nitrogen density ryex (d-f) and the b-
carotene fraction wg4, (g-i). Comparison of the simulated time course (lines) with expe ri-
mental data (symbols).
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7.3.2. Extracellular nitrogen uptake

The simulated time course for the extracellular nitrogen de nsity agreed well with the

experimental data (Fig. 7.4d-f). The results revealed that the growth under all three

conditions was always nutrient and never light-limited. As expected, the growth
under nutrient-depleted conditions (HL-ND) was governed by the lowest external
nutrient availability and the internal nutrient status of t  he cells. The external nitrogen
was totally depleted four days after inoculation in the nitr ogen starved culture (HL-
ND). The simulation results clearly indicate, that nitroge n uptake is strongly reduced
in the lag phase under nitrogen-repleted conditions (LL, HL), since th e nitrogen cell
quota is close to its maximal value wy max (Fig. 7.4d-f).

7.3.3. b-carotene fraction in the biomass

The model simulations agree well with the experimental data for the b-carotene frac-
tion wegr in the cells (Fig. 7.4 g-i). The data clearly indicate that light and nutrient
stress alone are able to induce the accumulation of the photoprotective pigments.
However, when both stress conditions are combined under HL-ND conditions the
b-carotene synthesis exceeds the fractions achieved under L or HL conditions. The
highest b-carotene fraction was detected in the HL-ND culture with 8.0 % (w/w), fol-
lowed by the HL culture with 4.3 % (w/w) at day 3 and 2.7 % (w/w) in the stationary
culture under LL conditions. Under HL conditions the initial Iy high b-carotene accu-
mulation induced by the presence of light stress declined as soon as the incident light
intensity fell below the xed light stress of 3000 nmolm s ' g ! dw L due to the
physical limitation of the LED light panel to a maximal light intensity of 3000 nmol
m 2s 1. Under LL conditions, the b-carotene synthesis started when a critical nitro-
gen quota of approximately 0.075g N g ! dw was reached.

7.3.4. Total chlorophyll fraction in the biomass

The model simulations agree reasonably well with the experi mental data for the
chlorophyll fraction wcp, which is crucial for predicting the light attenuation inth e
reactor (Fig. 7.5a-c). During the initial cultivation period more light ener gy is sup-
plied per cell than is required for growth, resulting in a con siderable decline of the to-
tal chlorophyll fraction under all three conditions. The mi  nimal total chlorophyll con-
tent in the biomass is almost comparable under three cultiva tion conditions, namely
0.004 gChlg * dw.

7.4 Model predictions

The estimated parameter set (Table7.3) was used to predict dynamic changes of the
non-measured dynamic state, namely the internal nitrogen c ell quota wy for the mea-
sured experimental conditions (LL, HL, HL-ND) as presented in  Fig. 7.5d-f.
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Figure 7.5.: Model simulations for the effect of various cultivation conditions on the the
chlorophyll fraction wcy, (a-c) and the nitrogen quota in the biomass wy (d-f). Comparison
of the simulated time course (lines) with experimental data (s ymbols).

7.4.1. Nitrogen cell quota and the nitrogen uptake rate

In this study, the nitrogen cell quota of the inoculum grown un  der nitrogen-repleted
conditions was set to 0.10 gN g * dw, which has been determined by C/H/N anal-
ysis and corresponds to the maximal nitrogen quota in the bio masswy max (see Ta-
ble 7.2). Experimental data for minimal and maximal cell quota have been published
for the closely related species Dunaliella tertiolecta(Goldman and Peavey, 1979. The
reported minimal nitrogen cell quota was 0.03 g N g ! dw and the maximal nitro-
gen cell quota was 0.08 g N g * dw, which is close to our experimentally determined
values.

The predicted maximal nitrogen uptake rate is 0.346g Ng ' dwd ! The value
for the calculated nitrogen uptake rate ry (see Eq.7.6) under all three conditions is
approx. 0.05gN g Ydwd I, which is in good agreement with measurements rang-
ing from 0.05-0.015 g N g * dw d ! measured for several green microalgal species
by Hein et al. (1995. However, it is lower than measured nitrogen uptake rates fo r
the same strain used in this study, namely D.salina CCAP 19/18, grown in a low
light turbidostat culture (0.085gNg 'dwd *) measured by Lamers et al. (2012 and
0.08 gNg tdwd !from Lomas and Glibert (2000 measured for the closely related
organism D. tertiolecta
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7.5 Model validation

The proposed model with the estimated parameter set was vali dated with two inde-
pendent cultivation experiments in batch operation mode un der low light and nutri-
ent limited or depleted conditions (LL-ND and LL-NL) asillu  strated in Table 7.1 The
time courses for biomass density, external nitrogen density, b-carotene and chloro-
phyll fraction are in good agreement with the experimental d ata (Fig. 7.6 and 7.7).
Both cultures were nutrient limited indicated by an  b-carotene synthesis at day 6 of
the LL-ND culture and day 8 of LL-NL culture. Due to the higher initial nitrogen den-
sity (0.09 g N L * compared to 0.04 g N L 1) in the LL-NL culture, the nal biomass
density achieved in the stationary phase was also higher 1.7 g dw L ! compared to
1.0 gdw L *. The b-carotene fraction was almost similar to the cultivation un der LL
conditions (2.3 % (w/w) under LL-ND and 2.9 % (w/w) under LL-N L compared to
2.7% (w/w)).

Figure 7.6.: Model validation for the effect of various cultivation conditions ont he cell
density ry 4y (a-b), the extracellular nitrogen density ryex: (c-d) and the b-carotene frac-
tion wegr (e-f). Comparison of the simulated time course (lines) with expe rimental data
(symbols).
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Figure 7.7.: Model simulation for the effect of various cultivation conditions on t he the
chlorophyll fraction wcp, (a-b) and the nitrogen quota in the biomass wy (c-d). Comparison
of the simulated time course (lines) with experimental data (s ymbols).

7.6 ldenti ability analysis using the pro le likelihood

The results of the identi ability analysis of all model para meters using likelihood
pro les are presented in Fig. 7.8 This approach allows distinguishing between struc-
turally non-identi able, practically non-identi able an  d identi able parameters de-
pending on the shape of C|23|_ (Section7.1.6. The lower and upper bounds of the 95 %
con dence intervals are given in Table 7.3. All nine model parameters are identi able
indicated by the shape of the c3, curve and the nite size of the derived con dence
intervals (Fig. 7.8a-1i, black solid line and Table 7.3). Besides pro le likelihood, likeli-
hood analysis is frequently performed to evaluate the predi ctive power of a proposed
model. In contrast to the pro le likelihood, where one parame ter Q; is varied and all
other parameters Qjx; are re-optimized, for likelihood analysis only the paramet er
value for Q; is changed and the remaining parameters Qjy; are kept constant. Due
to this fact, the parameter identi ability analysis usingt he likelihood function is less
strict than the pro le likelihood based identi ability ana  lysis. This is illustrated in
Fig. 7.8 (gray dashed lines vs. black solid lines). Still, likelihoo d analysis is useful to
identify potentially non-identi able parameters.

The likelihood of the nine identi able model parameters see m to be in an asymp-
totic setting indicated by the parabolic shape with nite si ze of the 95% con dence
interval (Fig. 7.8 a-i). Due to the negligence of the parameter interdependencies,
the con dence interval derived for each parameter are signi cantly smaller for the
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Figure 7.8.: Pro le likelihood-based identi ability for all model parameter s: a) Maximal
nitrogen uptake rate rmax, b) Halfsaturation coef cient for nitrogen uptake Kg v, ¢) Maximal
growth rate mmax, d)Half saturation coef cient for photosynthetic growth  Kg g, €) Light
inhibition coef cient for photosynthetic growth K g, f) Critical light intensity for ~ b-carotene
synthesis Ecar,crit, 9) Light stress-induced b-carotene synthesis rater ¢, g, h) Nutrient stress-
induced b-carotene synthesis raterc,, N and i) Respiration rate rg. The pro le likelihood-
based sensitivity curve, where Q; is varied and all other parameters Qjx; are kept constant,
is indicated by the dashed gray line. The pro le likelihood-bas ed identi ability curves are
indicated by the black solid line. The blue dotted horizontal lin e indicates the threshold
utilized to assess likelihood-based 95 % con dence interval an d the asterisk corresponds to
the optimal parameter value.
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likelihood-based derivation compared to the pro le likeli hood. This example illus-
trates the strength of the identi ability analysis based on pro le likelihoods leading

to detailed information about parameter interdependencie s and reliable con dence
intervals. Non-identi ability of model parameters origin  ate from either unknown
functional dependencies between different parameters - in such a case, a change in a
model parameter can be compensated by several other model parameters - or struc-
tural non-observability. In order to overcome this limitati on, additional system out-
puts need to be quanti ed. The application of optimal experi mental design (OED)
approaches could be bene cial in order to determine the meas urement signal with
the highest information content ( Mu fioz-Tamayo et al., 2014 Flassig et al, 2015.

In summary, a dynamic-kinetic model has been proposed, which describes growth
and the pigmentation of D.salinaunder uctuating light and nutritional conditions
with nine model parameters. The results revealed that model simulation describes
the experimental data accurately. The identi ability anal ysis using the pro le likeli-
hood indicated that all nine parameters are structurally an d practically identi able.
The resulting predictive growth model allows the predictio n of biomass productiv-
ity and pigmentation under different cultivation conditio  ns and bioreactor operation
modes.



Chapter 8
Dynamic ux balance analysis

The construction of dynamic-kinetic bioreactor models usi ng ODEs is a well-established
formalism in bioprocess engineering. These models allow fo r prediction of biomass
growth, nutrient uptake and metabolite production and enab le the identi cation

of bottlenecks in the process setup. These simpli ed growth models as presented
in Chapter 7 are robust and computationally inexpensive but might be onl y valid
for a certain range of environmental conditions and thus hav e limited predictive
capabilities for extrapolation outside the experimental r egion (Hoffner et al., 2013.
The limitations in dynamic-kinetic models are attributed t o a variety of reasons
such as model non-linearity, parameter identi ability, es timability and uncertainty
(Srinivasan et al., 2015.

It is known that metabolic processes are based on complex readion pathways
throughout different subcellular compartments and its int egration into a metabolic
model is a prerequisite to get insight into the formation and regulation of metabolites
(Grafahrend-Belau et al., 2013. Although the methodological progress in quantita-
tive biology is advancing quickly, it is still not possible t o fully parametrize a dynamic
model of a microorganisms' metabolism at genome scale (Wu et al., 2016. Usually,
methods such as FBA are used to determine the ux distribution in a metabolic net-
work under given input conditions by maximization of an objec tive function (see
Chapter 4). However, FBA methods only account for growth under balance d condi-
tions and are limited to predicting steady state ux distribu tions. DFBA is an exten-
sion of classical FBA that allows the dynamic effects of the extracellular environment
on intracellular metabolism to be predicted and optimized ( Henson and Hanly , 2014).
This enables exploration of metabolic ux distributions con sistent with stoichiomet-
ric and thermodynamic constraints as well as constraints fo rmulated according to
experimental data (Wu et al., 2016.

The present chapter introduces an extension of the DFBA formulation to stress-
induced b-carotene accumulation in D. salina The objective is to develop and validate
a detailed and structured model for D. salina with focus on quantitative prediction

of stress-induced b-carotene production dependent on different external cult ivation
conditions. An important prerequisite for the formulation  of the DFBA model is the
reliable parametrization of the dynamically changing reac tor environment (as pre-
sented in Chapter 7) since the large number of reactions in a genome-scale metatwlic
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network (see Table 4.1) results in a bi-level optimization problem that is computa -
tionally expensive and challenging to solve.

Existing modeling formulations for dynamic prediction of m icroalgal metabolism fo-
cus on lipid production, as a feedstock for the next generati on of biofuels and do
not include stress-induced accumulation of other metaboli tes. DRUM (Dynamic Re-
duction of Unbalanced Metabolism) is a dynamic metabolic mo deling framework
which includes accumulation of intracellular metabolites Baroukh et al. (2014). This
approach relies on the de nition of subnetworks and EFM anal ysis of each of the
subnetworks. Since EFM analysis can become computationally expensive, this may
not be applicable to large (genome-scale) networks. Furthermore, prior knowledge
regarding the division into subnetworks must be available a nd kinetic expressions
have to be assigned to each of the subnetworks. In contrast, the current formulation
does not require EFM and therefore can be applied to genome-scale networks. An-
other approach that has been presented recently is MetDFBA (Willemsen et al., 2015.
This extension of DFBA assumes that metabolic measurementsare available. Such an
assumption may not be feasible for large-scale production systems. The derivation of
the model presented in this work also takes advantage of existing detailed metabolic
models. The recent advances in development of genome-scalemetabolic network
reconstructions for microalgae have been outlined in Chapt er 4.

8.1 Metabolic network analysis of the central carbon
metabolism

8.1.1. Recent advances in genome sequencing of  D.salina

Algae and higher plants possess three different DNA-contai ning compartments: the
nucleus, the plastid and the mitochondrion. The nomenclatu re of the respective
genomes is derived from the compartment they originate from . Therefore, the genetic
information in the nucleus is called the nuclear genome, whe reas the mitochondrial

and plastidal genomes are located inside the mitochondrion and the plastid. Col-

lectively, they are referred to as organelle genomes (Del Vasto, 2015. The majority
of genes in the organelle genome are attributed to metabolic functions in respective
organelle such as cellular respiration in the mitochondrio n and plastidal photosyn-

thesis. Beside photosynthesis, many other metabolic functions are associated with the
plastid such as fatty-acid biosynthesis, nitrogen assimil ation, amino acid and starch
biosynthesis (Del Vasto, 2015.

The sequencing of the organelle genomes ofD. salina CCAP19/18 isolated from the
Hutt Lagoon in Western Australia was completed in 2010 ( Smith et al., 2010. Un-
expectedly, the mitochondrial and plastidal genome of D. salinawere with 28 kb and
269 kb quite large and more than half of it consisted of non-co ding DNA and introns
(Smith et al., 2010.

Moreover, researchers around Jon Magnuson completed the sequencing of the nu-
clear D.salina CCAP 19/18 genome funded by the Department of Energy Joint
Genome Institute (http://genome.jgi.doe.gov/DunsalCCAP1 918/DunsalCCAP1918
.info.html). However, the assembly of the nuclear genome is c hallenging since it
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contains a high number of introns and extensive palindromic repeats preventing
the assembly of larger sets of overlapping DNA segments and hindering its as-
sembly (Del Vasto et al., 2015. Since, the annotated genes for all enzymes in the
Dunaliella metabolism are not available, the reconstruction of a metabolic network
map could not have been achieved so far. Though it might be ade quate to make use
of a metabolic network reconstruction of a close relative. A s listed in Table 4.1, for
the green alga C. reinhardtii various carbon core and genome-scale network models
have been developed. Moreover algae of the genus Dunaliella and Chlamydomonas
both belong to the order of Volvocales (Gonzalalez et al., 2009. In addition, there
is a broad consensus that the carbon core metabolisms of gre@ microalgae is con-
served along several lineages since almost 90 % of the functbnal annotated proteins
of C. reinhardtiiand of other microalgal proteins are homologs of Arabidopsis thaliana
proteins (Reijnders et al., 2015.

8.1.2. Comparison of enzymes in the carbon core metabolisms of
D.salina and C. reinhardtii

Although the central carbon metabolism is generally assume d to be conserved, a com-
parison of annotated enzymes in the Calvin cycle, the carbon-core metabolism and
the isoprenoid biosynthesis of D. salinawere compared with a reconstruction of the
central carbon metabolism of C. reinhardtiipublished by Kliphuis et al. (2011). The ba-
sis for this comparison with D. salinais formed by a collection of annotated enzymes
in the respective pathways was provided by Prof. J lGirgen Polle (Brooklyn College,
New York), a collaborator of the above mentioned D. salinanuclear genome project.
Fig. 8.1, 8.2 and 8.3 show the network map for the cytosol, the chloroplast and the
mitochondrium. The summarized network map containing allt hree considered com-
partments in one gure can be found in Appendix C (Fig. SJ).

As can be seen in the following gures, there is a high degree o f similarity in the
metabolic pathways for the calvin cycle, the photorespirat ion, the glycolysis, and
the pentose phosphate pathway between C. reinhardtii and D.salina In addition,
the reaction pathways highlighted in green were added to the network because the
corresponding enzymes have been identi ed in D. saling speci cally the carotenoid
biosynthesis, the crassulacean acid metabolism (CAM) and the starch synthesis.
However, this pathways also occur in C. reinhardtii but have been neglected by
Kliphuis et al. (2011 for reasons of simplicity. A prediction tool called PredAl go,
developed by Tardif etal. (2012 was designed to determine the subcellular local-
ization of nuclear-encoded enzymes in C. reinhardtii. For that, PredAlgo differs
between the following three compartments: the mitochondri um, the chloroplast and
the cytosol. The study of Tardif etal. (2012 showed that application of PredAlgo
led to an improved discrimination between plastidal and mit ochondrial-localized
proteins. As stated by the authors, PredAlgo works most accu ratere for the genus of
Chlamydomonaand related green algal species (Chlorophyta). The algorithm of this
program was applied to the annotated enzymes in the nuclear g enome of D. salina
by Prof. Jirgen Polle. The a comprehensive list of reactions and compounds in the
metabolic network can be found in Appendix C (Table Sland S2. All entries in the
list of reactions (see TableS1J) carrying an EC number (Enzyme commission number)
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Figure 8.1.: Network map of carbon core metabolism in the cytosol. The arrows displ ay
the direction and reversibility of the reactions. The reaction a rrows in highlighted in green

correspond to reactions that have been added to the network. The blue font color refers to

metabolites modeled as biomass compounds and the red font color refers to key reaction

components such as energy and reduction equivalents. Key reaction compounds differing
from the proposed central carbon metabolism for C. reinhardtiipublished by Kliphuis et al.

(2017 were highlighted in red. The magenta colored EC numbers belong to enzymes where

the corresponding genes were absent but which are necessary toconnect the metabolites of
the previous and following reactions. For reasons of simplicity, th e shuttling of metabolites

between the cytosol and chloroplast as well as the mitochondrium is not considered in this

graph.
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and KEGG ID (Kyoto Encyclopedia of Genes and Genomes) are anndated enzymes
of the D. salinagenome according to the compilation provided by Prof. J trgen Polle.
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Figure 8.2.: Network map of carbon core metabolism in the chloroplast. The arrows i ndi-
cate the direction and reversibility of the reactions. The gray boxes indicate shuttling of
metabolites between the considered compartments. The reaction arrows in highlighted in
green correspond to reactions that have been added to the network. The blue font color
refers to metabolites modeled as biomass compounds and the red font color refers to key
reaction components such as energy and reduction equivalents. The magenta colored EC
numbers belong to enzymes where the corresponding genes were absent but which are
necessary to connect the metabolites of the previous and following reactions.

The subcellular localization of some of the annotated enzym es differed from the ex-
pectations. For instance, the enzyme glyceraldehyde 3-phosphate dehydrogenase
(EC 1.2.1.9) which is part of the calvin cycle was predicted to be localized in the
cytosol rather than in the chloroplast. Furthermore, also c ytosolic forms of glycer-
aldehyde 3-phosphate dehydrogenase (EC 1.2.1.13/1.2.1.2) acting in the glycolysis
have been identi ed in the genome. For the triose-phosphate isomerase enzyme (EC
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5.3.1.1), PredAlgo predicted a chloroplast localization, although usually a cytosolic
localization is assumed.

4 )
<
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Figure 8.3.: Network map of carbon core metabolism in the mitochondrium. The arrow s
indicate the direction and reversibility of the reactions. The gray boxes indicate shuttling of
metabolites between the considered compartments. The blue font color refers to metabo-
lites modeled as biomass compounds and the red font color refers to key reaction compo-
nents such as energy and reduction equivalents.

In some essential parts of the metabolism such as the pentose fhosphate path-
way and the photorespiration also missing enzymes were foun d, namely ribulose-
phosphate 3-epimerase (EC 5.1.3.1) and glyoxylate reductae (EC 1.1.1.26). According
to Cordwell (1999, the occurence of missing enzymes can have various reasonssuch
as failed identi cation due to low sequence similarity, the reaction is performed by
an yet unknown enzyme, multi-enzyme complexes that catalyz e different reactions,
incorrect assignment of gene identities in genome databases or known enzymatic
reactions which have not been assigned to a gene sequence sodr. Since the enzymes
acting in the up-stream and down-stream reactions are present and the catalyzed re-
action is of physiological signi cance, it was not excluded from the reaction network.

8.2 Dynamic ux balance model

In FBA, models are based on the assumption that the intracellu lar reaction network
has reached a quasi-steady state (balanced-growth assumpion). In DFBA, it is as-
sumed that the intracellular dynamics are fast compared to e xtracellular dynamics
such that the quasi-steady state approximation for the FBA m odel remains valid.
For photosynthetic organisms that undergo constant enviro nmental uctuation this
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assumption is not justi able. Indeed, dynamic intracellular accumulation and con-
sumption are essential in the metabolism of the cells. Therefore, in the current formu-
lation, this is modeled by introducing intracellular dynam ic states. The DFBA model
developed here consists of two main components, a metabolic model of the microalga
and a dynamic model of the photobioreactor environment. The dynamic state vari-
ables of the model are the extracellular dynamic states, which are the biomass con-
centration on dry weight basis rx and the extracellular nitrate concentration ryo.,
in addition to the intracellular dynamic states, which are t he chlorophyll fraction of
total biomass wcp,, the b-carotene fraction of total biomass wcg,, and the nitrogen cell
quota wy.

8.2.1. Flux balance model

Since a genome-scale metabolic network representation ofD. salinais not avaiblable,
a metabolic network reconstruction of the green fresh water alga C. reinhardtii is
used to demonstrate the applicability of this network for pr ediction of the pigment
production of D.salina under different abiotic stress conditions ( Chang et al., 2011
Dal'Molin etal. , 2011). A key aspect of this study is the prediction of light- and
nitrogen-dependent growth and production of b-carotene. The stoichiometric net-
work of the FBA model is extended to account for the accumulat ion of chlorophyll
and b-carotene. In particular, reversible accumulation uxes are added to the mass
balance of these metabolites. Their upper and lower bounds are determined by the
regulatory models described below. The newly de ned uxes ar e conceptually the
same as the exchange uxes, except that they describe exchang with an intracellular
storage.

8.2.2. Exchange uxes

In addition to the modi cation of the FBA model, the upperand| ower bounds on the
exchange and accumulation uxes are speci ed as follows and a re derived from the
dynamic-kinetic model described in Chapter 7.

Light attenuation

The average photon ux density E in the photobioreactor is calculated as described in
Eq. 7.3 The optical depth is determined as the product of absorptio n coef cients and
densities of the major light absorbing pigments chlorophyll and b-carotene. The av-
erage biomass speci c light intensity that is the inputto th e FBA model is determined
as follows.

(8.1)

where ggi, is a unit conversion factor such that the unit of Ey g, is consistent
with existing FBA model input unit and ge is dimensionless ef ciency factor as
in Chang et al. (2011) and rx zis the biomass density per surface area of the bioreac-
torin g dw m 2. Finally, the upper and lower bound on the light exchange uxa re
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set to the average biomass speci c light intensity.

Nitrate metabolization ux

The rate at which the internal nitrate storage is metabolize d is denoted by Vno , met-
As with all other exchange uxes, the sign convention implies that a negative values
indicates a consumption of nitrate. In analogy with 7.6 of the dynamic-kinetic model,
the lower bound on nitrate metabolization rate is given by

Vkl%3,met VNO 3,met,max & %‘ ) (8.2)
N

where the maximal ux value Vo, met,max IS considered as a model parameter. The

metabolization is inhibited as the nitrogen cell quota wy reaches its minimal value

Wn min - Furthermore, it is assumed that no nitrate is synthesized t hrough this ux

and therefore the upper bound of the nitrate metabolization ux is set to zero.

Chlorophyll accumulation ux

An empirical model for the chlorophyll accumulation is deve loped based on the ob-
servation that the ratio between chlorophyll and nitrogen i n various photosynthetic
microorganisms can be approximated by a simple inhibition f unction of the incident
light (Thompson et al., 1990 Mairet et al., 2010. Speci cally, it is assumed that the
ratio is given by

= Ki,chi,n
9B Omax=—"—""—", (8.3)
E Kichin

where gmax is the maximal ratio and K; ¢ N is an inhibition constant. Furthermore,
since the data in Thompson et al. (1990 is collected under low and medium light
conditions, it is assumed that the ratio is constant for irra diance higher than a crit-
ical value Esar. The synthesis of chlorophyll in the metabolic network is en forced
by varying the bounds on the chlorophyll accumulation ux. Ift he lower bound is
greater than zero, only ux distributions with positive chlo  rophyll accumulation ux
are feasible in the FBA model. This redirects part of the metabolic activity towards
chlorophyll synthesis. Hence, to model the regulation of chl orophyll synthesis the
lower bound on the chlorophyll ux is assumed to be of the form

~= Wchi,
VP @ Ee WL':' : (8.4)

If V\LL’\':' @y~ E+, then the lower bound is greater than zero, which enables accumulation

of chlorophyll. If "\‘,’v%:" Ag"Es, then the lower bound is less than zero, which enables
metabolization of chlorophyll. This regulation can be cons idered as a proportional
control structure with the aim to track the ratio between chl orophyll and nitrogen.
The analogy between biochemical regulation and control str uctures is illustrated in
detail in Cloutier and Wellstead (2010. The maximal chlorophyll to nitrogen ratio
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Omax Was determined based on experimental data, whereas the inhibition constant
Kichin and the saturation light intensity are model parameters.

Carotene exchange ux

The photoprotective pigment b-carotene is produced in algae to increase the dissipa-
tion of energy at high photon ux densities. Under these condi tions the microorgan-

isms cannot utilize all light energy in the photosystem and t he excess is harmful to
the cell. Furthermore, the mechanism is energetically preferable only if the amount

of available nitrogen is low. If suf cient nitrogen (and carb on) is available, then the
light energy is used to generate more biomass.

As already stated in Chapter 7 (Eq. 7.7), it is assumed that for high photosynthesis

rates, which are measured by average biomass speci c light i ntensity, the biosynthe-
sis of b-carotene as a secondary carotenoid and energy sink is induced, while for low

light limiting conditions no accumulation occurs. In additi on to the light dependent

regulation, the dependency on intracellular nitrogen avai lability has to be taken into

account. At high nitrogen quota, the b-carotene synthesis rate is down regulated since
suf cient nitrogen is available for biomass synthesis. Com bining these two mecha-
nisms yields that the lower bound of the b-carotene exchange ux in the FBA model

is similar to the equation presented in Chapter 7 (Eq.7.7).

k L
EX,dw 1 W\
= VearN K

X, dw WN,crit

V(L:Er Vear,E (8.5)

k K o
Ecar,crit w
Similar to the chlorophyll ux, a positive value for this lowe r bound implies the ac-
cumulation of b-carotene. The upper bound on the b-carotene accumulation ux is
set to be in nite. The upper and lower bounds of all exchange u xes including the
ux for non-growth associated ATP maintenance are multiplie d by the Hill function

F such that all metabolic activities are effected during the lag phase.

8.2.3. Dynamic photobioreactor model

The at-plate photobioreactor environment is assumed to be w ell-mixed such that
there are no gradients in nutrients or biomass concentratio n in the reactor volume.
The mass balance for nitrate as an extracellular metabolite is explicitly included in
the reactor model. Dissolved CO5 is provided in excess and is assumed to be not
growth-limiting, hence the exchange ux for CO , in the FBA model is unbounded
and the CO, mass balance is not included in the dynamic model. Furthermo re, it is
assumed that the dissolved O, concentration is constant and at equilibrium with the
environment, hence the exchange ux for O ; is unbounded and the O , mass balance
is not included in the dynamic model.

Nitrogen quota

The Droop model is a widely used formulation to represent lim itation of substrate
uptake due to internal accumulation ( Droop, 1968. The model promotes the idea
that growth depends on the stored intracellular pool of nutr ients and not directly on
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the extracellular concentration. The nitrogen quota wy is described by the following
ordinary differential equation

m
WN N

VNO, MW, (8.6)
MNO4

where vyp, in the rst term is the nitrate uptake rate determined by Mich aelis-
Menten kinetics, and mis the growth rate, which is determined by the solution of
the FBA model. The Michaelis-Menten kinetic uptake model is formulated similar to
Eq. 7.6and given by

'NO, WN
VN03 VN03,max K @& ’ (87)
SN I'NOoj WN,max

where the second term models the saturation, i.e. when the nitrogen quota reaches
its maximum value wy mayx. It is assumed that the intracellular nitrogen is stored in
form of nitrate. The maximal nitrogen quota is a biomass spec i ¢ constant and given
in Table 7.2

The complete equation system for the dynamic photobioreact or model is given by:

drx

TS m ry (8.8)
dr
% VN03 I'x (89)

dWN My

—_— \ m w 8.10

&t Mo, NO3 N (8.10)
d

v(\jl(t:hl Mchi Vehi M Wy (8.11)
% Mcar Vcar M Wcar (8.12)

where m Vcar, Ven @and Vo, met @re determined by the FBA model via lexicographic
optimization as described in Gomez et al. (2014). Speci cally, DFBAlab requires the
speci cation of lexicographic optimization objectives to a void the common problem
of nonunique exchange uxes that render the ODE system imposs ible to integrate.

The hierarchy (or lexicographic ordering) chosen is shown i n Table 8.1 The order-
ing is motivated by the assumption that the primary objective is the maximization of
growth, then the remaining resources prioritized based on t heir importance to main-
tain metabolic activity and nally minimizing the uptake of  nutrients under the con-
straints that all previous objectives are met.

Table 8.1.: Priority list order for the lexicographic linear programs

Level Objective

1 Maximize biomass production (autotrophic)
2 Minimize chlorophyll accumulation
3 Minimize b-carotene accumulation
4 Minimize nitrate metabolization ux

The numerical solution of the proposed model involves the us e of DFBAlah a MAT-
LAB code that performs reliable and ef cient DFBA simulatio ns (Gomez et al., 2014).
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Widespread implementation of DFBA has been hindered by nume rical complications
resulting from linear programs (LPs) becoming infeasible a nd having nonunique so-
lution vectors. Infeasible LPs cause simulation failure as t he right-hand side of the
ODEs becomes unde ned, and nonunique solution vectors caus e this same right-
hand side to be nonunique, producing an ODE system that integ rators are unable
to solve. DFBAlabis a MATLAB implementation of the DFBA simulator presented
in Hoffner et al. (2013 that avoids infeasibilities and lexicographic optimizat ion to
provide unique exchange uxes. It reformulates the LP locally as an algebraic sys-
tem and integrates a differential-algebraic equation syst em instead of ODEs with LPs
embedded to increase speed.

Parameter estimation is performed by minimizing the cost fu nction
Jpe czAp- aQ”p-2 (8.13)

where the residual sum of squares c? is given by Equation 8.13 Q is a penalty func-
tion and a is a positive weighting factor. The output variables are the biomass den-
sity, the extracellular nitrogen density, the chlorophyll and b-carotene fractions of the
biomass.

The penalty function is included such that the optimal solut ion of the parameter esti-
mation is a feasible DFBA simulation. It is possible that for a rbitrary parameter val-
ues, the linear programs embedded in the DFBA model are not fe asible at every time
instance during a batch simulation. DFBAlabprovides a penalty value that is zero
if the simulation is feasible and strictly great than zero ot herwise (see Gomez et al.
(2014 for further details). Hence, a large weighting factor ensur es that infeasible
DFBA simulations are penalized in the optimization problem . Heuristic optimization
algorithms for the parameter estimation problem that are no t based on gradient infor-
mation were able to provide a good solution, even though no gu arantee of optimality
could be issued. The best solution was found by a genetic algorithm using the ga
function in MATLAB.

8.2.4. Model simulation

The DFBA approach was applied to simulate biomass growth, nu trient uptake and
pigment fraction in a more structured manner than the dynami c-kinetic growth
model presented in Chapter 7. The time evolution of the model solutions, with

parameters values given in Table 8.2, compared to the experimental data under dif-
ferent light and nutrient conditions are illustrated in Fig s.8.4and 8.5 The model
simulations agree very well with the experimental data for a Il measured outputs.
The biomass constants and parameter values were taken from Chapter 7 (7.3) and the
units were converted in order to be compatible with the DFBA m odel (see Table8.2).

The total number of model parameters is ten, where ve parame ters originate from
the dynamic-kinetic growth model in Chapter 7 which were proven as identi able
and ve DFBA-speci c parameters.
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Figure 8.4.: Model simulation for the effect of various cultivation conditions on t

he biomass

density rx (a-c), the extracellular nitrogen density ry ey (d-f) and the b-carotene fraction
Wcar (9-1) in the DFBA model. Comparison of the simulated time course (I ines) with exper-

imental data (symbols).
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Table 8.2.: Biomass constants and parameter values for the DFBA model. The values for

the biomass constants and model parameters were taken from Chapter 7.

Symbol Description Value Unit
Biomass constants
OImax Max. intracell. chlorophyll to nitrate ratio 0.33 gChlg IN
| Duration of the lag phase d
W crit Crit. nitrogen cell quota for b-carotene synthesis 0.08 gNgldw
WN,min Min. nitrogen cell quota 0.03 gNg ldw
WN, max Max. nitrogen cell quota 0.10 gNg ‘dw

Hill coef cient 4 -
Dynamic-kinetic model parameters
Ecar,crit Crit. light int. for b-carotene synthesis 1.94 10° nmol photons g *dwh *
Ksn Michaelis-Menten coeff. for NO 3 uptake 6.82 10 gNOsL !
VearE Light stress-induced b-carotene synthesis rate 46410 8 mmolg tdwh ?*
Vearn Nutrient stress-induced b-carotene synthesis rate  4.11 10 # mmolg tdwh !
VNO 5 max Max. nitrogen uptake rate 0.0167 gNO3g *dwh 1Lt
DFBA speci ¢ parameters
Esat Saturation light int. for chlorophyll to nitrate ratio  75.5 nmol photons m 2s 1
Ki.chin Inhibition coeff. for chlorophyll to nitrate ratio 12.5 nmol photons m 2s 1
VNO 5 met,max Max. nitrogen assimilation ux 0.19 mmolg ‘dwh !
ngam Non-growth associated maintenance light and nutrient mmolg tdwh !

dependent

for LL conditions 0.915

for HL conditions 1.00

for HL-ND conditions 1.28

for LL-ND conditions 0.915

for LL-NL conditions 1.28
Cf Photon ef ciency light dependent -

for LL conditions 30 104

for HL conditions 90 10°

for HL-ND conditions 43 10°

for LL-ND conditions 22 104

for LL-NL conditions 20 104

Figure 8.5.: Model simulation for the effect of various cultivation conditions on t
chlorophyll fraction wcp, (a-c) and the nitrogen quota in the biomass wy (d-f) in the DFBA
model. Comparison of the simulated time course (lines) with exper imental data (symbols).

he the
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8.2.5. Model validation

The model predictions are validated through comparison wit h an independent set of
experimental data that was not used for the parameter estima tion. The experiments
were performed under light light and nitrogen depletion (LL  -ND) and light light and
nitrogen limitation (LL-NL). The model prediction and vali  dation data are illustrated
in Figs. 8.6and 8.7.

—o—
. .

] ®e0 0e00°

Figure 8.6.: Model validation for the effect of various cultivation conditionsont he cell den-
sity rx (a-b), the extracellular nitrogen density ry ey (c-d) and the b-carotene fraction weg,
(e-f) in the DFBA model. Comparison of the simulated time course (I ines) with experimen-
tal data (symbols).

8.2.6. Model-based optimization for fed-batch operation

As can be seen from Figs.8.4and 8.5, D. salinagrows well for low to high light condi-
tions at suf cient supply of nitrate. In the stress condition of high light and nutrient
depletion, a strong b-carotene accumulation was observed, however, the growth r ate
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Figure 8.7.: Model validation for the effect of various cultivation conditions on t he the
chlorophyll fraction wcp, (a-b) and the nitrogen quota in the biomass wy (c-d). Comparison
of the simulated time course (lines) with experimental data (s ymbols).

is considerably smaller than for nutrient-replete conditi ons. Given a validated com-
putational model of D. saling an optimal fed-batch cultivation to trade-off growth and
b-carotene accumulation optimally was designed based on the model structure pub-
lished in Flassig et al.(2016), where two input variables (i) light intensity per biomass
and (ii) nitrogen feeding rate were optimized.

As can be seen in Eq.8.5, there is an interplay between light and nutrient stress tha t
drives b-carotene accumulation. Therefore, the optimization can be simplied in a

rst step via exertion of a xed light stress per cell. After i noculation an initial 1

day adaptation phase at incident light intensity Ep;  100nmol photonsm ?s ! was
performed followed by the light intensity pro le

EO,OptAt. IO rx. (8.14)

The factor Iy 3000mmol photonsm 2s 1 g 1 dw L was motivated by natural sun-

light conditions in open pond operation systems. Note that u ntila ryx of 1 g L %,
the light intensity prole can sustain a xed incident light stress per cell. With
this light feed, an optimal nitrogen feeding pro le based on the model published in
Flassig et al.(2016 was identi ed. The nitrogen feeding pro le was parameteri zed as
a Hill function with the Hill coef cient  np and nitrogen fraction ratio Wy min ~Wn " te,

%8/N min '"WNAt'ZnD
1 %NN,min "WNAt'fD .

NfeedoptAt' Np (8.15)
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The parameters were set as follows: np 10 andwy min ~ 0.02. Other parameteriza-
tions are of course possible. However, rstly the S-shape of t he Hill function seems
natural for a growing culture, and secondly, for a xed light  stress the nitrogen quota
at its minimal value is the most dominating factor for b-carotene synthesis in combi-
nation with cell growth.

Given these two feed parametrizations, the model was used to simulate the behav-
ior of biomass growth and b-carotene accumulation for a fed-batch time of 9 days
with the model structure given above. As can be seen in Fig. 8.8regimes for optimal
growth are suboptimal for b-carotene accumulation and vice versa. Fig. 8.8also indi-
cates theb-carotene density in the reactor (rcar  Wcar I'x). The optimal design point
can be chosen along a line of different combinations of inter nal nitrogen and nitrogen
feeding factor Np. Since the internal nitrogen at the beginning of the fed-bat ch culti-
vation is determined by the inoculation, the nitrogen feedi ng factor was determined
to Np=0.02¢y L *h L.

Figure 8.8.: In uence of inoculum nitrate concentration and nitrogen feeding factor Np
on biomass (top), b-carotene fraction (middle) and b-carotene density (bottom). For the
experiment, the inoculum nitrate concentrationwas at0.08gL . ThusNp 0.02gyL *h !
was chosen.

The resulting input pro les were realized in an experimenta | run, where both pro-

les have been discretized in daily integrated application s (Fig. 8.9). Seven days
after inoculation, the culture reached a saturation in the m aximal light stress and

the b-carotene amount started to decline (Fig.. 8.9). Inducing an additional stress

via nitrogen depletion, the b-carotene fraction could again be raised. At the optimal

harvesting time point, a b-carotene density of 0.140g L ! at a fraction of 0.06 g Car
g ! dw and a biomass density of 3.4g dw L ! was achieved. This is about 83 % more
b-carotene and 233 % more biomass compared to the standard bath (see Tab.8.3).
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Figure 8.9.: Simulation results of the optimized fed-batch cultivation. Simul ations results
of ¢) biomass density, d) b-carotene fraction , e) chlorophyll fraction, f) nitrogen density
and g) nitrogen cell quota (lines), experimental data (symbols ) and error bars. The two top
panels show the applied a) light and b) nutrient pro le.
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Table 8.3.: Performance of the fed-batch cultivation compared to the batch c ultivation. The
percentage of increase to the HL-ND batch is given in brackets.

Property Unit LL HL HL-ND Opt. Fed-Batch
Max. biomass density gdwlL T 7.22 6.55 1.02 3.40 (+233 %)
Max. biomass productivity gdwL 'd?! 056 0.46 0.15 0.43 (+187 %)
Max. b-carotene density mglL ! 175.18 120.04 76.42 140.06 (+83 %)
Max. b-carotene fraction mgg 'dw 26.86  43.28 80.30 59.53 (-26 %)

Max. b-carotene productivity mgL 'd ! 1205  7.90 12.88 17.48 (+36 %)

8.2.7. Model-based optimization for continuous operation mode

A major reason for the low biomass and pigment production and b atch- and fed-
batch cultivations is the long lag- and early exponential ph ase which accounts to al-
most one third of the overall cultivation time. Continuous r eactor operation, where
biomass and pigment accumulation are in steady-state may lead to a signi cant in-
crease in volumetric productivity. In order to test this hypo thesis, the validated DFBA
equation system was extended from batch to continuous operation mode by adding
the dilution rate D to the biomass equation. The desired operation mode, where the
dilution rate D equals the growth rate mleads to a constant biomass andb-carotene
density in steady-state and cannot be calculated on an empirical basis due to the com-
plex interplay of light and nutrient stress on growth. There fore, the model-based op-
timization approach presented for the fed-batch cultivati on was extended to the con-
tinuous operation mode. Two different steady-state condit ions were chosen, namely
1gdwL !atadilutionrate of 0.46 d !anda xed light stress of 3000 nmolm ?s 1
g Ydwand 3gdwL !atadilution rate of 0.55d ! and a xed light stress of 1000
mmolm ?s g !dw. Thus, under both light conditions the maximal light inte  nsity
of the reactor panel is 3000mmol m 2's 1. The corresponding nitrogen feeding rate
was calculated based on Eq.8.15 The experimental conditions for the model-based
continuous cultivations are given in Table 8.4

Table 8.4.: Overview of experimental conditions for model-based continuous cu ltivations
of D.salina

Name Steady state light intensity per biomass  Dilutionrate  Nitrogen feeding rate
(mmolm 2s 1g dw) (d?h (GNL td 1)

Continuous | 3000 0.46 0.008

Continuous Il 1000 0.55 0.04

Similar to the model-based fed-batch cultivation, the comp uted input pro les were
experimentally realized in daily integrated applications . Again, the experimental
data and the simulation results agree to a large extend (Figs. 8.11and 8.12 demon-
strating the validity of the suggested model. Although both cultivations used the
maximal light intensity of the reactor panel, the volumetri ¢ b-carotene productivity
differed signi cantly (Table 8.5). The high light continuous process with a xed light
stress 3000mmol m 2s 1 g ! dw is almost comparable with the fed-batch process in
terms of biomass- and b-carotene productivity. Thereby, not only the fed-batch bu t
also the high light continuous process signi cantly outper formed the HL-ND batch.
However, when comparing to the second continuous process wit h a xed light stress
of only 1000 mnmolm 2s 1g dwat3gdwL ?!biomass, atremendous increase in
productivity was observed. Compared to the already optimiz ed fed-batch process a
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3.2-fold increase in biomass productivity and a 6-fold incr ease inb-carotene produc-
tivity was achieved. Compared to the HL-ND batch the increase in productivity is
even more pronounced, namely 11.2-fold increase in biomassand 8.5-fold increase in
b-carotene productivity. As can be seen in Figs. 8.11and 8.12, the nitrogen cell quota
was in both culture at its minimal value of 0.03 g N g ! dw indicating the validity of
our parameterization approach (Eqg. 8.15 and the predicitivity of the nitrogen metab-
olization in the DFBA model.

Table 8.5.: Performance of the continuous cultivations in steady-state compa red to the opti-
mized fed-batch cultivation. The percentage of increase to th e optimized fed-batch is given

in brackets.

Property Unit Opt. Fed-Batch Continuous|  Continuous Il
Biomass density gdwlL 1 3.40 0.75 (-78 %) 3.30 (-3%)
Biomass productivity =~ gdwlL 1d ! 0.43 0.35(-35%)  1.83 (+326 %)
b-carotene fraction mgg ®dw 59.53 62.30 (+5 %) 66.80 (+12 %)
b-carotene productivity mgL 1d?! 17.48 21.18 (+21%) 122.24 (+600 %)

Finally, to illustrate the "process” routes in which  b-carotene is synthesized under dif-
ferent cultivation conditions, a state space representation is given in Fig. 8.10 where
the b-carotene density is plotted over the biomass density.

Figure 8.10.: State space diagram depicting the b-carotene density over the biomass density
of all cultivation experiments in batch, fed-batch or continuous mode.

In conclusion, Chapter 7 and 8 illustrate the advantages and drawbacks of this two
modeling approaches for the construction of predictive gro wth and product accumu-
lation. However, to the best of our knowledge, there is no dire ct comparison of results
obtained from classical ODE models and DFBA models.
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Figure 8.11.: Simulation results of the continuous cultivation at 3000 mmolm 2s *g *dw.
Simulations results of ¢c) biomass density, d) b-carotene fraction , e) chlorophyll fraction, f)
nitrogen density and g) nitrogen cell quota (lines), experimen tal data (symbols) and error
bars. The two top panels show the applied a) light and b) nutrien t pro le.
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Figure 8.12.: Simulation results of the continuous cultivation at 1000 mmolm 2s *g *dw.
Simulations results of ¢c) biomass density, d) b-carotene fraction , e) chlorophyll fraction, f)
nitrogen density and g) nitrogen cell quota (lines), experimen tal data (symbols) and error
bars. The two top panels show the applied a) light and b) nutrien t pro le.






Chapter 9

Interspecies variations in the genus
Dunaliella

Unicellular green microalgae of the genus Dunaliella are among the most studied
members of the Chlorophyceae (Polle et al., 2009. The lack of a rigid cell wall is
common to all of them. The majority of the species in the Dunaliella genus can be
found in salt water habitats all around the world. According to a re-evaluation of
the Dunaliellagenus published by Borowitzka and Siva (2007) 22 species were classi-
ed, including 17 halophilic organisms with salt optima bet ween 6 and 12 % (w/w)
and comprises among others D. saling D. parva D. viridis, D. minuta, D. gracilisand D.
bioculata

There have been very few studies dealing with a comparative e valuation of phys-
iological and biochemical differences among microalgal st rains or species. How-
ever, when they exist they generally indicate a signi cant i ntra- and interspecies
variability ( Gonzalalez et al., 2009. Although this variability makes comparison of
results and deduction of valuable conclusions challenging among different strains,
this strategy will promote the "survival of the ttest” in ou  tdoor cultures subjected
to signi cant environmental uctuations. Physiological va riability within D. salina
was observed in numerous publications ( Cifuentes et al., 1992 Markovits et al. , 1993
Gomez and Gonzalez, 2005 and the major outcomes and conclusions are summa-
rized in Gonzalalez et al. (2009. In general, the results of the previously mentioned
studies investigating growth and b-carotene content of D. salinaisolates from differ-
ent geographical regions found tremendous physiological v ariability. Since this vari-
ability has also been observed under controlled and comparable lab conditions, the
origin of the variability must be related to the genome.

The ability to grow in hypersaline habitats make algae of the genus Dunaliellaan at-
tractive candidate for algal mass culture. Due to its high b-carotene content, the ma-
jority of the studies focused on the biotechnological potent ial of D. salina This chap-
ter aims at investigating the interspecies differences between D. salinaand D. parva
A special emphasis is placed on the morphological differenc es, the productivity in
terms of biomass and b-carotene, the adaptational stress response as well as difer-
ences in photoacclimation and inhibition. Furthermore, th e applicability of the in-
terdisciplinary work ow composed of experiments and mathem atical modeling as
presented in Chapter 6 and 7 is applied to D. parva
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9.1 Strain identi cation of D.salina and D. parva

Various culture collections located across the world provi de an important repository
for different algal strains collected from diverse natural habitats. Their task to protect
and maintain the biodiversity and thus the genetic material are of inestimable value
for algal research. As it holds true for all living organisms , it is inevitable that the
genome of all species is subject to constant modi cations and mutations. In addition
due to the handling of thousands of different strains in the | aboratories of culture
collections, the samples are prone to contamination by diff erent algae, bacteria or
fungi.

Both strains were ordered as D. salina CCAP19/18 in 2011 and 2014 at the Culture
Collection of Algae and Protozoa (CCAP). Since the cells showed pronounced dif-
ferences in cell size and cellular dry weight, a 18S rRNA segencing was performed
by Cecilia Rad Menendez from CCAP. The sequence coverage of he sample ordered
2011 had a 100 % Query coverage (99 % Max. ID) withD. parva whereas the sample
ordered in 2014 had a 100 % Query coverage (99 % Max. ID) with D. salina The dis-
tinction between D. salinaand D. parvawas done on the basis of the 18S rRNA gene
sequences, whereD. salinacontained only one intron compared D. parvawhich con-
tained two introns ( Olmos et al., 2000.

9.2 Experimental analysis of interspecies variability

9.2.1. Morphological variability between  D.salina and D. parva

BesideD. saling D. parvaand D. pseudosalinare known to belong to the carotenogenic
species of the Dunaliella genus (Borowitzka and Siva, 2007). Like D.saling D. parva
is a hypersaline alga tolerating NaCl fractions from 3% (w/w ) NaCl to saturation

and an optimal salinity range from 6 to 8% (w/w) ( Borowitzka and Siva, 2007). In
contrast to D. saling the maximum carotenoid fraction reported for D. parvais about
5% (w/w) ( Borowitzka and Siva, 2007).

The most distinctive features between D. salinaand D. parvawere the cell size and the
dry weight. The results of the comparison are shown in Table 9.1and showed a high
morphological and physiological variability among the stu died species. The length
of a single D. parvacell was only half the cell length of D. salinaand the cell width was
only one third of D.salina The signi cant differences in the cell size also translate d
into the cellular dry weight. An average D.parvacell had a weight of only 33.5 pg
cell 1, whereas the D. salinacell had a weight of 520 pg cell * when cultivated under
low-light and nutrient-repleted conditions. The size meas urements were in line with
the values published by Borowitzka and Siva (2007 and are given in Table 9.1 for
comparison.
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Table 9.1.: Size and weight comparison for D.salinaand D.parva The size determination
was performed by manual length and width measurement of 30 repr esentative cells from
light microscopic images acquired with the Axio Imager Al (Car | Zeiss, Germany).

Species Av. length (mm) Av. width ( nm) Av. cellular dry
this work literature this work literature weight (pgcell 1)

D. parva 7.6 8-10 3.8 3-5 335

D.salina 14.7 10-15 11.6 5-10 520

9.2.2. Biotechnological parameters for  D. parva under abiotic
stress

Batch cultivations of D. parvawere carried out in order to identify interspecies differ-
ences in biomass formation and pigment accumulation (Table 9.2). The biotechnolog-
ical parameters are listed in Table 9.3and the percentage decrease or increase is given
in brackets behind. In almost all cases D. salinaoutperformed D.parva The highest
content of b-carotene was observed with 4.9 % (w/w) under HL-ND condition s and
is in line with the 5.0 % (w/w) reported by  Borowitzka and Siva (2007). Although the
initial nitrate density of the HL-ND batch of D. parvawas lower compared to the HL-
ND batch of D.salina(0.017 g N L * compared to 0.05g N L 1), the incorporation into
the biomass seems to be more ef cient since the nal biomass d ensity for D. parvawas
35 % higher. Indeed, the elemental composition analysis revealed a minimum nitro-
gen cell quota of 0.02 g N g * dw for D.parvawhereas 0.03 g N g ! dw was measured
for D. salina

Table 9.2.: Overview of experimental conditions for batch cultures of D. parva

Abbreviation Description Light intensity Duration of Extracellular nitrogen
(Mmolm 2s 1) lag phase (d) density NL 1)

LL Low light 175 3 0.5

HL High light 1950 3 0.5

HL-ND High light and 1950 25 0.017

nitrogen depletion

Table 9.3.: Biotechnological performance of D. parvacompared to the percentage of increase
or decrease measured forD. salinafor cultivations under abiotic stress in batch operation
mode. Details on the cultivation conditions of D. parvaare given in Fachet et al.(2014.

Property Unit LL HL HL-ND

Max. biomass density gdwlL 1T 1.50 (-79%)  4.45 (-32%) 1.38 (+35%)
Max. biomass productivity gL 1d?!l 016(71%) 0.50 (+8%)  0.22 (+47%)
Max. b-carotene density mglL ! 448 (-97%) 15.92 (-87%) 67.73 (-11%)
Max. b-carotene fraction mgg *dw 3.0 (-89%) 24.4 (-44%) 49.1 (-39%)

Max. b-carotene productivity mgL 'd ' 1.41(-88%) 1.82(-76%) 11.53 (-11%)

9.2.3. Photosynthetic performance of D. parva

Beside the differences in morphology and biotechnological parameters, further vari-
ability compared to D. salinawas observed in the response upon exposure to oversat-
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urating light conditions as illustrated in Fig. 9.1, where the dependency of the ETR on
the average light intensity is given. In the case of D. saling photosaturation occurred
between 550 - 860armol photons m 2 s ! and the photoinhibitory phase was reached
from 1070mmol photons m 2's 1 on (Fig. 6.7). In contrast, a pronounced saturation
and photoinhibitory phase could not be observed, neither fo r low light nor for high
light-acclimated D. parvacells (Fig.9.1). Due to the absence of a photoinhibition phase
in D. parva the maximal ETR of 25 nmol electrons m ?s tis 3 times higher compared
to the maximal ETR achieved for D. salina
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Figure 9.1.: Relationship between electron transport rate and average light intensity in
D. parva

9.2.4. Correlation matrix for measured features of D. salina and
D. parva

In order to present the results of the multiparametric biomas s analysis in a structured
way, correlation matrices of the various measured biomass f eatures of D. parvaand
D. salinawere constructed and shown in Fig. 9.2 The correlation matrices were calcu-
lated with the Matlab functions cov and corrcov , where in an intermediate step the
covariance matrix was calculated from which the nal correl ation matrix was com-
puted (Davis et al., 2015. In Fig. 9.2, the various parameters are grouped by category
from left to right and bottom to top: input conditions, bioma ss-related parameters,
ow cytometric parameters and PAM parameters. Correlations among members of
the same category are boxed along the diagonal of the matrix and data points re ected
across the diagonal are redundant (Davis et al., 2015. In general, the biomass features
of D. parvaexhibit a higher correlation intensity compared to D. saling although the
correlation pattern show a high degree of similarity. In prin ciple, the PAM param-
eters (F psiimax: F psiierr @and NPQ) and ow cytometry parameters (Debris content,
FSC and SSC) are well correlated, whereas the biomass-relad parameters show only
weak correlation.

The positively correlated biomass features for D. parvaand D. salinacan be summa-
rized as follows:

« Incident light per biomass and b-carotene content with debris content and cell
granularity
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 Chlorophyll content with nitrogen density
» Maximum and effective quantum yield of PSII with chlorophyl | content

e Maximum quantum yield of PSIl and NPQ with cell density and bi  omass den-
sity on dry weight basis

Noteworthy, among the features with highly negative correl ation coef cients (less
than -0.8) are the b-carotene content and the external nitrogen density.

Figure 9.2.: Correlation matrix for the measured biomass features of D. salina (left) and
D. parva(right). Black boxes indicate groupings of related parameters, i.e., along the diago-
nal from lower left to upper right: Input conditions, biomass-rel ated parameters, pigments,
ow cytometric parameters and PAM parameters. Diagonal elemen ts (from lower left to

upper right) of the matrix represent correlation of each paramet er with itself.

9.3 Dynamic-kinetic growth model for  D. parva

In the following section, the interspecies variability betw een D. salinaand D. parva
was analyzed with a model-based approach, namely the dynami c-kinetic growth
model presented in Chapter 7. The experimental data for the simulations were ob-
tained as speci ed in Table 9.2

Due to the large degree of similarity in the model structure, the model equations
and biomass-speci ¢ constants (Table S2) are given in Appendix B. Similar to the re-
sults for D. saling the simulation results for D. parvaare in good agreement with the

experimental data (Figs. 9.3and 9.4). The observed growth behavior under HL con-

ditions con rmed the result of the PAM analysis that D. parvashowed no pronounced
photoinhibitory effects (Fig. 9.1). The maximum biomass density from all three ex-

perimental conditions was achieved in the cultivation unde r HL conditions, namely

4.9gdw L 1. The maximal biomass densities reached in the stationary phase for the
cultivations under LL conditions as well as under HL-ND condi tions are almost com-
parable, namely 1.5gdwL *and1.4gdwL .
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Figure 9.3.: Model simulations for D. parvafor the effect of various cultivation conditions
on the biomass density rx (a-c), the extracellular nitrogen density ry ex (d-f) and the b-
carotene fraction wgar (g-). Comparison of the simulated time course (lines) with expe ri-
mental data (symbols).
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The simulated time course for the extracellular nitrogen de nsity agreed well with
the experimental data (Fig. 9.3). The results revealed that the growth under nitrogen-
repleted conditions (LL, HL) was always light limited. Asexp ected, the growth under
nutrient-depleted conditions (HL-ND) was governed by the ex ternal nutrient avail-
ability and the internal nutrient status of the cells. The ex ternal nitrogen was totally
depleted four days after inoculation in the nitrogen starve d culture (HL-ND). The
simulation results clearly indicate that nitrogen uptake i s strongly reduced in the
early exponential and late stationary growth phase under ni trogen-repleted condi-
tions (LL, HL), since the nitrogen cell quota is close to its ma ximal value Wy max-

The light and nutrient dependency on the b-carotene synthesis works in the same
way for D.parvaas observed for D. salina(Eq. 7.7). The highest b-carotene fraction
was achieved during a combination of light- and nutrient str ess. However, the max-
imal mass fraction for D. parvais with 4.9 % (w/w) signi cantly lower compared to
that of D. salinawith 8.0 % (w/w).

The model simulations agree very well with the experimental data for the chloro-
phyll fraction wcy,, which is crucial for predicting the light attenuation in th e reactor
(Fig. 9.4). During the initial cultivation period more light energy i s supplied per cell
than is required for growth, resulting in a considerable dec line of the total chlorophyll
fraction under all three conditions. The extent of the initi al decrease in chlorophyll
strongly depends on the applied photon ux density. For cells acclimated to low pho-
ton ux densities, the chlorophyll reduction was more intens e during growth under
high irridiance (HL) compared to growth under low irridiance  (LL). Under nitrogen-
repleted conditions (LL, HL), cells start to synthesize chlo rophyll when they enter
the exponential growth phase, because the enhanced growth led to a reduced aver-
age photon ux density in the reactor. Due to the fact, that gro wth and chlorophyll
synthesis are strongly hindered during nitrogen-depleted conditions, the chlorophyll
fraction in the biomass steadily declines from42mgg 'dwto5mgg ! dw.

The optimal parameter estimates and the identi ability of t he nine model parame-
ters for D. parvaare given in Fig. 9.5and Table 9.4 Whereas in the D. salinagrowth
model all parameters were identi able, in the D. parvagrowth model one parame-
ter was practical non-identi able, namely the light inhibi tion coef cient for photo-

synthetic growth K;g. SinceD. parvashowed no pronounced photoinhibitory effects

it is biologically plausible that the corresponding parame ter K;g is not identi able

indicated by the at pro le likelihood in direction of the upp  er con dence bound.
The halfsaturation coef cient for nitrogen uptake Kgywas xed to a value of 0.1559
m 3, which was recalculated from experimental data for Dunaliella tertiolectafrom
Lomas and Glibert (2000 and has already been used for the growth model published

by Fachet et al.(2014).

In agreement with the PAM measurements (Figs. 6.7and 9.1) were D. parvashowed a
signi cantly higher ETR compared to D. saling the better photosynthetic growth po-
tential is also re ected by the parameter estimates for the ma ximal growth rate ( Mmax)
and the half saturation coef cient for photosynthetic grow th (Kg g) as shown in Table
9.4. The optimal parameter estimates obtained for D. parvaare notably higher com-
pared to D. saling namely 6.980 to 1.708 d* for mmax and 0.396 to 0.033 mol photons
mg tdwd *for Ks e Due to the small cell weight of D. parva(Table 9.1), the higher
photosynthetic growth potential does not translate into am ore productive cultivation
process since the biomass productivity of D. parvais considerably lower compared to
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Figure 9.4.: Model simulations for D. parvafor the effect of various cultivation conditions
on the the chlorophyll fraction wcp (a-c) and the nitrogen quota in the biomass wy (d-f).
Comparison of the simulated time course (lines) with experiment al data (symbols).

Table 9.4.: Summary of the obtained optimal parameter values Q as well as the individ-
ual con dence intervals [ s; ;s; ] corresponding to a con dence level of 95% from con-
strained non-linear optimization and pro le likelihood analysis  for D. parvain comparison
with D.salina

Symbol Q for D.salina Q for D.parva s s; Identi ability
I'N,max 0.346 0.058 0.049 0.069  Structurally and practically identable
Ksn 0.05 0.155 0 7.832  Structurally and practically identi abl e
Mhax 1.708 6.980 6.176 8.533  Structurally and practically identable
Kse 0.033 0.396 0.272 0.682  Structurally and practically identable
Kie 68.7190 499 328.078 & Practically non-identi able,

biologically plausible
Ecarcrit 77.718 70.202 53.564 101.429 Structurally and practicalliglenti able
I'car,E 0.032 0.016 0.012 0.026  Structurally and practically identable
I'carN 0.005 0.036 0.029 0.043  Structurally and practically identable

rrR 0.142 0.327 0.200 0.531  Structurally and practically identable
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D. salina(see Table9.3). However, the strain selection of D. parvafor an outdoor cul-

tivation process might be bene cial because of its absence of photoinhibition under
high irradiance.

In this work, the b-carotene content under HL-ND conditions for D. salinawas with
80 mg g ! dw 63 % higher than the 49 mg g * dw measured for D. parva Therefore,
also the parameter for the light stress-induced b-carotene synthesis raterqy. g is 2-
fold higher for D. salina(0.032 g Car g* dwd *t0 0.016 g Carg’dwd ? for D.
parvg. However, the critical light intensity for  b-carotene synthesis Ecar,crit) iS almost

comparable (70 mol photons g *dw d  for D. parvaand 78 mol photonsg *dwd ?*
for D. saling).

Figure 9.5.: Pro le likelihood-based identi ability for all model parameter s: a) Maximal
nitrogen uptake rate rmax, b) Halfsaturation coef cient for nitrogen uptake  Kg y, ¢) Maximal
growth rate mmax, d)Half saturation coef cient for photosynthetic growth  Kg g, €) Light
inhibition coef cient for photosynthetic growth  K; g, f) Critical light intensity for b-carotene
synthesis Ecar,crit, 9) Light stress-induced b-carotene synthesis raterc,,. g, h) Nutrient stress-
induced b-carotene synthesis raterc,, ny and (i) Respiration rate rg. The pro le likelihood-
based sensitivity curve, where Qj is varied and all other parameters Qjx; are kept constant,
is indicated by the dashed gray line. The pro le likelihood-bas ed identi ability curves are
indicated by the black solid line. The blue dotted horizontal lin e indicates the threshold
utilized to assess likelihood-based 95 % con dence interval an d the asterisk corresponds to
the optimal parameter value.






Chapter 10
Summary, Conclusion and Outlook

10.1 Summary

The topic of this thesis belongs to the wide eld of algal biot echnology. The the-
sis presents a systematic methodological framework for the optimization of pho-

totrophic bioprocesses from the engineering point of view. However, the task of
biosystems engineering is associated with many theoretical, biological and experi-
mental challenges due to our limited mechanistic knowledge and its inherent vari-

ability and complexity. The foundations of the multidiscip linary approach presented
in this thesis have been driven by recent advances in accurate, quantitative experi-
mental approaches in the eld of systems biology. An integra tion of experimental

and computational methods provide synergy for a systems-le vel understanding of
photosynthetic organisms and thereby facilitate the devel opment of sustainable and
economically-viable algae processes.

In this thesis, a holistic approach for analysis and design of a microalgal bioprocesses
with the case study of b-carotene production in D. salinain a lab-scale photobioreac-
tor setup is presented. The task is addressed in an integrative manner by applying

sophisticated experimental techniques of systems biology to microalgal biosystems
to predict how they change over time and under varying input ¢ onditions. The ex-
perimental data was used to formulate mathematical models o n various scales. The
major outcomes of this thesis are (i) robust and predictive mo dels for b-carotene pro-
duction in D. salinathat enable model-based process analysis and design and (i) a
modular and interdisciplinary framework coupling experim ents and modeling that

can be transferred to other green algal species. A detailed summary of the results

obtained in this thesis is given below.

The systematic experimental approach with special focus on the adaptational stress
response ofD. salinaunder carotenogenic conditions was developed and presented in
Chapter 6 supported by the methodological foundations explained in C hapter 3. The
approach was applied to cells cultivated under batch condit ions to monitor morpho-
logical changes during carotenogenesis in a dynamic manner.

Based on the experimental results obtained in Chapter 6, a dynamic-kinetic reactor
model was formulated and presented in Chapter 7. The ordinary differential equation
system accounted for biomass growth, nutrient uptake and pi gment fraction in the
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biomass. The proposed model structure was a tradeoff between the justi cation of

the experimentally observed behavior under various abioti ¢ stress conditions with
a minimal number of parameters. The identi ability of the mo del parameters was
investigated using pro le likelihood giving implications ~ for model reduction. The
proposed model is validated against independently conduct ed experiments under
different cultivation conditions and veri able predictio  ns are given.

The derived parameters from the dynamic-kinetic growth mod el in Chapter 7 were
included into a dynamic ux balance model presented in Chapte r 8 and validated
against experimental data obtained from batch cultivation s. The dynamic part of
the DFBA model considers the same dynamic states as in the dynamic-kinetic model
presented in Chapter 7, namely biomass growth, nitrogen uptake, internal nitroge n
status as well as chlorophyll and b-carotene fraction in the biomass. Thus, the DFBA
formulation allows for predicting intracellular metaboli  tes by incorporating biologi-

cal knowledge in a structured manner. The DFBA model was furt her used to predict
a model-based fed-batch and two model-based continuous operation strategy with

the objective to maximize b-carotene productivity. In this setup, the biomass and

b-carotene productivity was signi cantly increased compar ed to the empirically op-

erated batch process.

Furthermore, the applicability of the interdisciplinary w  ork ow composed of experi-
ments and mathematical modeling as presented in Chapter 6 and 7 was applied to
D.parvato investigate the interspecies variability between the tw o close relatives
in the Dunaliella genus. The results of the experimental and computational in vesti-
gations presented in Chapter 9 indicate signi cant variability between D. salinaand
D. parvain terms of morphological differences, the biomass and b-carotene produc-
tivity as well as differences in photoacclimation and photo inhibition.

The achievements of this thesis can be summarized as follows:

» Development and employment of an experimental platform to  systematically
analyze the abiotic stress response inD. salinawith innovative spectroscopic
and uorometric techniques.

» Flow cytometry and FTIR spectroscopy have only been scarcel y used for algal
process monitoring and this work can provide a reference for their successful
application in future studies.

 First comprehensive dynamic-kinetic growth model for  D. salinaand D. parva
covering nutrient uptake, light attenuation and pigmentat ion.

» Parameter identi ability analysis using pro le likeliho  od approach to charac-
terize model state uncertainties.

» Connection of the metabolic network level with the dynamic  reactor environ-
ment to a dynamic ux balance model.

« First dynamic ux balance model for green microalgae, which s calibrated and
validated against experimental data.

» Model-based operation strategies in fed-batch and contin uous mode were ex-
perimentally validated and con rmed.
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» Optimized design outperformed the classical batch proces s signicantly in
terms of biomass and b-carotene productivity (+187 % and +36 % for the fed-
batch and +1120 % and +849 % for the continuous process).

10.2 Conclusion

The main objective of this thesis was to gain a systems-level understanding of
carotenogenesis in D. salinato identify promising operation strategies for their pro-
duction. The major conclusions that can be drawn from this wor k are:

I. Recent advances in sophisticated experimental techniques for systems-level
characterization of biosystems improved bioprocess monit oring. These meth-
ods take advantage of:

« Small amount of sample required for analysis
» Fast and reliable analysis with high statistical signi ca nce

II. Improved possibilities for process monitoring lead to robu sti cation of biopro-
cesses due to:

« Fast identi cation of critical process parameters such as cell vitality
« Detection of population heterogeneity

¢ Optimal harvesting time point determined based on product ivity and cul-
ture state

Ill. Sophisticated experimental approaches from systems biol ogy and the low sam-
ple amount required for them promote shorter sampling inter vals resulting in
more experimental data of higher quality and nally leading to the development
of models with higher predictivity.

IV. The model-based fed-batch and continuous operation stra tegies aiming at high
carotenoid-productivity clearly outperformed the batch p rocess operated on an
empirical basis.

Clearly, this thesis is able to contribution to the nalgoal of pro table, sustainable and
highly productive microalgal processes. The integrative w ork ow illustrated here
strengthens the iterative approach of modeling and experim ents to better apprehend
for cellular complexity under uctuating environmental con  ditions.

Doubtlessly, the ongoing methodological advances in the ex perimental as well as the
computational area will further broaden our knowledge on th e metabolic adaption
of microalgae and lead to a progressive improvement of mathe matical models. This
task includes the investigation of unknown and non-validat ed gene and protein func-
tions, the extension of sequencing projects for industriall y relevant strains, the recon-
struction of genome-scale metabolic models and coupling wi th other -omics data e.g.
from transcriptomics or proteomics. Thereby, the engineer ing of industrially valuable
strains is accelerated and provides the basis for effective biotechnology, metabolic en-
gineering and even synthetic biology with green microalgae .
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10.3 Outlook

Once an annotated algal genome is available, a genome-scalemetabolic model can
be reconstructed and its topology can be analyzed (Reijnders et al., 2014). As stated
in Chapter 8, the genome of D. salinais already sequenced but annotation is not com-
pleted so far. Owing to the lack of the Dunaliellagenome-scale metabolic network, the
stoichiometric network was apprehended by the metabolism o fthe model green algae
C. reinhardtii. A genome-scale of metabolic model of D. salinais expected to increase
the predictive power of the DFBA model. Beside of autotrophi ¢ growth, the model
might be used to simulate and validate the ux distribution, b-carotene and biomass
productivity under mixotrophic or heterotrophic growth co  nditions. Signi cant con-
tributions in the eld of metabolic engineering can only be a chieved by studying (i)
the in uence of gene knock-outs on the production of certain m etabolites and (ii) the
interlinkages of algal metabolic networks to the networks o f associated bacteria to
unravel the growth-promoting or growth-inhibiting effect  in algal-bacterial consor-
tia.

The production of biofuels, commodities and ne chemical re quires the cultivation
in large-scale photobioreactors. The majority of this culti vation systems are operated
outdoor in open raceway ponds, shallow lakes or closed photo bioreactor systems.
These systems are subjected to signi cant spatiotemporal variations in environmen-
tal conditions during the day, week, month or even year. The d aily light intensity is
highly variable and is in uenced by the day/night cycle, the s olar radiation angle and
the percentage of cloud coverage. Furthermore, the biomassproductivity strongly de-
pends on the cultivation temperature which themselves is in  uenced by the ambient
temperature, the solar irradiance, the wind speed as well as reactor design. Mixing
of large-scale photobioreactors is another critical issue to avoid photoinhibition and
growth arrest through CO , gas-liquid mass transfer limitations. The complex inter-
play of environmental uctuations in outdoor cultivations m  akes it very challenging
to estimate reliable parameters from these systems. This thesis used controlled lab-
scale cultivations to estimate kinetic growth parameters o f Dunaliellato calibrate and
validate the models presented in Chapter 7 and 8. As the avail ability of multifacto-
rial experimental data for outdoor systems is expected to in crease rapidly in the next
years for a variety of industrially-relevant strains. Thus , the proposed model could be
extended to predict growth in large-scale photobioreactor s or to facilitate a rational
selection of appropriate strains for a certain geographic | ocation.

The omnipresent imperfections discussed above might lead to the presence of pop-
ulation heterogeneity in large-scale cultivation systems . Microbial heterogeneity is

not only in uenced by the stochastic nature of gene expressio n, it is also caused by
variations in intracellular compounds such as regulatory p roteins and transcription

factors. Since microbial heterogeneity affects bioprocess performance, it can be a tar-
get for future metabolic engineering strategies for microa Igae.

The content of high-value products, such as carotenoids or polyunsaturated fatty
acids, in the biomass is typically low (below 10%) and a large fraction of residual
biomass remains unused. In contrast, the economic feasibility is often dif cult to
achieve because of energy and cost-intensive harvesting ard extraction steps. There-
fore, microalgal process design requires tailor-made down stream processing strate-
gies and a biore nery approach to valorize most of the biomas s fractions. The FTIR
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spectroscopy and the DFBA approach presented in this thesis are valuable synergis-
tic tools for a model-based description of biomass composition and can contribute

to the design an optimal algae-based biore nery and/or to im prove performance of

existing bioproduction processes for achieving an economi ¢ feasible overall process
operation under the consideration of all essential up- and d ownstream steps.

In summary, it remains to be stated that the tools of this work o ught to be used in the
future for the optimization and design of microalgal proces ses. This can involve the
adaption of the methods to different algae species, the development of systematic op-
eration strategies for photobioreactors such as tailor-made light pro les or optimized
nutrient and media feeding strategies. Concerning the mode | structure, a further
development towards the incorporation of uctuating input ¢ onditions without ne-
glecting the effects of light/dark cycles, imperfect mixin g and variable temperature
on biomass productivity is a challenging task. However, this is not straightforward
due to the inherent complexities of the different processes and time scales involved in
photosynthesis and acclimation. But rst and foremost, the maximization of the pho-
tosynthetic carbon capture ef ciency and advanced metabol ic engineering strategies
is the eld in which successful methodologies and technique s will have the largest
impact.






Appendix A

Supplementary information for
experimental analyses

A.1 Description of experimental information
according to MIFlowCyt

A.1.1. Experimental overview

A.1.1.1. Purpose

The purpose of the experiment was to analyze changes in the cdlular properties of
Dunaliella salinaduring b-carotene accumulation under the presence of abiotic stress
using ow cytometry.

A.1.1.2. Keywords

Dunaliella salina b-carotene, ow cytometry, cellular properties

A.1.1.3. Experiment Variables

The presence of high light intensity and nitrogen deprivati on were chosen to be suit-
able inducers of carotenogenesis and their effect on cell growth, granularity, vitality
and neutral lipid uorescence was studied in a time-dependen t manner.

A.1.1.4. Organization

Max Planck Institute for Dynamics of Complex Technical Syste ms
Sandtorstrasse 1
39106 Magdeburg, Germany
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A.1.1.5. Primary contact

Melanie Fachet (fachet@mpi-magdeburg.mpg.de), Dr. Dana Hermsdorf (hermsdorf@mpi-
magdeburg.mpg.de)

A.1.2. Quality control measures

To verify the performance and system alignment, Calibratio n Beads of 3nm diameter
(Catalogue number: 05-4018) were measured before each bate cultivation.

A.1.3. Flow sample

A.1.3.1. Biological sample

The algaeDunaliella salina(strain CCAP 19/18) and Dunaliella parvaused in this study
were obtained from the Culture Collection of Algae and Proto zoa (Windermere,
United Kingdom).

A.1.3.2. Sample characteristics

The alga is known to accumulate high amounts of b-carotene upon exposure to abi-
otic stress conditions.

A.1.3.3. Sample treatment description

All samples were diluted with cultivation medium to a cell de  nsity of approximately

1 10Pcells mL ! prior to the analysis. The vitality staining was performed b y adding
20nL of the FDA stock solution (2mg mL 1) to 1 mL of cell suspension leading to a
nal concentration of 40 ng mL 1. For the neutral lipid determination, the cell sus-

pension was stained with a nal concentration of 0.5 mgmL ! Nile Red and incubated
for 15 minutes in the dark.

A.1.3.4. Fluorescence reagent description

 Nile Red: N3013, Sigma Aldrich

 Fluorescein diacetate: F1303, Invitrogen

A.1.3.5. Characteristics being measured

» Unstained cells:
— SSC: Population identi cation
— SSC: Cell granularity
— FL3: Chlorophyll uorescence, population identi cation

e Stained cells:
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— FL1: Cell vitality
— FL1: Nile Red

A.1.4. Instrument details

A.1.4.1. Instrument manufacturer

Sysmex-Partec GmbH (www.sysmex-partec.com)

A.1.4.2. Instrument model

CyFlow Space

A.1.4.3. Instrument con guration and settings
Flow cell and uidics

The instrument has not been altered; xed-alignment cuvett e ow cell.

Light sources

The instrument has not been altered:
* 488 nm blue argon solid state laser (20 m\W)

* 375nm ultra-violet diode laser (16 mW)

Excitation optics con guration

The instrument has not been altered.

Optical lters

The instrument has not been altered, all Iters are original and came with the instru-
ment (March 07, 2012).

Optical detectors

The instrument has not been altered. Detector voltages have been set to: FSC=140V;
SSC=200V; FL1=380V; FL2=416V; FL3=400V; FL4=450V; FL5=6%

Optical paths

The instrument has not been altered. The following table sho ws the Iter con gura-
tion:
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Table S1.: Con guration of the emission ranges for the ow cytometric detector ¢  hannels

Laser Detector channel  Filter Fluorochrome detected

Blue (488 nm) FL1 536/40 Nile Red, Fluorescein, BODIPY 505/515
FL2 590/40 Nile Red
FL3 675/20 Nile Red, Chlorophyll auto uorescence
FL4 A748 -

UV (375 nm) FL5 455/50 -

A.1.5. Data analysis

A.1.5.1. List-mode data les

FCS data les can be obtained by contacting Melanie Fachet or Dr. Dana Hermsdorf.

A.1.5.2. Data transformation details
Purpose of data transformation

Visualization and gating.

Data transformation description

FlowMax (Sysmex-Partec GmbH, Version 2.7) default visualiz ation settings have
been used for gating. The calculation of the geometric mean values for light scatter-
ing and uorescenece emission was conducted with FloMax.

A.1.5.3. Gating details

The same gating strategy has been used for all data les.

Gating description

The gating strategy involves the following gates:

» FSC-FL3 gate to de ne the intact algal cell population (Fig .1a) in data les of
stained and unstained cells

» For Nile Red-stained cells: FL1 gate to determine mean uore scence intensity
(Fig. 3)
» For FDA-treated cells: FL1 gate to de ne the number of vital algal cells (Fig. 5)

The following gure illustrates the gating strategy of unst ained cells:
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Figure S5.: Gating strategy for unstained cells
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A.2 Supplementary information for FTIR analysis

Figure S6.: Calibration curve for FTIR analysis with respective standard s. a) BSA, b) Glyc-
erol tripalmitate (GTP) and c) Laminarin.
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Supplementary information for pro le
likelihood analysis

B.1 List of model parameters

Table S1.: Overview of parameters from dynamic-kinetic model.

Symbol  Description Unit

I Duration of the lagphase d

m Speci ¢ growth rate d !

Mhax Maximal growth rate d !

Mhet Net speci c growth rate d !

I chi Chlorophyll density in the reactor g Chlm 3

I'N,ext Extracellular nitrogen density gNm 3

rx Biomass density on dry weight basis gdwm 3

F Description of the lag phase -

we Carbon content of biomass gCg tdw

Wchi Chlorophyll fraction of the biomass gChlg Ldw

WehiN Chlorophyll-nitrogen ratio in the biomass gChlg IN

Wy Cell quota for nitrogen gNg ldw

Wnmax ~ Maximal cell quota for nitrogen gNg L dw

WN,min Minimal cell quota for nitrogen gNg L dw

at Optical cross section of chlorophyll a m2g ! chl

a Absorption coef cient of chlorophyll m 2 g Lchl

b Absorption coef cient of b-carotene m? g Lcar

c Backscattering coef cient of the biomass m !

Eo Photon ux density at the reactor surface mol photons m 29 1t

Eabs Absorbed photon ux mol photonsd 1

Ecar,crit Crit. light int. for b-carotene synthesis mol photons g Ydwd
Ex dw Light intensity per biomass mol photonsm 2d g tdw
Eout Transmitted photon ux density mol photonsm ~ 2d !

E Average photon ux density in the reactor mol photonsm ~ 2d !

k Hill coef cient -

KsE Half saturation coeff. for photosynthetic growth mol photons m g Tawd ?
Kie Light inhibition coeff. for photosynthetic growth  mol photons m g Tawd ?
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Ks N Halfsaturation coeff. for nitrogen uptake gNm 8

l'carE Light stress-induced b-carotene synthesis rate gCarg lawd !
l'carN Nutrient stress-induced b-carotene synthesisrate g Carg Yawd !
rn Nitrogen uptake rate gNg Yawd !
I'N,max Maximal nitrogen uptake rate gNg Yawd ?!
rp Photosynthesis rate gCg chid *
rpmax  Maximal theoretical photosynthesis rate gCg 'chid !
R Respiration rate d !

SPBR llluminated reactor surface m 2

VpeR Reactor volume m?

Yx e Biomass yield on light energy gdwmol ! photons

z Thickness of the reactor m
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B.2 Model equations for the dynamic-kinetic growth

model of D. parva
The model equations formulated to describe the state variab les for the cellular pro-
cesses inD. parvaduring growth are subdivided into two categories. Firstly, the dy-
namic changes in the state variables are represented by ordinary differential equa-
tions. Secondly, the kinetic expressions and microalgal biomass characteristics are

expressed by algebraic equations. The presented dynamic madel equations consider
the following four state variables:

- Biomass density rx (gdwm 3)

- Extracellular nitrogen density ry (9N m 3)

- Intracellular nitrogen fraction wy (g N g * dw)
- Chlorophyll fraction wgp (g Chlg *dw)

- b-carotene fraction wey, (g Car g * dw)

Light attenuation in the photobioreactor

The incident light falling on the reactor surface Eg decreases exponentially along the
optical path coordinate L according to the law of Lambert-Beer.

E'Le Epexp "archy brca ¢ L (B.1)

where a, b and c represent the absorption and scattering coef cients of the biomass
and rcn as well as rc, are the pigment densities in the reactor. The transmitted
photon ux density Egy is given by:

Eouu E°L zo Epgexp "arcy brea € z (B.2)

The average photon ux density E in the photobioreactor is calculated by integration
of E"Le~L between L 0 and the optical path length L z:

E Eo

“arcy brca ¢z P Chl Car (B.3)

The absorbed photon ux Egysis calculated from the difference of incident and trans-
mitted photon ux density normalized to the reactor surface  Spgg:

Eabs "Eo Eout* Seer (B.4)

The photon ux density Ex g, per biomass is calculated from the ratio of average
photon ux density E and the biomass density rx normalized to the reactor volume

VpBR!

E
E = (B.5)
XMWy Veer
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Nitrogen uptake rate

The uptake rate of inorganic nitrogen ry from the medium was assumed to follow
Michaelis-Menten kinetics. By including the Droop functio n into the uptake rate,
the expression ensures that nitrogen uptake is terminated u nder nitrogen-repleted
conditions (Droop, 1968:

r
N,ext @ WN (B.6)

'N INmax ———
Inext Ksn WN,max

where ry max and Ks y represent the maximal uptake rate and the half-saturation c o-
ef cient for nitrogen as well as  wy max Which is the maximal nitrogen quota in the
biomass.

b-carotene synthesis rate

The synthesis of b-carotene mainly depends on the presence and intensity of li ght and
nutrient stress. Therefore, the equation for its synthesis couples a light-dependent
and nutrient-dependent synthesis term as formulated below :

k “

—k s
E wy

Fcar Icark P —— rcan , 1 —¢ (B.7)

W . Wy ®
Ecar,crit E N, crit N

where rcarg and regn represent the maximal synthesis rate under light and nutrie nt
stress. The half saturation coef cients for light and nutri ent stress are denoted as
Ecar,crit and wy it - The Hill coef cient is represented by k.

Photosynthesis rate

The carbon-speci c, light-limited photosynthesis rate ca n be expressed as follows:

a Yxg E
@A exp ———
WN I'P max

WN,min ., ‘ (B.8)

P pmax @&
where rp max is the maximal photosynthesis rate, wy min IS the minimal nitrogen quota
of the biomass and Y g is the biomass yield on light energy. This relationship deve |-
oped by Geider et al. (1998 includes the dependencies on the average photon ux
density, the light absorption properties, the photon ef ci ency and the nutrient status
of the biomass.



B.2. Model equations for the dynamic-kinetic growth model o f D. parva 123

Growth rate

The equation for the light- and nutrient-dependent effects on the speci ¢ growth rate
is expressed in the following equation:

Ex dw WN,min
M Mmax - = @& W—
E K I'x X, dw N
X, dw s,E T
renn Kie

(B.9)

Since the cells need to adapt to the conditions in the photobi oreactor, attimet 0 an
initial lag phase was observed in the experimental data. Therefore, we adjusted the
speci ¢ growth rate using a Hill function:

tk

F | ko tk

(B.10)

to estimate the lagphase F where kis the exponential factor describing the transition
from lag to exponential phase and | is the duration of the lag phase. Taking the
respiration rate into account, the following equation for t he net speci ¢ growth rate
Mhet Was derived:

Met F "M rre (B.11)

The biomass yield on light energy Yy g is calculated according the following expres-
sion:
mry V,
Yy g 'X YPBR (B.12)
Eabs
where Vpgris the reactor volume.
After the formulation of the kinetic expressions, the follo wing ve dynamic equa-
tions are deduced in order to describe biomass growth, chlor ophyll and b-carotene
fraction, extracellular nitrogen density and nitrogen quo ta:

drx
—= r B.13
dt Mhet I'x ( )
drn ext
R N T B.14
ot N Tx (B.14)
dd% Ny Fomwy (B.15)
dw WehN M I
dfhl Mhet Wchi (B.16)
e gent.
Wc
dw.
—car Fcar Mhet Wcar (B.17)

dt
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Table S2.: Summary of biomass-speci ¢ parameters for D. parvaderived from experiments

and literature data.

Description Symbol Value Unit Source

Optical cross section of Chl a a 11.84 mfg 1Chla Average of experimental data
Absoption coeff. of Chl aand b a 5.134 nmfg lcChl Fitting of absorption model to exp. data
Absoption coeff. of b-carotene b 2.202 nfg ! Car Fitting of absorption model to exp. data
Backscattering coeff. of the biomass c 16.591 ml Fitting of absorption model to exp. data
Hill coef cent k 4 - Literature (Baty and Delignette-Muller , 2004
Duration of the lag phase | 2 d Estimation from exp. data

Maximal theoretical photosynthesis rate rpmax 2000 gCg Lchid ! Estimation from exp. data

Carbon fraction we 0.49 gNg tdw Direct measurement

Maximal cell quota for nitrogen Wn,max  0.10 gNg tdw Direct measurement

Minimal cell quota for nitrogen Wn,min ~ 0.015 gNgldw Direct measurement

Crit. cell quota for b-carotene synthesis — wy crit 0.02 gNg tdw Estimation from exp. data

Reactor thickness z 0.05 m Reactor constant

Reactor volume Vpgr 0.001 m 3 Reactor constant

Reactor surface SpBR 0.024 m 2 Reactor constant
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B.3 Interdependencies between model parameters

Growth model for D. salina

T T T T T T

Figure S1.: Pro le likelihood of rymax and its dependencies on the remaining parameters
in terms of relative change of each kinetic parameter for D. salina
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Figure S2.: Pro le likelihood of Kg y and its dependencies on the remaining parameters in
terms of relative change of each kinetic parameter for D. salina

|

NENE

Figure S3.: Pro le likelihood of mmax and its dependencies on the remaining parameters in
terms of relative change of each kinetic parameter for D. salina
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L

W

Figure S4.: Pro le likelihood of Kg g and its dependencies on the remaining parameters in
terms of relative change of each kinetic parameter for D. salina

w

Figure S5.: Pro le likelihood of  K; g and its dependencies on the remaining parameters in
terms of relative change of each kinetic parameter for D. salina
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Figure S6.: Pro le likelihood of  Ecacrit and its dependencies on the remaining parameters

in terms of relative change of each kinetic parameter for D. salina
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W

Figure S7.: Pro le likelihood of  r¢y g and its dependencies on the remaining parameters in

terms of relative change of each kinetic parameter for D. salina
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EREARAS

Figure S8.: Pro le likelihood of rcar N @and its dependencies on the remaining parameters in
terms of relative change of each kinetic parameter for D. salina

IRV
¢

Figure S9.: Pro le likelihood of rg and its dependencies on the remaining parameters in
terms of relative change of each kinetic parameter for D. salina
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Growth model for D. parva

s

Figure S10.: Pro le likelihood of  ry max and its dependencies on the remaining parameters
in terms of relative change of each kinetic parameter for D. parva
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Figure S11.: Pro le likelihood of mmax and its dependencies on the remaining parameters
in terms of relative change of each kinetic parameter for D. parva

/M

.

e

Figure S12.:Pro le likelihood of K gand its dependencies on the remaining kinetic param-
eters in terms of relative change of each kinetic parameter for the dynamic-kinetic model

of D. parva
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/

Figure S13.:Pro le likelihood of  K; g and its dependencies on the remaining parameters in
terms of relative change of each kinetic parameter for D. parva

|

N D

Figure S14.:Pro le likelihood of  Eca crit @and its dependencies on the remaining parameters
in terms of relative change of each kinetic parameter for D. parva
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Figure S15.: Pro le likelihood of rca g and its dependencies on the remaining parameters
in terms of relative change of each kinetic parameter for D. parva
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Figure S16.: Pro le likelihood of r¢,, N and its dependencies on the remaining parameters
in terms of relative change of each kinetic parameter for D. parva
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Figure S17.: Pro le likelihood of rg and its dependencies on the remaining parameters in
terms of relative change of each kinetic parameter for D. parva



Appendix C

Supplementary information for
metabolic network reconstruction

C.1 List of pathways and reaction

Table S1.: List of reactions in the carbon core metabolism. The arrows indicat e the direction
and reversibility of the reactions. Metabolites in the chloropla st are notated with a ¢ and
metabolites in the mitochondrium are notated with a m before the abbreviation.

No. ID Reaction E.C. KEGG
ID
R001 Lightl 8 Light + 3 ADP + 3 Pi + H[+] + 2 cNADP - -
02+ H20 + 2 cNADPH + 3 ATP

R002 Call CO2 + H20 + cRul5DP 2 c3PG + 2H[+] 4.1.1.39 R00024
R0O03 Cal2 ATP +c3PG ADP + H[+] + c13DPG 2.7.2.3 R01512
R004 Cal3 H[+] + NADPH + c13DPG  NADP + H20 + cGAP 1.2.1.9 R01058
R0O05 Cal4 cGAP cDHAP 5.3.1.1. R01015
R0O06 Cal5 cDHAP + cGAP  cF16P 4.1.2.13 R01068
R0O07 Calé H20 + cF16P Pi+ cF6P 3.1.3.11 R00762
R0O08 Cal7 CF6P + cGAP CcE4P + cX5P 2211 R01067
R0O09 Cal8 H20 + cE4P + cGAP  Pi+cS7P 3.1.3.37 R01845
4.1.2.13 R01829
R0O10 Cal9 CGAP +cS7P cR5P + cX5P 2211 R01641
RO11 Call0 cX5P CcRu5P 5131 R01529
RO12 Calll cR5P cRu5P 5.3.1.6 R01056
RO13 Call2 ATP + cRu5P ADP + cRul5DP 2.7.1.19 R01523
RO14 Glucl cG6P + H20 + NADP  c6PG + NADPH + H[+] 1.1.1.49 R00835
3.1.1.31 R02035
RO15 Gluc2 c6PG + NADP  CO2 + NADPH + cRU5P + H[+] 1.1.1.44 R01528
R0O16 Gluc3 cF6P cG6P 5.3.1.9 R0O0771
RO17 Gluc4 cG6P cG1P 5422 R08639
RO18 Glucs ATP + cG1P CcADP-G + PPi 2.7.7.27 R00948
RO19 Gluc6 CADP-G ADP + Starch 24121 R06049
R020 Gluc7 Starch+ Pi  cG1P 24.1.1 R06185
R021 CAM1 AMP + cPEP + PPi  ATP + cPYR + Pi 2.7.9.1 R00206
R022 CAM2 cMAL + NAD cPYR + CO2 + NADH 1.1.1.39 R00214
R023 CAM3 cMAL + NADP cPYR + CO2 + NADPH 1.1.1.40 R00216

R024 CAM4 cMAL + NAD COXA + NADH + H[+] 1.1.1.37 R00342



136 Appendix C. Supplementary information for metabolic ne twork reconstruction

R025
R026
RO27
R028
R029
R0O30
R0O31
R032
R0O33
R034
R0O35
R0O36
R037

R0O38
R0O39
R040

RO41
R042
R043
R044
R045
R046
R047
R048
R049
R0O50
RO51
R052
R0O53
R0O54
R0O55
R056
RO57
R0O58

R0O59

R0O60
R0O61
R062
R063
R0O64
R0O65

R0O66
RO67
R0O68
R069
RO70
RO71
RO72
RO73

RO74
RO75
RO76
RO77
RO78
RO79

CAM5
CAM6
CAM7
CAM8
CAM9
CAM10
CAM11
CAM12
CAM13
Presl
Pres2
Pres3
Pres4

Pres5
Pres6
Pres7

Pres8
Pres9
Pres10
Presl1l
Pres12
Glyl
Gly2
Gly3
Gly4
Gly5
Gly6
Gly7
Gly8
Gly9
Gly10
Glyll
Gly12
Gly13

PP1

PP2
PP3
PP4
PP5
PP6
PP7

TCA1l
TCA2
TCA3
TCA4
TCAS5
TCA6
TCA7
TCA8

Glycl
Glyc2
Glyc3
Glyc4
Glycs
Glycé

cMAL + NADP cOXA + NADPH + H[+]

ATP + cOXA  ADP + CO2 + cPEP

CO2 +H20 + cPEP  H[+] + cCOXA + Pi
CASP + cAKG  cOXA +cGLU

MAL + NAD PYR + CO2 + NADH

MAL + NADP PYR + CO2 + NADPH
ATP + OXA  ADP + CO2 + PEP

CO2 + H20 + PEP H[+] + OXA + P

ATP + CO2 + H20 + PYR  ADP + OXA + Pi + 2 H[+]
cRul5DP + 02 c3PG+ cGLYCOL2P
cGLYCOL2P + H20 cGLYCOL + Pi
GLYCOL + NAD  GLYOX + NADH + H[+]
SER + GLYOX GLY + HydPyr

H[+] + HydPyr + NADH  GLYCA + NAD
ATP + GLYCA ADP + 3PG

GA + NAD + H20

GLYCA + NADH + H[+]

GLYC + NAD GA + NADH + H[+]

GLYC + NADP  GA + NADPH + H[+]
GLY + H20 + METHF  SER + THF

GLY +NAD+THF  CO2+METHF + NADH + NH4[+]
GLY + H[+] + PYR  ALA + GLYOX

G6P G1P

F6P G6P

ATP + F6P ADP + F16P

F16P + H20 F6P + Pi

DHAP + GAP  F16P

DHAP  GAP

GAP + NADP+Pi 13DPG + H[+] + NADPH
13DPG + ADP  3PG + ATP

3PG 2PG

2PG H20 + PEP

ADP + PEP ATP + PYR

ATP + GLUC  ADP + G6P

G1P CARB + Pi

G6P + H20 + NADP  6PG + NADPH + 2 H[+]

6PG + NADP  CO2 + NADPH + RU5P + H[+]
RUSP RSP

RUSP  X5P

R5P + X5P GAP + S7P

GAP +S7P E4P + F6P

F6P + GAP E4P + X5P

CoA +NAD + mPYR  mAcCoA + CO2 + NADH
MACCOA + H20 + mOXA mCIT + CoA + H[+]
mCIT + NAD  mAKG + CO2 + NADH
mMAKG + CoA+NAD  CO2 + NADH + mSUCCoA
ADP + Pi+ mSUCCoA  ATP + CoA + mSUC

FAD + mMSUC  FADH2 + mFUM

mFUM + H20  mMAL

FAD + mMMAL  FADH2 + mOXA

DHAP + ADP  DHA + ATP

DHA + H[+] + NADPH GLYC + NADP
ADP + cGLYC3P ATP +cGLYC
GLYC3P + FAD DHAP + FADH2
cGLYC3P + NAD  cDHAP + H[+] + NADH
ADP + GLYC3P ATP + GLYC

1.1.1.82
4.1.1.49
4.1.1.31
26.1.1
1.1.1.39
1.1.1.40
4.1.1.49
4.1.1.31
6.4.1.1
4.1.1.39
3.1.3.18
1.1.1.26
2.6.1.45
2.6.1.51
1.1.1.29
27131
1213

1.1.1.21
1.1.1.2

5.4.2.2
5.3.1.9
2.7.111
3.1.3.11
4.1.2.13
53.1.1
1.2.1.13
2.7.2.3
5.4.2.12
4.2.1.11
2.7.1.40
2711

1.1.1.49
3.1.1.31
1.1.1.44
5.3.1.6
5131
2211
2212
2211

1154

2.7.1.29
1.1.1.156
2.7.1.30
1153
1.1.1.8
2.7.1.30

R00343
R00341
R00345
R00355
R00214
R00216
R00341
R00345
R00344
R03140
R01334
R00717
R00588

R01388
R01514
R01752

R01036
R01041

R08639
R0O0771
R00756
R00762
R01068
R01015
R01063

R01512
R01518
R00658
R00200
R00299

R00835
R02035
R01528
R01056
R01529
R01641
R08575
R01067

R01257

R01011
R01039
R00847
R00848
R00842
R00847
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R0O80
R081
R082
R083
R084

R085

R086

R0O87
R088
R089
R0O90
R091
R092

R093
R094
R095

R096
R0O97
R098
R099
R100
R101

R102
R103
R104
R105
R106
R107
R108
R109
R110

R111
R112

R113
R114
R115
R116
R117
R118
R119
R120

R121
R122

NS1
NS2
NS3
NS4
NS5

Ox1

Ox2

Ox3
Ox4
Ox5
Ox6
Ox7

AA12

AA13

AA14
AA15
AAL6
AA17
AA18

AA19

AA20
AA21

AA22
AA23
AA24
AA25
AA26
AA27
AA28
AA29

AA30
AA31

H[+] + NADH + NO3  H20 + NAD + NO2
5H[+]+3NADPH+NO2  NH4[+] + 2 H20 + 3 NADP
ATP +S04 APS + PPi

APS + NADH AMP + NAD + SO3

5 H[+] + 3NADPH + SO3  H2S + 3 H20 + 3 NADP

1.5 ADP + 1.5 H[+] + 1.5 Pi + FADH2 + 0.5 O2
FAD + 1.5 ATP + 2.5 H20

3.5 H[+] + 2.5 ADP + 2.5 Pi + NADH + 0.5 02
NAD + 2.5 ATP + 3.5 H20

NAD + NADPH  NADH + NADP

H20 + PPi  H[+]+ 2 Pi

AMP + ATP 2 ADP

ATP +H20 ADP + H[+] + Pi

1NADH+1CMP 1NAD+1CDP

AKG + H[+] + NADPH + NH4[+] GLU + H20 +
NADP

ATP + GLU + NH4[+]  ADP + GLN + H[+] + Pi
AKG + GLN + H[+] + NADPH NADP + 2 GLU
3PG + GLU + H20 + NAD

AKG + H[+] + NADH + Pi + SER

SER NHA4[+] + PYR

AcCoA + H2S + SER  Ace + CYS + CoA + H[+]
ATP + Ace + COA  ADP + AcCoA + Pi
GLU+PYR AKG +ALA

H[+] + THR 20XO0B + NH4[+]

20XO0OB + GLU + H[+] + NADPH + PYR

AKG + CO2 + H20 + ILE + NADP

2 H[+] + ALA + NADPH + PYR

CO2 + H20 + NADP + VAL

2 PYR + AcCoA + GLU + H[+] + NAD + NADPH
AKG + CoA + LEU + NADH + NADP + 2 CO2

2 PEP + ATP + E4P + NADPH

ADP + CHO + NAD P + 4 Pi

CHO PRE

GLU + H[+]+ PRE  AKG + CO2 + H20 + PHE
GLU + NAD + PRE  AKG + CO2 + NADH + TYR
CHO +GLN  ANTH + GLU + H[+] + PYR

ANTH + H[+] + PRPP + SER

CO2 + GAP + PPi + TRYP + 2 H20

3 H20 + 2 NAD + ATP + GLN + PRPP

AICAR + AKG + HIS + Pi + 2 NADH + 2 PPi + 5 H[+]
GLU + OXA  AKG + ASP

ASP + ATP + GLN + H20  ADP + ASN + GLU + H[+]
+Pi

2 ATP +2 H20 + CO2 + GLN

CaP + GLU + Pi + 2 ADP + 3 H[+]

2 GLU + ASP + ATP + CaP + NADH

AKG + AMP + ARG + FUM + H20 + NAD + PPi + Pi
3 H[+] + 2 NADH + GLU PRO + 2 H20 + 2 NAD
AKG +02+PRO CO2 + HydPro + SUC

ASP + ATP + H[+] + NADPH ADP + ASA + NADP +
Pi

2 H[+] + ASA + GLU + NADH + PYR

AKG + DAP + H20 + NAD

DAP  CO2 + H[+] + LYS

ASA + H[+] + NADPH HSER + NADP

ATP + H20 + HSER  ADP + H[+] + Pi + THR
AcCoA + CYS + H20 + HSER

Ace + CoA + HCYS + H[+] + NH4[+] + PYR

26.1.1

R01513
R04173
R00582

R00996

R00355
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R123 AA32 HCYS + MTHF  H[+] + MET + THF - -
R124 AA33 4.306 ATP + 3.306 H20 + 0.111 ALA + 0.094 GLY + 0.093
LEU + 0.059 PRO + 0.059 VAL + 0.058 LYS + 0.057 THR
+0.055 SER + 0.05 GLN + 0.05 GLU + 0.047 ARG + 0.047
ASN + 0.047 ASP + 0.045 PHE + 0.036 ILE + 0.031 TYR
+0.022 MET + 0.017 HIS + 0.013 HydPro + 0.012 CYS +
0.001 TRYP PROTEIN + 4.306 ADP + 4.306 Pi + 4.314

H[+]

R125 THF1 ATP +R5P  AMP + H[+] + PRPP - -

R126 THF2 5FTHF + H[+]  H20 + MYLTHF - -

R127 THF3 H20 + MYLTHF  H[+] + N1OFTHF - -

R128 THF4 ATP + FORM + THF  ADP + N10OFTHF + Pi - -

R129 THF5 MYLTHF + NADPH  METHF + NADP - -

R130 THF6 H[+] + METHF + NADPH  MTHF + NADP - -

R131 THF7 5FTHF + ATP + H20  ADP + H[+] + N1OFTHF + Pi - -

R132 THF8 FORM + H[+] + THF  H20 + N1OFTHF - -

R133 THF9 DHF + H[+] + NADPH  NADP + THF - -

R134 PA1 ACP +AcCOA + H[+]  ACACP + CoA - -

R135 PA2 ATP + ACCOA + CO2 + H20  ADP + H[+] + MalCoA + - -
Pi

R136 PA3 ACP +MalCoA  CoA + MalACP - -

R137 PA4 10 H[+] + 10 NADPH + 5 MalACP + ACACP - -
C12:0ACP + 5 ACP + 5 CO2 + 5 H20 + 10 NADP

R138 PA5 12 H[+] + 12 NADPH + 6 MalACP + ACACP - -
C14:0ACP + 6 ACP + 6 CO2 + 6 H20 + 12 NADP

R139 PAG 14 H[+] + 14 NADPH + 7 MalACP + ACACP - -
C16:0ACP + 7 ACP + 7 CO2 + 7 H20 + 14 NADP

R140 PA7 C160ACP + H[+] + NADH + 02  C16:1ACP + NAD + - -
2H20

R141 PAS C161ACP + H[+] + NADH + 02  C16:2ACP + NAD + - .
2H20

R142 PA9 C162ACP + H[+] + NADH + 02  C16:3ACP + NAD + - -
2H20

R143 PA10 16 H[+] + 16 NADPH + 8 MalACP + ACACP - -
C18:0ACP + 8 ACP + 8 CO2 + 8 H20 + 16 NADP

R145 PA11 C180ACP + H[+] + NADH + 02  C18:1ACP + NAD + - -
2H20

R146 PA12 C181ACP + H[+] + NADH + 02  C18:2ACP + NAD + - .
2 H20

R147 PA13 C182ACP + H[+] + NADH + 02  C18:3ACP + NAD + - -
2H20

R148 PA14 GLYC3P + 0.474 C16:0ACP + 0.446 C18:3ACP + 0.276- -

C18:2ACP + 0.253 C16:3ACP + 0.16 C18:1ACP + 0.148
C16:2ACP + 0.104 C12:0ACP + 0.051 C14:0ACP + 0.048
C18:0ACP +0.04 C16:1ACP PA+2ACP + 2 H[+]

149 PA15 H[+] + O2 + NADH + C16:3ACP 2 H20 + NAD + - -
C16:4ACP
R150 TAG1 0.0186 C14:0ACP + 0.1275 C16:0ACP + 0.0387 C16:1ACP- -

+ 0.0137 C16:2ACP + 0.0191 C16:3ACP + 0.0019
C18:0ACP +0.0753 C18:1ACP +0.0967 C18:2ACP + 0.357
C18:3ACP + 0.2515 C16:4ACP ACP +FA

R151 TAG2 GLYC3P + FA AG3P - -
R152 TAG3 AG3P + FA DAG3P - -
R153 TAG4 H20 + DAG3P DAG - -
R154 TAG5 DAG +FA TAG - -
R155 TAG6 0.3349 TAG TAG) - -

R156 TAG7 0.3185 DAG DAGp - -
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R157

R158

R159
R160
R161
R162

R163

R164

R165
R166
R167
R168

R169
R170
R171

R172

R173

R174

R175

R176

R177

R178

R179

R180

R182

R183

R184

R184
R185
R186

R187
R188
R189

R190
R191

Chi1

Chi2

Chi3
Chl4
Chls
Chlé

NAL

NA2

NA3
NA4
NAS5
NAG

NA7
NA8
NA9

NA10
NA11l
NA12
NA13
NA14
NA15
NA16
NA17
NA18
Carl

Car2

Car3

Car4d
Carb
Car6

Car7
Car8
Car9

Carl0
Carll

12 H[+] + 8 ATP + 8 GLU + 8 NADPH +2.502  PPor-
phyrin + 4 NH4[+] + 6 CO2 + 8 AMP + 8 NADP + 8 PPi
+13 H20

18 H[+] + 15 NADPH + 8 ATP + 4 GAP +4PYR  Phytyl-
PP +4 ADP +4 AMP + 4 CO2 + 7 PPi+ 8 H20 + 15 NADP
ATP + H20 + MET  ADMET + H[+] + PPi + Pi
AdHCYS + H20 Ad + HCYS

ATP +Ad ADP + AMP + H[+]

4 NADPH + 2.5 02 + 2 ATP + ADMET + Mg2[+] + PPor-
phyrin + Phytyl-PP ~ AdHCYS + Chlorophyll + PPi + 2
ADP + 2 H20 + 2 Pi + 3 H[+] + 4 NADP

4ATP +2 GLN +2 H20 + ASP + CO2 + GLY + N1OFTHF
+PRPP AICAR + FUM + PPi+ THF + 2 GLU + 4 ADP
+4 Pi+ 7 H[+]

ASP + CaP + H[+] + O2 + PRPP

CO2 + H20 + H202 + PPi + Pi + UMP

2H202 02+2H20

ATP + UMP  ADP + UDP

ATP +UDP  ADP + UTP

ATP + GLN + H20 + UTP

ADP + CTP + GLU + Pi + 2 H[+]

ATP +CDP ADP+CTP

AICAR + N1OFTHF  H20 + IMP + THF

ATP + H20 + IMP + NAD + NH4[+]

AMP + GMP + NADH + PPi + 3 H[+]

ATP + GMP  ADP + GDP

ATP + GDP  ADP + GTP

ASP + GTP +IMP  AMP + FUM + GDP + Pi + 2 H[+]
ATP + H[+] + METHF + NADPH + UDP

ADP + DHF + H20 + NADP + dTTP

ATP + CDP + H[+] + NADPH

ADP + H20 + NADP + dCTP

ATP + GDP + H[+] + NADPH

ADP + H20 + NADP + dGTP

ATP + H[+] + NADPH H20 + NADP + dATP

2.372 H20 + 1.372 ATP + 0.18 dATP + 0.18 dTTP + 0.32 - -

dCTP +0.32dGTP DNA + PPi+1.372 ADP + 1.372 Pi
+2.372 H[+]

1.4H20 + 0.56 ATP + 0.34 GTP + 0.16 UTP + 0.34 CTP
0.4 ADP + 0.4 H[+] + 0.4 Pi + PPi + RNA

CcGAP + cPYR CO2 + cDXP

ATP + H[+] + 2 NADPH + CTP + cDXP

2 H20 + ADP + 2 NADP + PPi + CMP + cIPP
ATP + H[+] + 2 NADPH + CTP + cDXP

2 H20 + ADP + 2 NADP + PPi + CMP + cDMAPP

clPP  cDMAPP
cDMAPP +cIPP  PPi + cGPP
2 cIPP +cGPP 2 PPi+cGGPP

2CcGGPP 2 PPi+cPHYT
H20 + NAD + cPHYT  H[+] + NADH + cZCAR
202+ 2NADH +cZCAR 4 H20 + 2 NAD +cLYC

cLYC CcBCAR
2 H[+] + 2 02 + 2 NADPH + cBCAR
2 H20 + 2 NADP + cZEA

2217 R05636
1.1.1.267 R05688
2.7.7.60 RO05633
2.7.1.148 RO05634
4.6.1.12 RO05637
1.17.71 R08689
1.17.1.2 RO05884
R07219

5.3.3.2 R01123

2511 R01658
2.5.1.10 R02003
2.5.1.29 R02061

25.1.32 R07916

1355 R04787

1.3.5.6 R04798
R04800

5.5.1.19 R03823

1.14.13.129 R09747
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R192

R193

R194

R195

R196

R197

R198
R199
R200
R201
R202
R203
R204
R205
R206
R207
R208
R209
R210
R211
R212
R213

R214
R215
R216
R217
R218
R219
R220
R221
R222

Carl2

Carl3

Carl4d

Carl5

mu

Glob

T1
T2
T3
T4
T5
T6
T7
T8
T9
T10
T11
T12
T13
T14
T15
T16

Ex1
Ex2
Ex3
Ex4
Ex5
Ex6
Ex7
Ex8
Ex9

2 H[+] + 2 02 + 2 NADH + cZEA

2 H20 + 2 NAD +

1.14.13.90 R06956

cVIO R06947
cLYC CcACAR 5.5.1.18 RO06963

55.1.19 R06962
cACAR cLUT 1.14.13.12R07530

1.14.99.45 R0O7531
0.1863 BCAR 1BCARp - -

32.687 ATP + 32.687 H20 + 0.6417 PROTEIN + 0.2713 - -
CARB + 0.0453 PA + 0.0305 RNA + 0.0102 Chlorophyll

+0.0011 DNA Biomass + 32.687 H[+] + 32.687 ADP +

32.687 Pi

0.771 cBCAR + 0.075 TAG + 0.154 DAG Globule = -

cDHAP  DHAP - -
cGAP GAP - -
cPYR PYR - -
cPEP PEP - -
cMAL MAL - -
CASP ASP - -
cGLYCOL GLYCOL - -
cGLYC3P GLYC3P - -
cGLYC GLYC - -
mPYR PYR - -
mMAL  MAL - -
mOXA  OXA - -
MAKG  AKG - -
3PG c3PG - -
CAKG AKG - -
cGLU GLU - -

Lightex  Light - -
CO2x CO2 - -
02 02x - -
SOdx S04 - -
NO3x NO3 - -
NH4ex  NH4[+] - -
Mgzx  Mg2[+] - -
Péx  Pi - -
H2Qx H20 - -
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Table S2.: List of compounds in the carbon core metabolism.

No. Symbol Name

C001 13DPG 1,3-diPhosphoglycerate

C002 20XOB 2-Oxobutanoate

C003 2PG 2-Phosphoglycerate

C0o04 3PG Glycerate-3-phosphate

C005 5FTHF 5-Formyl-THF

C006 6PG 6-Phosphogluconate

C007 AcACP Acetyl-ACP

C008 AcCOA Acetyl-CoA

C009 Ace Acetate

C010 ACP Acetyl-carrier protein

Co11 Ad Adenosine

C012 AdHCYS S-Adenosyl-L-homocysteine

C013 AdMET S-Adenosyl-L-methionine

C014 ADP Adenosine diphosphate

C015 ADP-G ADP-Glucose

C016 AICAR 5-Aminoimidazole-4-carboxamide ribonucleine
C017 AKG 2-Oxoglutarate (alpha-ketoglutarate)
C018 ALA Alanine

C019 AMP Adenosine monophosphate

C020 ANTH Anthranilate

C021 APS Adenylyl sulfate

C022 ARG Arginine

C023 ASA L-Aspartic semialdehyde

C024 ASN Asparagine

C025 ASP Aspartate

C026 ATP Adenosine triphosphate

C027 Biomass Biomass

C028 Biomassx Biomass (g)

C029 C12:0ACP Dodecanoyl-ACP (Lauric acid)
C030 C14:.0ACP Tetradecanoyl-ACP (Myristic acid)
C031 C16:0ACP Hexadecanoyl-ACP (Palmitic acid)
C032 C16:1ACP Trans-Hexadec-2-enoyl-ACP (Palmitoleic acid)
C033 C16:2ACP Hexadecadienoic acid

C034 C16:3ACP Hexadecatrienoic acid

C035 C18:0ACP Octadecanoyl-ACP (Stearic acid)
C036 C18:1ACP Cis-11-ocadecanoate-ACP (Oleic acid)
C037 C18:2ACP Linoleic acid

C038 C18:3ACP Alpha-linoleic acid

C039 CaP Carbamoyl phosphate

C040 CARB Carbohydrate

Co41 CDP Cytidine diphosphate

C042  Chlorophyll  Chlorophyll

C043 CHO Chorismate

co44 CIT Citrate

C045 CMP Cytidine monophosphate

C046 CDP Cytidine diphosphate

co47 CTP Cytidine triphosphate

Cc048 CO2 Carbon dioxide

C049 CO2y Carbon dioxide (extracellular)
C050 CoA Coenzyme A

Co51 CTP Cytidine triphosphate

C052 CYS Cysteine

C053 DAP Diaminopimelate

C054 dATP Deoxy ATP

C055 dCTP Deoxy CTP

C056 dGTP Deoxy GTP

C057 DHA Dihydroxyacetone (Glycerone)
C058 DHAP Dihydroxyacetone-P
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C059 DHF Dihydrofolate

C060 DMAPP Dimethylallyl-pyrophosphate
C061 DNA Deoxyribonucleic acid

Cco062 dTTP Deoxy TTP

C063 DXP Deoxy-xylulose 5-phosphate
C064 E4P Erythrose 4-phosphate
Co65 F16P Fructose 1,6-bisphosphate
Co66 F6P Fructose 6-phosphate
C067 FAD Flavin adenine dinucleotide oxidized
C068 FADH2 Flavin adenine dinucleotide reduced
C069 FORM Formic acid

C070 FUM Fumarate

Cco71  G1P Glucose 1-phosphate

C0o72 G6P Glucose 6-phosphate

C073 GA Glyceraldehyde

C074 GAP Glyceraldehyde 3-phosphate
C075 GDP Guanosine diphosphate
C076 GGPP Geranylgeranyl-pyrophosphate
C077 GLN Glutamine

C078 GLU Glutamate

C0o79 GLUC Glucose

C080 GLY Glycine

co81 GLYC Glycerol

C082 GLYC3P Glycerol 3-phosphate

C083 GLYCA Glycerate

C084  GLYGCex Glycerol (extracellular)
C085 GLYCOL Glycolate

C086 GLYCOL2P  Glycolate-2P

C087 GLYOX Glyoxylate

Cc088 GMP Guanosine monophosphate
Cc089 GTP Guanosine triphosphate
C090 H[+] Proton

C091  H[+]ex Proton (extracellular)

C092 H20 Water

C093 H202 Hydrogen peroxide

C094  H20e Water (extracellular)

C095 H2s Hydrogen sul de

C096 HCYS Homocysteine

C097 HIS Histidine

C098 HSER Homoserine

C099 HydPro Hydroxyproline

C100 HydPyr 3-Hydroxypyruvate

C101 ILE Isoleucine

C102 IMP Inosine monophosphate
C103 IPP Isopentyl-pyrophosphate
C104 LEU Leucine

C105 Light Photons

C106 Lightey Photons (extracellular)
C107 LYC Lycopene

C108 LYS Lysine

C109 MAL Malate

C110 MalCoA Malonyl-CoA

C111 MET Methionine

Cl112 METHF 5,10-Methylene-THF

C113  Mg2[+] Magnesium

C114  Mg2[+]ex Magnesium (extracellular)
C115 MTHF Methyl-THF

Cl116 MYLTHF 5,10-Methenyl-THF

C117 N1OFTHF 10-Formyl-THF

C118 NAD Nicotinamide oxidized

C119 NADH Nicotinamide reduced
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C120
Cil21
C122
C123
C124
C125
C126
C127
C128
C129
C130
Ci131
C132
C133
C134
C135
C136
C137
C138
C139
C140
C141
C142
C143
C144
C145
C146
C147
C148
C149
C150
C151
C152
C153
C154
C155
C156
C157
C158
C159
C160
Ci161
C162
C163
Cl64
C165
C166
C167

NADP
NADPH
NHA4[+]
NHA[+] ex
NO2
NO3
NO3ex
02

OZx
OXA

PA

PEP
PHE
PHYT
Phytyl-PP
Pi

Pex

PPi
PPorphyrin
PRE
PRO
PROTEIN
PRPP
PYR
R5P
RNA
Rul5DP
RUS5P
S7P
SER
SO3
S04
SO4x
STARCH
STARCHey
suc
SUCCoA
THF
THR
TRYP
TYR
UDP
UMP
UTP

VAL

VIO

X5P
ZCAR

Nicotinamidephosphate oxidized
Nicotinamidephosphate reduced
Ammonium
Ammonium (extracellular)
Nitrite
Nitrate
Nitrate (extracellular)
Oxygen
Oxygen (extracellular)
Oxaloacetate
Phosphatidic acid
Phosphoenolpyruvate
Phenylalanine
Phytoene
Phytyl-diphosphate
Orthophosphate
Orthophosphate (extracellular)
Pyrophosphate
Protoporphyrine
Prephanate
Proline
Protein
Phosphorybosylpyrophosphate
Pyruvate
Ribose 5-phosphate
Ribonucleic acid
Ribulose 1,5-bisphosphate
Ribulose 5-phosphate
Sedoheptulose 7-phosphate
Serine
Sulphite
Sulphate
Sulphate (extracellular)
Starch
Starch (extracellular)
Succinate
Succinyl Coenzyme A
Tetrahydrofolate
Threonine
Tryptophan
Tyrosine
Uridine diphosphate
Uridine monophosphate
Uridine triphosphate
Valine
Violaxanthin
Xylulose 5-phosphate
Zeta-carotene




144 Appendix C. Supplementary information for metabolic ne twork reconstruction

C.2 Metabolic network map of central carbon
metabolism

Figure S1.: Network map of carbon core metabolism in the three considered compar te-
ments: Cytosol, chloroplast and mitochondrium.
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