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ABSTRACT OF THE DISSERTATION

Employing Systems Biology for Discovery and Engineering in Phototrophic
Microorganisms

by

Jared T. Broddrick

Doctor of Philosophy in Biology

University of California San Diego, 2018

Professor Bernhard Ø. Palsson, Chair
Professor Julian I. Schroeder, Co-Chair

Global respiratory balance is maintained by photosynthetic organisms, yet the impor-

tance of this contribution is not commensurate with our understanding of light-driven metabolic

processes. Meanwhile, there has been a increase in the desire to engineer phototrophic microor-

ganisms. Excessive demands by modern society have been depleting nature’s resources over the

past centuries. Exploring and developing new sustainable resources to counter increasing con-

sumption has therefore been the focus of research efforts in the academic and private sectors. The

emphasis has partly been on using phototrophic organisms that fix carbon dioxide by utilizing

xvi



light energy to produce energy-dense products. Recent efforts to characterize metabolic capa-

bilities of photosynthetic species as well as engineer attractive candidates require a framework

for discovery, data analysis and re-configuring of existing metabolic networks. The systems biol-

ogy approach of constraint-based reconstruction and analysis coupled with flux balance analysis

has a proven record of contextualizing organism specific information and characterizing cellu-

lar metabolism. However, a persistent challenge in the modeling of photoautotrophy has been

a mechanistic incorporation of light uptake. As the light environment dictates cell physiology,

such as growth rate, biomass composition and metabolic pathway usage, constraining photon

flux is a prerequisite for biologically accurate results. Here we describe efforts to address this

challenge and the resulting insights into photoautotrphic biology. First, a proper accounting of

light uptake and shading coupled with a high-quality genome-scale model of the cyanobacteria

Synechococcus elongatus sp. PCC7942 resulted in accurate growth and flux predictions. Addi-

tionally, we concluded despite an incomplete TCA cycle in the organism studied, there was no

impact to fitness due to the metabolic network configuration. Next, in an attempt to extend

the methodology to eukaryotic microalgae, we generated a genome-scale model of the diatom

Phaeodactylum tricornutum. The systems biology perspective elucidated metabolic capabilities

in this organism conferred by its unique phylogeny. Applying an improved set of photophysiol-

ogy constraints, we simulated circadian dynamics and characterized photoprotective mechanisms

resulting from the previously elucidated metabolic capabilities; highlighting the importance of

the broader metabolic network in dissipating excess light energy. Finally, photophysiology con-

straints coupled to chlorophyll fluorescence measurements and genome-scale modeling enabled a

comparative analysis of light environment acclimation across the phototrophic clades cyanobac-

teria, green algae and diatoms and quantified the fraction of excess light energy absorbed by the
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cells and its metabolic fate. Overall, coupling mechanistic constraints on photophysiology with

genome-scale modeling accurately characterized the cellular response to the light environment.

This work is relevant to understanding species-specific metabolic capabilities and adaptations of

interest to biological and bioengineering communities.
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Chapter 1

Photoautotrophy from a Systems

Perspective

The advent of oxygenic photosynthesis significantly impacted the trajectory of life on

Earth. Once phototrophs acquired the ability to extract electrons and protons from water, en-

ergy metabolism was revolutionized. Biologically, the spike in available oxygen resulted a high

potential terminal electron acceptor, dramatically increasing the energy yield of metabolism and,

as a result, the diversity of life on Earth [1]. Presently, it is assessed the annual primary pro-

ductivity (carbon capture) of photosynthesis is approximately 105 petagrams (1.05x1017 grams)

yr-1 [2]. On geological time scales, the global carbon cycle, of which photosynthesis plays a cen-

tral role, has regulated the Earth’s climate [3]. Thus, photoautotrophic metabolism is of great

interests as it elucidates the evolutionary trajectory of life, balances the global respiratory cycle,

and impacts the stability of the Earth’s ecosystem.
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1.1 The importance and potential of microalgae

The global carbon cycle

The global carbon cycle is a balance of CO2 consumption and O2 evolution by oxygenic

photosynthesis with O2 consumption and CO2 release by metabolic respiration. This cycle has

been disrupted by human-induced CO2 emissions, the effects of which can last for centuries [4].

The oceans serve as carbon sinks; however, the ability of natural systems to absorb excess CO2 is

dynamic and inversely proportional to emissions [5]. Of the global primary productivity, aquatic

phototrophs, primarily marine phytoplankton, are responsible for approximately half of all carbon

capture [2]. The constraints on light-driven metabolism differ between land and aquatic systems

with nutrient and light limitation being the dominant factor for marine phototrophs [2]. As such,

understanding aquatic photosynthesis enables assessments of natural carbon sinks and the ability

to engineer artificial sinks.

Microalgal diversity

While estimates vary, it is hypothesized there are 80,000 microalgae species worldwide [6].

Cyanobacteria constitute the only prokaryote capable of oxygenic photosynthesis. It is thought

to be the oldest clade of oxygenic phototrophs and responsible for the rapid rise in atmospheric

oxygen about 2 billion years ago [7]. The oceanic cyanobacteria Prochlorococcus is one of the most

abundant organisms on Earth [6]. The estimates for total microaglal species may underestimate

the number of diatom species, an important clade of phototrophs responsible for up to 20% of

global primary productivity [8]. Diatoms have a unique phylogeny marked by two independent

endosymbiotic events [9]. The resulting metabolic capabilities of diatoms defines their ecological

success and the interest in leveraging them as a metabolic engineering platform. The unique
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attributes of these diverse groups provides opportunities and challenges for generating light-

driven bioproducts [10].

Photosynthesis as a metabolic process

Engineering strategies extend from understanding of the phenomenon of interest. Pho-

tosythesis is characterized by distinct processes: light capture and carbon fixation. Despite the

conserved nature of the photosynthetic reaction centers, photosystem I and photosystem II, there

is wide diversity in the peripheral processes that define phototrophic metabolism

The core, conserved process of light-driven metabolism relies on the activity of two pro-

tein complexes, photosystem II and photosystem I. Photosystem II (PSII) is also known as the

water-plastoquinone oxidoreductase. As the name implies, this membrane bound, homodimeric,

multisubunit, protein–cofactor complex is responsible for the oxidation of water to elemental

oxygen [11]. A pair of protein bound chlorophyll molecules facilitate the light-dependent charge

separation reaction that enables the extraction of electrons from water. These protein bound

chlorophyll molecules either directly absorb a photon of the appropriate wavelength (680 nm) or

receive excitation energy from photosynthetic pigments; they have the highest reduction potential

in nature [12].

Photosystem I (PSI) is the terminal complex in the photosynthetic electron transport

chain. Another light driven complex, PSI transfers the electrons removed from water to a soluble

electron carrier, ferredoxin [13]. Ferredoxin can go on to be used as the primary cofactor in

metabolic reactions or transfer its electrons to the ubiquitous energy cofactor NADPH. PSII and

PSI are linked by a cytochrome complex that facilitates electron transfer and pumps protons

across the thylakoid membrane [14]. The protons generated by this cytochrome oxidase, along

3



with protons released during water oxidation, generate a pH gradient used by the ATP synthase

complex to generate the chemical energy necessary for metabolism.

The conserved and highly regulated nature of this process means the primary engineering

opportunities lie at the periphery of this system. The input to the photosystem is light. Light

is captured in accessory protein-pigment complexes that transfer excitation energy to the pho-

tosystems. In cyanobacteria, this complex is the phycobilisome, a protein-phycobilin structure

devoid of chlorophyll [15]. This complex primarily absorbs light in the orange region of the visible

spectrum and is characterized by extremely high energy transfer efficiencies to both PSII and

PSI [16]. Engineering of phycobilisome size has been employed to optimize photosynthesis in

cyanobacterial cultures [17].

Eukaryotic microalgae employ a diverse range of chlorophyll-based light harvesting com-

plexes (LHC) as their pigment antenna system [18]. These complexes are paired with accessory

pigments which can be chlorophyll based (e.g. chlorophyll b in green algae) or carotenoid-based

(e.g. fucoxanthin in diatoms). There are few, if any, successful attempts at directly engineering

LHCs. Thus, the primary strategy for engineering the upstream photosynthetic process of light

capture has been optimization of the light source used for growth. However, large-scale, outdoor

algal cultivation strategies rely on solar irradiance for the light source, which exceeds the needs

of the cell by an order of magnitude [19].

The primary engineering efforts have been downstream of the photosystem. Ensuring

efficient re-oxidation of ferredoxin is key to maintaining the linear flow of electrons through

the photosynthetic electron transport chain. Each phototrophic species has a unique metabolic

network that transfers photosystem derived chemical energy and reductant toward biomass syn-

thesis. Thus, strategies tend to harness the metabolic network and the reductant pool while
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ensuring sufficient resources for carbon fixation and growth. Still, there are few methodolo-

gies that integrate the upstream and downstream processes of photosynthesis in an engineering

framework.

Engineering light-driven metabolism

Excessive demands by modern society have been depleting nature’s resources over the past

centuries. Exploring and developing new, sustainable resources to counter increasing consump-

tion has therefore been the focus of current research efforts in the academic and private sector.

The emphasis has partly been on investigating the use of phototrophic organisms that are able to

fix carbon dioxide by utilizing light energy to produce energy-dense products. While small scale

examples exist for engineering chemical precursors in phototrophs such as cyanobacteria [20], the

primary engineering effort at any industrial scale has been toward lipid production.

Lipids derived from photosynthetic organisms have been explored to augment existing

sources for energy and nutrition [21, 22]. Efforts for generating lipid-derived products at the

industrial scale have been predominantly centered around microalgae and peripherally around

oleaginous yeast. While the biosynthetic pathways for fatty acid and lipid metabolism in these

organisms are fairly well understood, how organisms prioritize carbon and energy toward those

pathways is still being explored. As a result, there has been a surge in the attempts to understand

and subsequently manipulate the cellular processes responsible for allocating resources for the

production of lipid biomass. Carbon partitioning is the natural method by which an organism

directs resources into various metabolic processes. In phototrophs, this process is may be at odds

with the accumulation of engineered targets, as there is an inherent bias toward carbohydrate

biosynthesis over lipid production [23].
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Strategies for maximizing lipid biomass include engineering the cellular metabolism to-

ward a desired biomass composition and taking advantage of natural processes of directing carbon

toward lipid biomass such as unfavorable growth conditions. These conditions lead to envi-

ronmental and nutrient stress induced growth arrests in photosynthetic microorganisms which

usually result in an accumulation of storage metabolites, including lipids [24]. However, the

organism’s inherent partitioning bias between lipids and carbohydrates remains intact. Thus,

large scale screens to identify organisms with inherently favorable partitioning have been a com-

mon method of choice [25, 26]. Increasing the total resource accumulation is another strategy

that has been explored since excess nutrient supply is generally diverted to storage molecules.

Mixotrophic cultures, where a CO2- fixing phototroph is provided additional resources in the

form of an organic carbon source, often results in higher biomass yields [27]. However, the ben-

efit in high yield has to outweigh the cost of providing additional carbon. To circumvent this

challenge, designing symbiotic co-cultures with organic carbon-producing phototrophs and or-

ganic carbon-utilizing oleaginous heterotrophs is a promising strategy for advanced lipid biomass

production [28]. Additionally, modeling of cellular metabolism can be used as a framework for

understanding intracellular carbon partitioning and to create optimized, at times non-intuitive,

strategies for maximizing target compounds.

Modeling photoautotrophy

Constraint-based reconstruction and analysis (COBRA) coupled with flux balance anal-

ysis (FBA) has a proven record of contextualizing organism specific information and enabling

the characterization of cellular metabolism [29, 30]. The technique relies on a rather simple but

powerful premise: cells at steady state must obey the laws of mass and charge balance. Cellular
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metabolism is represented as a stoichiometric matrix of reactions and metabolites. The con-

version of this representation to a mathematically solvable form is a unique way to manipulate

biological data and pose hypotheses at the whole-cell scale and beyond.

The key to generating actionable predictions is the concept of constraints. Constraints

are limitations on the capabilities of the metabolic network, which in turn limits the possible

solutions resulting from the analysis [30]. These limitations are physical, chemical and biological

in nature. Their application is critical to generating biologically relevant phenotypic predictions.

However, powerful species specific constraints may not be available for organisms with sparse

legacy data. In these instances, the initial in silico predictions are rudimentary hypotheses that

when tested increase our understanding of the target species.

With regard to discovery, iterative in silico hypothesis generation followed by experimental

validation revealed unique acetate uptake mechanisms in Geobacter spp. [31]. Additionally, an al-

ternative hypothesis of electron shuttling was modeled, revealing this mechanism was detrimental

to Geobacter growth; a powerful example of in silico modeling elucidating evolutionary optimal-

ity [32]. Going beyond discovery, once the iterative refinement of the model was completed,

researchers were able to effectively model complex community interactions between Geobacter

and Rhodoferax in a bioremediation environment [33]. Genome-scale modeling, when applied

properly and persistently, can be a powerful tool in biological research. Still, the application of

these techniques to phototrophs has been slow to mature. Of the 24 reconstructions available

for unicellular phototrophs, 16 cover the same two organisms (Synechocystis sp. PCC 6803 and

Chlamydomonas reinhardtii) and only 9 are truly genome-scale [34].

There are several barriers that currently limit the use of genome-scale phototrophic mod-

els. A primary failure is the variable quality of the reconstructions. Even the most cited C. rein-
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hardtii model had fundamental issues with photosynthetic modeling and redox metabolism [35];

issues that were only recently addressed [36]. Additionally, the driving constraints that enable

accurate flux predictions are not well understood in phototrophic modeling. Traditional con-

straints for heterotrophic organisms, such as nutrient uptake, are experimentally more difficult

to measure in a photosynthetic culture. Extracellular metabolomic data gave accurate intracel-

lular flux predictions in a human model [37]; however, this data is less relevant for characterizing

photoautotrophy due to the low level of excreted metabolites during exponential growth. In

addition, the growing popularity of marine photosynthetic organisms complicates extracellular

metabolite sampling in sea water. The impact of light intensity and photosynthetic output also

cannot be ignored when attempting to model photosynthetic metabolism. Finally, the steady-

state assumption central to FBA restricts the analysis of circadian metabolic changes; a serious

limitation on the practicality of phototrophic modeling.

1.2 Outline of the dissertation

The the importance and potential of phototrophs is not commensurate with our under-

standing. This gap is a persistent impediment to developing engineering strategies to harness

light-driven metabolism. Thus, we set about addressing the primary limitations in genome-scale

modeling of photoautotrophy.

We started out with a mechanistic incorporation of light as a metabolic substrate.

An ideal platform for exploring the dominant constraints on light-driven metabolism was the

cyanobacterial obligate phototroph Synechococcus elongatus sp. PCC 7942. This organism has

been a model system for the investigation of photosynthesis and a recent knockout library with

essential gene assessments for every gene in the organism [38] was an invaluable input during
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reconstruction. This high quality reconstruction was constrained by taking classical photophys-

iology metrics to include the photon capture rates and photosynthesis versus irradiance curves

and transforming them into typical modeling inputs. The resulting simulations accurately pre-

dicted growth rate to include the transition to linear growth as a result of self-shading as well as

accurately predicting intracellular reaction fluxes.

Next, with the success in a prokaryotic system, we set about extending the framework into

a model eukaryotic diatom with engineering potential. As the initial requirement is the metabolic

reconstruction, we generated a high quality genome-scale model of the diatom Phaeodactylum

tricornutum. As this clade of phototrophs is not well characterized and has a unique evolutionary

history, the network reconstruction alone resulted in numerous insights into diatom metabolism.

Of note was a hypothesized ornithine-mediated reductant shuttle between the chloroplast and

mitochondria.

With the diatom metabolic model complete and validated, we applied the photophysiology

constraints to assess their universality across phototrophic clades. We combined photon uptake

and oxygen evolution rates with a dynamic biomass objective function to characterize circadian

dynamics in P. tricornutum acclimated to four light conditions. By quantifying excess photon

uptake, we predicted intracellular redox shuttles that could facilitate the dissipation of excess

light energy.

Finally, we formalized the photophysiology constraints and applied them to characterize

photoautotrophy across three clades-cyanobacteria, green algae and diatoms. We incorporated

chlorophyll fluorescence measurements along with quantification of total light uptake. This com-

bination elucidated the fraction of excess excitation energy that is dissipated upstream of pho-

tosystem II and the fraction that must be handled by alternate electron flows in the broader
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metabolic network.
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Chapter 2

A Mechanistic Representation of

Light as a Metabolite

The model cyanobacterium, Synechococcus elongatus PCC 7942, is a genetically tractable

obligate phototroph that is being developed for the bioproduction of high-value chemicals.

Genome-scale models (GEMs) have been successfully used to assess and engineer cellular

metabolism; however, GEMs of phototrophic metabolism have been limited by the lack of experi-

mental datasets for model validation and the challenges of incorporating photon uptake. Here, we

develop a GEM of metabolism in S. elongatus using random barcode transposon site sequencing

(RB-TnSeq) essential gene and physiological data specific to photoautotrophic metabolism. The

model explicitly describes photon absorption and accounts for shading, resulting in the character-

istic linear growth curve of photoautotrophs. GEM predictions of gene essentiality were compared

with data obtained from recent dense-transposon mutagenesis experiments. This dataset allowed

major improvements to the accuracy of the model. Furthermore, discrepancies between GEM
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predictions and the in vivo dataset revealed biological characteristics, such as the importance of

a truncated, linear TCA pathway, low flux toward amino acid synthesis from photorespiration,

and knowledge gaps within nucleotide metabolism. Coupling of strong experimental support and

photoautotrophic modeling methods thus resulted in a highly accurate model of S. elongatus

metabolism that highlights previously unknown areas of S. elongatus biology.

2.1 Unusual attributes of cyanobacterial metabolism revealed

by improved genome-scale metabolic modeling and essential

gene analysis

The unicellular cyanobacterium Synechococcus elongatus PCC 7942 is being developed

as a photosynthetic bioproduction platform for an array of industrial products [39–41]. This

model strain is attractive for this purpose because of its genetic tractability [42] and its re-

liance on mainly CO2, H2O, and light for metabolism, reducing the environmental and economic

costs of cultivation. For low-cost, high-volume products, such as biofuels, however, one of the

biggest challenges is attaining profitable product yields [43,44]. Genome-scale models (GEMs) of

metabolism provide a valuable tool for increasing product titers by optimizing yield in silico and

then, reproducing the changes in vivo [45]. For instance, GEMs were used to select the optimal

synthetic pathway for 3-hydroxypropanoate biosynthesis in Saccharomyces cerevisiae [46]. In Es-

cherichia coli, GEM optimization was used to realize heterologous production of 1,4-butanediol

synthesis and increase titers three orders of magnitude [47]. Although there have been numerous

modeling efforts in Synechocystis sp. PCC 6803 (here in referred to as PCC 6803), this organism

is highly divergent from S. elongatus, where limited modeling has been done [48]. This deficit
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can partially be explained by the lack of in vivo validation datasets, such as 13C metabolic flux

analysis (MFA), for obligate phototrophs [49]. Development of metabolic models of S. elonga-

tus with strong experimental support is necessary to exploit the organism as a bioproduction

platform and advance models of obligate phototrophic metabolism. A metabolic network re-

construction is a representation of all metabolic reactions, the enzymes responsible for their

catalysis, and the genes that encode them. Genome-scale reconstructions have a proven record

of contextualizing organism-specific information and facilitating the characterization and engi-

neering of cellular metabolism [50, 51]. When complete, the reconstruction enables quantitative

prediction of metabolic phenotypes represented as reaction fluxes. The overall predictive power

of a GEM is naturally dependent on its quality [52]. Essentiality datasets have been success-

fully used to increase the accuracy of GEMs [53]. We recently determined genome-wide gene

essentiality by screening approximately 250,000 pooled mutants for their survival under stan-

dard laboratory conditions with continuous light via random barcode transposon site sequencing

(RB-TnSeq) [38]. This dataset facilitated the generation and testing of a high-quality genome-

scale reconstruction through comparison of the model outputs and in vivo phenotypes at the

genome scale. Inconsistencies between model predictions and in vivo data can highlight parts of

S. elongatus metabolism where current understanding is inadequate [54].

Another key characteristic of an accurate GEM is the application of constraints that

place physical, chemical, and biological limitations on a culture and generate biologically relevant

phenotypic predictions. Incorporating light, a dominant constraint on phototrophic growth, into

a GEM remains a challenge [34]. Photon uptake is typically fixed based on experimental results,

an approach that allows retrospective analysis but not predictive modeling [55]. Therefore, no

current model inputs light quantity, quality, and shading, resulting in a linear growth curve
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characteristic of photoautotrophic batch culture.

Here, we present a comprehensive GEM of obligate phototrophic metabolism. We per-

formed a complete reannotation and reconstruction of metabolic genes in the S. elongatus genome

and developed an approach to incorporate light absorption that factors in the effects of cell

shading. In addition, GEM predictions have been compared with and improved by essential-

ity data [38]. These comparisons are also used to reveal unique attributes of the organism’s

metabolism. The result is a comprehensive metabolic model of S. elongatus metabolism.

2.1.1 Results and Discussion

Genome-Scale Reconstruction of Phototrophic Metabolism

A metabolic reconstruction is a knowledge base that places biochemical, genetic, and

genomic information into a structured framework. The reconstruction contains the functional

annotation of the genome and defines the organism’s metabolic capability: the substrates that

it can use and the reactions that it can perform. To properly define the metabolic capability

of S. elongatus, we curated the genome annotation, leveraged state of the art in silico methods,

incorporated comprehensive in vivo essentiality data, and included a detailed reconstruction of

light harvesting. The resulting model is an organized collection of the extensive data available

for S. elongatus in a format that enables accurate predictions of phototrophic metabolism (Fig.

2.1).

Manual curation of S. elongatus genome annotation.

Because the metabolic capability reflected in a reconstructed network is dependent on

the functional annotation of the organism, we reannotated the metabolic genes using amino acid
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Figure 2.1: Model development flowchart. This diagram outlines the steps that went into
genome reconstruction and model simulation. CDD, Conserved Domains Database; NCBI, Na-
tional Center for Biotechnology Information.

as well as protein functional domain homology-based methods. This functional reannotation

enabled the conversion of an initial draft reconstruction to a completed GEM [56] (Experimental

Procedures). Of 2,723 genes in the S. elongatus genome, 785 (29%) were included in the final
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version of the model, and 118 of these genes (15%) had updated functional annotations. This

GEM is named iJB785 following convention [57].

Protein structure-guided reconstruction.

Amino acid and protein domain-based annotations often do not provide sufficient detail

to assign enzyme function. Therefore, enzymes are often incorrectly annotated as functionally

equivalent (isozymes). In S. elongatus, this challenge resulted in instances where multiple genes

that are essential in vivo were assigned to the same reaction; however, if the enzymes were truly

compensatory, none should be essential. The importance of enzyme structure in catalytic activity

suggests that structural homology modeling, which uses in silico-derived 3D analysis of a target

protein based on the crystal structure of a similar enzyme, may provide additional insight into

protein function.

Protein structure data have recently been applied in the global analysis of GEMs [58].

We set out to apply structural modeling to protein annotation by determining the functional

difference between four annotated phosphoglycerate mutases (PGMs; Synpcc7942 2078, Syn-

pcc7942 1516, Synpcc7942 0485, EC 5.4.2.11; and Synpcc7942 0469, EC 5.4.1.12) in the S. elon-

gatus genome, three of which are essential in vivo. Previous work in S. elongatus suggested that

multiple PGMs work in concert to regulate metabolic flux during shifts in CO2 availability [59].

However, it seemed unlikely that three of four PGMs would be essential for regulation in a sta-

ble CO2 environment. To test the hypothesis of divergent functions between the S. elongatus

PGMs, structural homology models were generated and compared with published control crystal

structures (Table 2.1).

Based on the structural comparison, it was possible to ascribe a more detailed function
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Table 2.1: Structural homology analysis of S. elongatus PGMs. The reference structures from
the Protein Data Bank are compared to the annotated phosphoglycerate mutase (PGM) enzymes
in S. elongatus. Structural features indicative of enzymatic function are indicated along with the
final annotation and reference.

Gene Organism Annotation C-terminal chain His85 Gln22 Conclusion Ref.
HTH 0103 H. thermophilus PSP (control) + + + Control ”
b0755 E. coli dPGM (control) - Tyr Thr Control ”
Synpcc7942 0485 S. elongatus PGM + + + PSP
Synpcc7942 2078 S. elongatus PGM - Phe Ser dPGM
Synpcc7942 1516 S. elongatus PGM + Leu Leu Histidine phosphatase
Synpcc7942 0469 S. elongatus iPGM iPGM

to each of the annotated PGMs. PGMs fall into two categories that are structurally distinct:

dPGM (Synpcc7942 2078, Synpcc7942 1516, and Synpcc7942 0485, EC 5.4.2.11) and cofactor-

independent phosphoglycerate mutase (iPGM; Synpcc7942 0469, EC 5.4.2.12). The iPGM family

performs the mutase reaction exclusively, whereas the dPGM family has been assigned various

catalytic functions [60]. Because the enzymatic activity of a given PGM is structure-dependent,

we attempted to categorize the S. elongatus PGM reaction specificity through structural analy-

sis. Because the iPGM family has only been shown to perform the mutase reaction, structural

homology modeling focused on the dPGM family. We generated structural homology models

for the S. elongatus dPGMs using an automated in silico platform for protein structural predic-

tion [61]. The resulting homologous enzyme scaffolds included a dPGM from E. coli [60] and

a PSP from H. thermophiles. Interestingly, the S. elongatus network reconstruction indicated a

gap in the gene assignment for PSP (EC 3.1.3.3). The H. thermophilus PSP is a member of the

dPGM family, and the crystal structure, including features necessary for catalytic function, has

been elucidated [62]. Structural features of the resulting homology models were compared with

the E. coli dPGM and the H. thermophilus PSP controls to refine the functional annotation of

the enzymes.

S. elongatus synpcc7942 0469 is the only gene encoding an iPGM, and it is essential in

vivo. Thus, synpcc7942 0469 was annotated as the primary glycolytic PGM in S. elongatus. The
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protein encoded by synpcc7942 2078 shares structural features with the E. coli dPGM control and

lacks features that are important for PSP activity in H. thermophilus. Because it is nonessential in

vivo, synpcc7942 2078 was annotated as a dPGM: possibly performing the “reverse regulatory”

function with Synpcc7942 0469 as proposed previously [59]. These researchers also suggested

that Synpcc7942 0485 functions as a PSP, and the recently characterized PSP in PCC 6803 has

amino acid homology to Synpcc7942 0485 (25) (Table 2.1).

Synpcc7942 0485, its homolog in PCC 6803 (slr1124), and the H. thermophilus PSP

shared strong structural similarity; synpcc7942 1516 was essential in vivo, and the protein car-

ried structural features that could not be classified into a dPGM or PSP. Its genomic neighbor,

synpcc7942 1517, encodes an essential cyanobacterial-conserved histidine kinase, and transcrip-

tome mapping data indicated that synpcc7942 1516 and synpcc7942 1517 are coexpressed on

the same transcript [63]. Cyanobacteria have a variety of two-component systems comprising a

histidine kinase and at times, a phosphatase to regulate signal transduction activity [64]. We

hypothesized that synpcc7942 1516 encodes a histidine phosphatase regulator of an uncharac-

terized cyanobacterial two-component system. As a regulatory enzyme, Synpcc7942 1516 fell

outside the scope of the metabolic model and was not included in the model gene list. These

results indicate that structural homology modeling is a promising annotation tool to increase the

quality of genome- scale reconstructions and hypothesize enzyme function.

Improved reconstruction through incorporation of essential gene data.

The essential gene calls for S. elongatus determined by RB-TnSeq enabled refinement of

the gene reaction annotations during development of the reconstruction [38]. This in vivo dataset

provides a gauge of gene importance by identifying genes that cannot sustain insertion mutants,
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which are interpreted to be essential, and the growth rate of those that can, which are interpreted

to be beneficial or nonessential. Alternatively, in silico essentiality calls are made by quantifying

the impact on growth when the flux through each enzyme in the model is independently set

to zero. Discrepancies between essential gene calls in the in silico draft model and the RB-

TnSeq results were investigated, and with sufficient evidence, the gene assignment for the model

reaction was updated accordingly. For example, the S. elongatus genome encodes two annotated

uroporphyrinogen methyltransferases (Synpcc7942 0271 and Synpcc7942 2610, EC 2.1.1.107),

catalyzing an early step of both vitamin B12 and siroheme biosynthesis. However, both genes

are essential in vivo, suggesting that they are not compensatory. Genomic neighborhood analysis

indicated that synpcc7942 2610 is adjacent to an iron chelatase gene; thus, we proposed that it

is dedicated to the biosynthesis of siroheme, not vitamin B12. However, discrepancies between

the in silico and in vivo essential gene data were not forced into agreement without additional

evidence. For example, S. elongatus has two genes annotated for type II NADH oxidoreductases

(synpcc7942 0101 and synpcc7942 0198, EC 1.6.5.9); however, the in vivo data indicated that

one is essential (synpcc7942 0101) and thus, the enzymes are not redundant. Nevertheless, the

manual curation process did not reveal any significant difference between the two genes, and they

were annotated as isozymes, although the RB- TnSeq data suggest divergent functions.

Discrepancies also led to a more complete representation of cellular biomass. For example,

alkanes were not initially included in the biomass, because their function is unknown. However,

their synthesis is essential. Recently, it was discovered that alkanes can play a role in cyclic

electron flow in PCC 6803 [65]. Hypothesizing a homologous function in S. elongatus, they were

added to the biomass equation. Thus, applying the essential gene data to the curation process

increased the quality of the reconstruction.
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Explicit modeling of light absorption.

The dominant constraints on photoautotrophic growth are light and CO2 availability. A

fundamental barrier to predictive modeling of photoautotrophic growth has been the inability to

translate light irradiance into a metabolite. Traditionally, light uptake has been inferred and not

explicitly determined. A two-step optimization method is commonly used, where the CO2 uptake

rate is fixed based on experimental values at the observed growth rate followed by minimization

of the photon flux [55, 66]. However, the resulting values reflect only the photons that perform

metabolic work, not the totality of absorbed light. Excess photon absorption has a significant

impact on growth rate and metabolism. Reactive oxygen species, such as singlet oxygen generated

in the pigment antenna and photosystem II [67] as well as superoxide at photosystem I [68],

damage the photosynthetic apparatus and consume metabolic resources. Thus, the two-step

optimization method does not accurately account for total light absorption and is incapable of

predictive modeling of phototrophic metabolism.

In a more extensive description of photon capture, a metabolic reconstruction of Chlamy-

domonas reinhardtii accounted for light source quality [35]. This approach was more mechanistic

than the two-step optimization but still did not consider cellular pigmentation as a factor in pho-

ton absorption, and therefore, light uptake could not be quantified into a typical modeling input

flux. In another paper, a light distribution function was combined with flux-balance analysis to

model cyanobacterial growth in photobioreactors; however, a mechanistic model of light harvest-

ing was not included [69]. Our approach goes further by combining light source irradiance with in

vivo absorption to define photon use from measurements of incident light. We incorporated the

chlorophyll-normalized optical absorption cross-section [70], derived from the in vivo absorption

spectrum, to link photon uptake to cellular composition. Because the model’s biomass explicitly
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defines the cellular composition, the biomass-normalized photon absorption rate was calculated

from the combination of irradiance, optical absorption cross-section, and the chlorophyll compo-

nent of the biomass. This approach enabled comparison between the photon absorption capacity

of the cell and the photon delivery rate of the light source at a given irradiance (Fig. 2.2).
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Figure 2.2: Deriving light uptake rates for the GEM. (A) The chlorophyll a-normalized optical
absorption cross-section was calculated from the cellular absorbance in the photosynthetically
active range (400–700 nm) and compared with the spectral distribution of the incident light.
(B) The photon absorption rate as a function of cell biomass [millimoles photons gram dry
weight (DW)-1 hour-1] was determined by combining the optical absorption cross-section and
incident light. (C) The GEM was constrained by setting the photon uptake flux to the calculated
absorption rate, which was split into 15 20-nm bins across the photosynthetic range.

Accurate modeling of obligate phototrophic metabolism also required a new level of de-
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tail in the reconstruction of the pho- tosystem. We used recent proteomics [71] and fluorescence

microscopy data [72] to reconcile membrane localization of electron transport complexes that

previous cyanobacterial models had included inaccurately in the cytoplasmic membrane. Addi-

tionally, the ferredoxin:plastoquinone oxidoreductase complex gene associations were updated to

include additional subunits and the use of ferredoxin as the electron donor [73, 74]. We also in-

cluded the photo-inactivation of the D1 subunit of photosystem II. Using the photodamage rates

in PCC 6803 [75], we were able to calculate a D1 repair metabolic cost as a proportion of flux

through photosystem II. Finally, we generated stoichiometric reactions accounting for the energy

transfer efficiencies of each of the photosynthetic pigments. Targeted excitation of S. elongatus

permaplasts provided relative efficiency metrics for the transfer of energy from a given pigment

to the photosystems [16]. Reactions including these efficiencies enabled the model to account

for light spectrum-specific photosynthetic efficiency. This comprehensive reconstruction of light

gathering set the framework for accurate constraint-based modeling of phototrophic metabolism.

The completed reconstruction, iJB785, consists of 785 genes, 850 metabolic and transport

reactions, and 768 nonunique metabolites distributed over seven cellular compartments. The

reconstruction was completed in the BiGG Models format [76], enabling standardization and

cross-referencing to external databases (bigg.ucsd.edu). Combining an updated an- notation,

whole-genome RB-TnSeq data, and an advanced representation of light harvesting resulted in a

comprehensive phototrophic model.

Modeling Phototrophic Growth

Conversion of a reconstruction into a mathematical model and the subsequent application

of biologically relevant constraints enable the simulation of cellular phenotypes. Modeling cellular
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growth is typically computed as either yield or specific growth rate, which assumes exponential

growth [77]. In both cases the inputs are normalized, such that the simulation reports a single

value representative of cellular growth as long as there is a constant ratio between the biomass

and the input flux. However, as the culture becomes denser, the photon absorption capacity can

exceed the amount of light delivered by the light source and in the process, alter the ratio of

uptake to biomass. When this phenomenon occurs, it results in a linear growth curve caused

by self-shading–induced light limitation. Cells closest to the light source absorb excess photons,

preventing cells in the inner culture from achieving their maximum growth rate. We accounted

for shading with an unsteady-state growth modeling methodology [78], which resulted in an

accurate model of linear photoautotrophic growth over the duration of a batch culture.

An additional constraint was required to capture the point when light absorption became

excessive. As the other dominant constraint on growth, the maximum carbon uptake rate marks

the transition between a light- and a carbon-limited culture. It is dependent on the availability

of inorganic carbon in the media [79] and the acclimated state of the cell [80]. However, an

approximation of maximum photosynthetic output, a proxy for carbon uptake, can be captured

in a single parameter: the oxygen evolution rate [81]. We used experimentally determined oxygen

evolution rates to constrain the maximum photosynthetic output at a given irradiance (Fig. 2.3).

Excess photon absorption was allowed to leave the system in a manner that did not incur a

metabolic cost, simulating loss as heat or fluorescence. Reactive oxygen species production in

the light-harvesting antenna caused by excess light is currently not modeled.

A growth curve for a typical S. elongatus culture was simulated using the oxygen evolution

constraint and the calculated photon uptake rate. To account for self-shading, at 1-h intervals,

the flask was sectioned into 50 concentric rings, with each ring modeling the biomass production

23



0 

100 

200 

300 

400 

500 

600 

700 

800 

400 425 450 475 500 525 550 575 600 625 650 675 700 

O
pt

ic
al

 a
bs

or
pt

io
n 

cr
os

s 
se

ct
io

n 
 

(c
m

2  m
g 

C
hl

a-
1 )

 

Wavelength (nm) 

Mean 

SEM Upper 

SEM Lower 

-20 

0 

20 

40 

60 

80 

100 

120 

140 

160 

180 

0 250 500 750 1000 1250 1500 1750 2000 

O
xy

ge
n 

ev
ol

ut
io

n 
(µ

m
ol

 m
gC

hl
a-

1  h
-1

) 

Irradiance (µmol m-2 s-1 ) 

A B 

C D 

y = 0.5128x + 0.0207 R2 = 0.97786 y = 5.0808x  R2 = 0.94013 

0.00 

0.05 

0.10 

0.15 

0.20 

0.25 

0.30 

0.35 

0.40 

0.45 

0.50 

0.00 0.10 0.20 0.30 0.40 0.50 0.60 0.70 0.80 0.90 

D
C

W
 g

 / 
L 

OD750 

0.00 

1.00 

2.00 

3.00 

4.00 

5.00 

6.00 

7.00 

8.00 

0 0.2 0.4 0.6 0.8 1 1.2 1.4 

m
g 

C
hl

a 
/ L

 

OD750 

Figure 2.3: In vivo physiological data incorporated as constraints in in silico flux balance
analysis. (A) Whole-cell absorption spectra. (B) Oxygen evolution under illumination at various
light intensities shown as �. Dark condition oxygen consumption after each light period shown
as �. (C) Dry cell weight (DCW) vs. OD750. (D) Chlorophyll a concentration vs. OD750.
The data shown for each graph are averages of three independent measurements, and error bars
indicate SDs.
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of a 2% fraction of the culture. Light was modeled from the side of the flask, and the photon

absorption of an outer ring was made unavailable to the remainder of the inner rings (Fig. 2.4).

LightB	=	Lightini*al	–	Absorp*onA	

light 
A	B	 n	

Figure 2.4: Diagram of cell-shading calculation. Increased light limitation caused by cell–cell
shading was factored into the model simulations for biomass prediction in a typical 250-mL
Erlenmeyer flask with 100 mL culture medium.

For the nonshading simulation, the growth rate matched the in vivo culture until light

limitation, at which point the in silico growth remained exponential, whereas the in vivo curve

became linear (Fig. 2.5). Growth simulations factoring in self-shading transitioned into linear

phase on light limitation, characteristic of in vivo growth. This more accurate prediction of

photoautotrophic growth was made possible by the combination of modeling photon uptake and

shading as a function of culture density.

Model parameters are specific to the cellular phenotype: in particular, the chlorophyll-

normalized optical absorption cross- section, which depends on the photoacclimation state of

the cell. The primary photon-harvesting complex in S. elongatus, the phycobilisome, which can

efficiently deliver light energy to both photosystems [16], is highly adaptive [82] but devoid of

chlorophyll. Photosystem I contains 80–95% of the chlorophyll a in S. elongatus [16]. Because
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photoacclimation causes fluctuation in the photosystem I to photosystem II ratio and changes to

the phycobilisome [83], a given chlorophyll-normalized optical absorption cross-section may no

longer be representative. The model can be easily reparameterized to account for this adaptation.

Additionally, the oxygen evolution rate can be adjusted to account for phenotypic changes in

different carbon environments. The mechanistic nature of this approach is generally applicable

to any phototrophic reconstruction and expands genome-scale modeling into new phenotypes,

such as photoacclimation and with additional constraints, photoinhibition.
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Figure 2.5: Modeling the self-shading of cultures increases the accuracy of growth rate predic-
tion. OD750 values for the in vivo culture were the mean of three individual cultures. Standard
error (SE) is represented by the shaded areas. SE for the in silico growth rate was determined
from the SE of the in vivo inputs to the model.
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Validation and Refinement of the GEM Through Essential Gene Comparison

The RB-TnSeq data served as not only a powerful guide during reconstruction but also

a validation metric of the resulting model. The accuracy of the model was determined through a

comparison of the in silico essential gene calls with the in vivo dataset. The gap between model

predictions and in vivo realities highlights the limitations of the model as well as additional

constraints on cellular metabolism. Evaluation of the disagreements enabled development of

additional constraints beyond simple network connectivity (non-network constraints), increasing

the accuracy of the model predictions.

Essential gene-based model validation.

We compared the in silico essential gene calls between our reconstructed model, iJB785,

and a previous model of S. elongatus, iSyf715 [84] (Table 2.2). Minimal standardized constraints

were applied to both models, allowing a direct comparison of the metabolic flexibility of the two

networks. Of 752 genes in iJB785 with in vivo data, 587 (78%) were correctly assigned as either

essential or nonessential (Fig. 2.6A). The 165 disagreements were separated into explanatory

categories (Fig. 2.6B). iSyf715 contained 683 genes with in vivo data, of which 377 (55%)

were correctly assigned. Neither model was able to accurately predict the reduced growth rate

phenotype indicative of genes categorized as beneficial (growth defect when mutated). The 319

genes essential in vivo that were not included in iJB785 participate in cellular processes, such as

protein synthesis and transcription, that are out of scope for this GEM (Fig. 2.7). Incorporating

the RB-TnSeq data during manual curation prevented the addition of excess metabolic flexibility

(i.e., metabolic capabilities that are implied from the genome annotation but not observed in vivo)

as evident by the increased accuracy of iJB785 compared with iSyf715. Although both models
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Table 2.2: Comparison of essentiality results between iJB785 and iSyf715
S. elongatus PCC 7942

iJB785(this study) iSyf715(previous model)
Gene category ORFs Included in GEM Essentiality prediction Correct* (%) Included in GEM Essentiality prediction Correct* (%)
Essential 718 399 457 350 (88) 360 134 118(33)
Beneficial 157 72 5 0 (0) 56 1 0(0)
Nonessential 1,748 281 323 237 (85) 266 579 258(97)
No in vivo data 100 33 0 N/A 32 0 N/A
Total genes 2,723 785 785 587 (78†) 714 714 376(55†)

N/A, not applicable due to a lack of in vivo data.
*Equal to the number of genes correctly predicted to be essential in silico.
†Total correct genes/(total genes included in GEM - model genes with no in vivo data) x 100%.

incorporate only 25–30% of the ORFs identified in the S. elongatus genome, approximately

50% of the experimentally shown essential genes and 44% of functionally annotated ORFs are

represented in iJB785. Additionally, of 157 genes labeled beneficial in vivo, 46% are present in

iJB785. This enrichment of genes that impact cellular fitness underscores the value of GEMs for

contextualizing meaningful in vivo genetic perturbations.

Increased model accuracy through non-network constraints.

GEMs offer a tool for visualizing the metabolic network use for a given KO genotype. The

resulting flux map identifies alternate routes available to the network to respond to genetic per-

turbations. However, there are instances where the network connectivity indicates a metabolic

pathway, but an additional constraint prevents its use in vivo. Such non-network constraints

resulted in a disagreement in the essentiality call for the pyruvate dehydrogenase (PDH) com-

plex. Single-gene deletion of PDH in silico indicated that phosphoketolase (Synpcc7942 2080,

EC 4.1.2.9) enables bypass of lower glycolysis by generating acetyl phosphate from the Calvin

cycle intermediate fructose-6-phosphate or xylose-5-phosphate. Acetyl phosphate is converted

to acetyl-CoA by the combined action of reversible acetate kinase and acetyl-CoA synthase, en-

abling bypass of PDH. This bypass has been investigated in PCC 6803 [85], and flux balance

analysis in that organism also bypassed lower glycolysis with this pathway [86]. The essential
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The agreements/disagreements are based on the comparison with in vivo RB-TnSeq results. (B)
Sources of disagreements between in silico iJB785 and in vivo gene essentiality.

nature of PDH in vivo indicated an additional constraint that prevents this bypass from car-

rying sufficient flux to satisfy the acetyl-CoA needs of the cell. However, proteomics [87] and

transcriptomics [63] datasets for S. elongatus indicated phosphoketolase abundance on the same

order of magnitude as PDH subunits. Because enzyme abundance could not explain the essen-

tiality of PDH, we investigated metabolite channeling as a factor. Channeling is the result of

spatial aggregation of pathway enzymes that prevents the intermediates from being acted on by

enzymes outside of the pathway. MFA in PCC 6803 suggested metabolite channeling of Calvin

cycle intermediates [49]. This phenomenon can be modeled by coupling the flux between two
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Figure 2.7: Essential genes in S. elongatus not present in iJB785. The number of essential
genes in each category is indicated.

reactions, forcing a ratio, and analyzing the result on the metabolic network. The analysis in

silico of metabolite channeling indicated that, if more than 1% of Calvin cycle intermediates were

allowed to enter the phosphoketolase bypass, PDH would be nonessential. These results indicate

that either substantial metabolite channeling occurs in the Calvin cycle of S. elongatus or the

phosphoketolase pathway is functioning in a yet uncharacterized way.

An additional non-network constraint suggested by discrepancies between the model and

the in vivo data is the phototrophic reaction catalyzed by ferredoxin-NADP oxidoreductase

(FNOR; Synpcc7942 0978, EC 1.18.1.2), an essential reaction in vivo. The model indicated that

FNOR was bypassed by NADPH:NAD+ transhydrogenase (Synpcc7942 1610, Synpcc7942 1611,

and Synpcc7942 1612, EC 1.6.1.2), resulting in a discrepancy between the model and in vivo

data. The canonical function of transhydrogenase is to provide metabolic flexibility by intercon-

verting the two primary redox carriers. However, previous work in PCC 6803 had called into

question the presence of an active transhydrogenase in cyanobacteria [88,89]. Previous modeling
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of PCC 6803 also observed dramatic changes in flux predictions depending on the activity of

the transhydrogenase reaction [86], with the authors retaining the canonical transhydrogenase

function. However, when we repeated the in silico essential gene assessment setting the tran-

shydrogenase reaction bounds to zero; along with additional non-network constraints, such as

routing flux through PDH, 13 genes that had previously been discrepancies fell into alignment

with in vivo data.
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Figure 2.8: Comparison between in silico flux predictions and 13C metabolic flux analysis.
Reaction fluxes, normalized to 100 units to RubisCO flux for comparison, from (A) iJB785
and (B) isotopically non-stationary metabolic flux analysis as reported in (ref). GEM reaction
flux predictions that fell outside the 95% confidence intervals are indicated in orange text. The
malate dehydrogenase enzyme (MDH) with experimental evidence but no genomic evidence is
highlighted in red.

31



Central carbon metabolism flux predictions.

The intracellular flux distribution maps the metabolic reaction use in a given condition.

This visualization provides insight into highly used pathways that can be drawn on for product

synthesis. The photoautotrophic flux distribution for central carbon metabolism in S. elongatus

predicted by our GEM is shown in Fig. 2.8. Our flux values were highly accurate compared

to experimental 13C MFA data [90], the in vivo equivalent of these in silico data. Overall, the

correlation between the flux predictions had an R2 value of 0.994 and a p-value of 1x10-45. A

portion of the TCA pathway fluxes fell outside the 95% confidence interval for the experimental

data; however, the magnitude of the discrepancy was approximately 10%. This could be due to

slight differences in the biomass composition of the cells based on the culture conditions. The

MFA data supports our assignment of less than 1% photorespiratory flux and validates our non-

network constraints. Overall, the high accuracy of the essential gene assessments and consistency

with published photoautotrophic flux data underscore the quality of the GEM.

Unusual Attributes of S. elongatus Metabolism

Taking into account the essential gene dataset [38] during the modeling process greatly

improved the consistency of the model and the in vivo data. Still, reactions for which no ev-

idence existed to bring the in silico pre-diction into agreement with the in vivo data deserved

additional attention. The network reconstruction represents a repository of current knowledge;

thus, discrepancies between in silico and in vivo results highlighted potential gaps in understand-

ing of S. elongatus metabolism. Disagreements between iJB785 and the RB-TnSeq essential

gene calls were separated into categories reflecting the hypothesized source of the discrepancies

(Fig. 2.6B). Some categories, such as the Network Bypass and Annotated Isozymes, have already
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been discussed. Only 7% of discrepancies were categorized as Out of Scope, and these reactions

were included in iJB785 for completeness but operate in cellular processes not necessary for in

silico growth. For example, the tRNA modification queuosine [91] is beneficial according to the

RB-TnSeq data but was not explicitly modeled in silico, resulting in a discrepancy for all genes

in the pathway.

The Nonessential Biomass discrepancies include enzymes that synthesize biomass com-

ponents of the WT cellular composition but do not result in a significant in vivo growth de-

fect when missing. Because every component of the defined biomass is required for in silico

growth, this category represents in vivo flexibility not present in iJB785. Two such examples of

known nonessential biomass components are sulfoquinovosyl diacylglycerol, a component of the

photosynthetic membranes [92], and the O-antigen polysaccharide, which even confers a fitness

advantage against predators when mutated [93]. We also identified Nonessential Subunits of

multiprotein complexes. If one gene in the complex is essential in silico, every subunit associated

with that reaction is considered essential, even if the loss is tolerated in vivo. These disagree-

ments included known nonessential subunits of the PCC 6803 photosynthetic electron transport

chain [94] and ferredoxin: plastoquinone oxidoreductase complex [73].

Nucleotide salvage metabolism.

Other discrepancies were placed into the categories Steady-State Assumption and Knowl-

edge Gaps. Examples of both can be found in nucleotide salvage metabolism. Although S.

elongatus encodes a complete set of enzymes for de novo biosynthesis of both purine and pyrim-

idine nucleotides, salvage reactions are mostly absent (Fig. 2.9). One exception is adenine

phosphoribosyltransferase (Synpcc7942 2454, EC 2.4.2.7), which recycles adenine into AMP and
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is nonessential in vivo but essential in silico. Without this reaction, adenine produced during

biosynthesis of polyamines would accumulate and violate the Steady-State Assumption in the

model. However, the in vivo data suggest that adenine accumulation is not lethal to the organism,

likely because of the small predicted flux through this pathway. Conversely, the catabolism of

uracil into UMP by the enzyme uracil phosphoribosyltransferase (Synpcc7942 1715, EC 2.4.2.9)

is essential in vivo but not in silico. The in vivo source of uracil and the metabolic requirement to

salvage it to UMP represent a Knowledge Gap in our understanding of S. elongatus. Therefore,

overlaying in vivo essentiality information over the model’s predictions reveals multiple classes

of unknowns in nucleotide salvage alone.

Photorespiration.

The key carbon-fixing enzyme of the Calvin cycle in photosynthetic metabolism is

ribulose-1,5-bisphosphate carboxylase/oxygenase (RuBisCO; Synpcc7942 1426 and Synpcc7942

1427, EC 4.1.1.39). This enzyme can fix not only CO2 but O2 as well, generating 2-

phosphoglycolate. Buildup of this molecule is toxic and needs to be recycled through the process

of photorespiration [95]. To represent photorespiration in silico, a basal level of oxygenase activ-

ity needed to be added to the model’s RuBisCO reaction. Based on extrapolation from 13C flux

analysis in PCC 6803 [49] and metabolite concentrations in low- vs. high-carbon experiments in

S. elongatus [96], we set the model RuBisCO oxygenase flux at 1% of total RuBisCO activity.

Interestingly, the first step of the photorespiratory pathway is nonessential in vivo, although

the model predicts it to be essential. In this step, phosphoglycolate phosphatase catalyzes the

conversion of 2-phosphoglycolate to glycolate (Fig. 2.10). This enzyme, present upstream of the

branching of photorespiration, has no high-confidence isozymes in S. elongatus. The nonessen-
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as follows: 1, uricil phosphoribosyltransferase (UPPRT); 2, cytosine deaminase; 3, thymidine
phos- phorylase; 4, guanine phosphoribosyltransferase; 5, xanthine phosphoribosyltransferase;
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tiality of phosphoglycolate phosphatase suggests either an unknown enzyme for this function or

dispensability of the pathway.

It is improbable that the photorespiratory pathway is nonessential. In PCC 6803, three

pathways of photorespiration exist and have been included in previous GEMs of this species (50):

the plant-like C2 cycle, full decarboxylation, and the glycerate pathway—which when disrupted

in concert, cause a high-CO2 dependency [97]. S. elongatus may be missing the last of these

pathways (Fig. 2.10). The glycerate pathway begins with glyoxylate carboligase (GCL), an
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enzyme that combines two molecules of glyoxylate and ends with the central carbon metabolite

3-phosphoglycerate after the investment of ATP, NAD(P)H, and the release of CO2. The gene

found in PCC 6803 (sll1981) that is most similar to GCL in E. coli does not have a homolog in S.

elongatus. Therefore, it is possible that only the plant-like C2 cycle and full decarboxylation via

formate occur in S. elongatus. The potential to generate glycine through photorespiration raised

the possibility that the process could compensate for de novo glycine/serine biosynthesis. When

RuBisCO oxygenase activity was set at 1%, the model predicted that sufficient glycine would

be created to support growth, similar to predictions in previous cyanobacterial GEMs [86, 98].

Therefore, even when the de novo synthesis pathway of glycine from 3-phosphoglycerate via

serine was broken in the model, it still predicted that cells grow at 72% of their normal rate.

This finding runs counter to the in vivo data, which show that the entire biosynthesis pathway

of serine from 3-phosphoglycerate is essential. The experimental data suggest low flux to amino

acid biosynthesis through photorespiration, which could be explained by lower than expected

photorespiration activity. Along these lines, in silico essential gene results became consistent

with the in vivo data only when RuBisCO’s oxygenase activity was lowered to 0.15% of its

carbon-fixing activity. Another possibility is decreased flux specifically toward the amino acid

biosynthesis pathway of photorespiration. Glycine hydroxymethyltransferase (Synpcc7942 0282,

EC 2.1.2.1) in PCC 6803 is a choke point for the conversion of glycine from photorespiration into

serine [99]; it is possible that the same limitation exists in S. elongatus. There is also evidence for

essentiality of the de novo serine biosynthetic pathway beyond simple metabolic requirements in

PCC 6803 [63]. Therefore, because of lower than expected photorespiration, limited flux toward

glycine synthesis, or undiscovered requirements of de novo serine synthesis, photorespiration is

not able to replace de novo amino acid biosynthesis from 3-phosphoglycerate.
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A truncated TCA cycle.

The completeness of the cyanobacterial TCA cycle has been an oft-debated subject [100].

Since the discovery that 2-oxogluterate dehydrogenase is missing in cyanobacteria, it was ac-

cepted for many years that the TCA cycle is incomplete [101]. However, a complete TCA cycle is

responsible for the majority of energy intermediates created by oxygenic metabolism and nearly

ubiquitous throughout nature [102]. For this reason, extensive effort has been applied to un-

cover routes that complete cyanobacterial TCA cycles. A number of bypasses of the missing
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2-oxoglutarate dehydrogenase have been discovered, such as the 2-oxoglutarate decarboxylase

pathway [103], the GABA shunt [104], and the glyoxylate shunt [103]. These bypasses revealed

that cyanobacteria harbor complete, albeit noncanonical TCA cycles [100]. More recently, how-

ever, the necessity of the newly circularized TCA cycles of cyanobacteria has been called into

question by experimental [38] and modeling studies [86]. Therefore, the structure and biological

relevance of a TCA cycle remains an open question in cyanobacteria.

For these reasons, we were particularly interested in discrepancies between the draft

model simulations and the in vivo essentiality for two enzymes of the TCA cycle: fumarase (Syn-

pcc7942 1007, EC 4.2.1.2) and malic enzyme (Synpcc7942 1297, EC 1.1.1.40). These enzymes

are required by the model’s steady-state assumption for the recycling of fumarate, a by-product

of both purine and arginine synthesis. However, the overlay of the in vivo data on the model not

only suggests that this recycling is not an essential function but more broadly, led us to evaluate

the importance of a complete TCA cycle in S. elongatus.

We began by examining the bypasses that complete TCA cycles in other model cyanobac-

teria [100] for their potential presence in S. elongatus. Our reconstruction, however, revealed

none of the known cyanobacterial bypasses (Fig. 2.11A). Additionally, we were unable to find

evidence of the core TCA-cycle enzymes malate dehydrogenase (EC 1.1.1.37), malate:quinone ox-

idoreductase (EC 1.1.5.4), and succinyl-CoA synthetase (EC 6.2.1.5). Furthermore, the succinate

dehydrogenase genes (Synpcc7942 0314, Synpcc7942 0641, and Synpcc7942 1533, EC 1.3.5.1) are

nonessential in vivo in addition to genes for fumarase and malic enzyme. Together, these data

provide evidence that the metabolically important portion of the TCA cycle in S. elongatus is

highly abridged. We call this oxidative, noncyclic portion of the TCA cycle that is essential in

S. elongatus the TCA pathway (Fig. 2.11B). To explain the feasibility of this TCA pathway, we
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examined whether it would be sufficient to accomplish the central functions of the TCA cycle:

precursor metabolite production, by-product recycling, and energy generation.

Figure 2.11: The TCA pathway. (A) The canonical TCA cycle is shown, with bypasses and
alternative reactions present in other cyanobacterial species indicated by dotted lines. (B) The
TCA pathway, the proposed biologically relevant TCA process. Insertion loss of function mu-
tants in fum (8S42-O6; synpcc7942 1007), me2 (8S29-J6; synpcc7942 1297), and sucd (8S1-JJ4;
synpcc7942 1533) were made (Table 2.3), and growth was compared with the WT in both (C) con-
tinuous light and (D) cycles of alternating light–dark (12–12 h). Colony area was measured using
ImageJ (80). Reaction and metabolite abbreviations are given in BiGG format (bigg.ucsd.edu).
Significance level of 0.001 (t test).

The TCA pathway preserves the enzymes necessary for the synthesis of oxaloacetate
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and 2-oxoglutarate, which are precursors for many required biomass components; additionally, 2-

oxoglutarate serves as the gateway to nitrogen assimilation. Therefore, functionality in producing

precursor metabolites and nitrogen assimilation can be provided by the TCA pathway. The TCA

pathway does not include functionality for the recycling of fumarate. Fumarate is created as a by-

product of nucleotide and arginine synthesis, the salvage of which is posited by previous models

to be essential [105]. However, loss of function mutants for fumarase and malic enzyme show that

this recycling function is not required for viability on solid media or in liquid culture (Fig. 2.11C

and Fig. 2.12A and B). The dispensability of fumarate salvage could be explained by the ability

of S. elongatus to excrete fumarate into the media [106], and when this possibility was added

into the model, the in silico predictions for fumarase and malic enzyme become nonessential in

agreement with the in vivo data. In addition, iJB785 shows a minor cost of excreting useable

carbon backbones (Fig. 2.12C). This cost is commensurate with the in vivo data that show

a significant decrease in colony size in the fumarase and malic enzyme mutants (Fig. 2.11C).

Therefore, fumarate recycling is a dispensable function of the TCA cycle, despite a slight fitness

cost.

The final core function of the TCA cycle is energy production. During photosynthetic

metabolism in S. elongatus, however, full oxidation of pyruvate by the TCA cycle would amount

to “metabolic suicide,” in which the cell is fixing and degrading the same carbon compounds

concurrently [107]. The wastefulness of a complete TCA cycle for energy generation in S. elon-

gatus is supported by viability of mutants defective for succinate dehydrogenase subunit B (Syn-

pcc7942 1533, EC 1.3.5.1) (Fig. 2.11C), which in addition to its importance for cycle flux, is an

electron donor to the electron transport chain in PCC 6803 [89]. At nighttime, however, when

the cell switches from photosynthesis to glycogen as its energy source [108], we might expect
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Figure 2.12: Genotypic characterization and growth curve of the TCA cycle mutants. (A)
Lane 1 (fumWT), amplification of WT DNA with primers surrounding the fum gene (syn-
pcc7942 1007); lane 2 (fum), amplification with the same primers from fum transposon insertion
KO mutant (8S42-O6), in which a 1.3-kb in- sertion is present; lane 3 (me2WT), amplification
of WT DNA with primers surrounding the gene encoding malic enzyme (synpcc7942 1297); lane
4 (me2), amplification with the same primers from the transposon insertion KO mutant for the
gene encoding malic enzyme (8S29-J6); lane 5 (sucdWT), amplification of WT DNA with primers
surrounding the sucd subunit B gene (synpcc7942 1533); lane 6 (sucd ), amplification with the
same primers from the sucd transposon insertion KO mutant (8S1-JJ4); and lane 7 (marker),
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tested.(B) Growth of WT, fumarase mutant, and malic enzyme mutant strains in liquid culture.
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in silico, and the resulting impact to growth rate was analyzed.
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that a cyclic TCA process would become essential, because it would enable further energy gen-

eration from glycogen. In fact, expression of TCA cycle enzymes has been shown to occur in

the dark period during light–dark cultivation [109], and modeling has shown cyclic flux through

the cycle in PCC6803 under these conditions [86]. Therefore, we repeated the viability assay un-

der day–night conditions but found that fumarase, malic enzyme, and succinate dehydrogenase

remain nonessential (Fig. 2.11D). Furthermore, iJB785 simulations of dark metabolism indi-

cated that full oxidation of glycogen through the oxidative pentose phosphate (OPP) pathway

could generate equivalent ATP compared with a complete TCA cycle in S. elongatus (24.4 mol

ATP/mol glucose in OPP vs. 24.7 mol ATP/mol glucose via TCA bypass). This prediction is

supported by previous experimental evidence that the OPP pathway is important for diurnal

survival in S. elongatus [110–112]. Taken together, the model, the essential gene dataset, and

our loss of function mutants support the hypothesis that an abridged TCA pathway, focused on

generation of precursor metabolites, and not the traditional TCA cycle is the physiologically rel-

evant TCA process for S. elongatus. This finding diverges from the current paradigm of complete

TCA cycles in cyanobacteria [100].

TCA cycles focused on biosynthesis instead of energy generation have precedents. Green

sulfur bacteria run their TCA cycle in reverse to fix CO2 in a process called the reductive TCA

cycle [113]. It also is common for obligate autotrophs to lack the enzyme 2-oxoglutarate dehydro-

genase [107]. The hypothesized TCA mechanism in the absence of 2-oxoglutarate is a bifurcated

process, in which a reductive branch leads to succinyl-CoA and an oxidative branch leads to

2-oxoglutarate (71). According to iJB785, however, S. elongatus does not require succinyl-CoA

or any other metabolites of the reductive branch of this TCA process. Thus, it is likely that just

the oxidative wing of the TCA cycle, represented as the TCA pathway, is important largely as a
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biosynthetic pathway in S. elongatus.

The truncated TCA pathway of S. elongatus probably generalizes to other members of

the phylum. Even if we artificially model the complete TCA cycle in S. elongatus by adding

malate dehydrogenase and the 2-oxoglutarate dehydrogenase bypass present in Synechococcus

sp. PCC 7002 [33], the model still predicts no cyclic flux through the completed TCA cycle.

In PCC 6803, which contains a complete TCA cycle, both flux balance analysis [86] and 13C

MFA [114] show negligible flux from 2-oxoglutarate to the rest of the TCA cycle. Furthermore,

when the complete TCA cycle of PCC 6803 is blocked, only minor decreases in growth rate

are observed [104]. Finally, a bifurcated TCA cycle with a reductive branch for succinyl-CoA

synthesis is likely to be nonessential in many cyanobacteria because of the presence of a heme

biosynthesis pathway that begins with 2-oxoglutarate instead of succinyl-CoA [115]. Based on

these data, the abridged TCA pathway as opposed to a complete or bifurcated TCA process is

likely relevant in other cyanobacteria, even those with genes making a complete TCA cycle.

2.1.2 Materials and Methods

Genome-Scale Reconstruction for Synechococcus elongatus

The genome annotation of Synechococcus elongatus PCC 7942 was obtained from the

Cyanobase database (genome.microbedb.jp/ cyanobase/SYNPCC7942; date accessed: 9/2015).

Functional annotation of the predicted ORFs was performed using the BLAST command line

tool [116]. Initially, the amino acid sequences of the S. elongatus proteins were compared with

all reviewed cyanobacterial proteins in the Uniprot/Swissprot database [116] (BLASTp; e-value

cutoff 1e-20). The S. elongatus genes without a best hit in the cyanobacterial subset of the

database were then searched against all reviewed Uniprot/Swissprot sequences that had evidence
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at the protein or transcript level (BLASTp; e-value cutoff 1e-20). Additionally, the S. elongatus

protein sequences were queried for conserved domains using the National Center for Biotechnology

Information Batch CD-Search Tool [117] with the default settings. A draft reconstruction for S.

elongatus based on a previous model for sp. PCC 6803 [86], provided by Henning Knoop and

Ralf Steuer, Humboldt- Universität zu Berlin Institute for Theoretical Biology, Berlin, served

as the starting point for the reconstruction. The genome functional annotation was curated

based on the BLASTp and CD-Search outputs, and the network was reconstructed as described

previously [56] using the COBRApy Python package [118] in iPython Notebook [119].

Structural Homology Modeling of Annotated PGMs

All protein structures were downloaded from the Protein Data Bank (PDB). PDB ID

codes 4IJ5 [Hydrogenobacter thermophilus TK-6 metal-independent phosphoserine phosphatase 1

(iPSP1)] [62], 1E59 [Escherichia coli cofactor-dependent phosphoglycerate mutase (dPGM)] [60],

and 1H2F (Bacillus stearothermophilus PhoE) [120] were selected for this analysis. Full-length

homology modeling of amino acid sequences was conducted using a locally downloaded version of

the I-TASSER v4.4 (iterative threading assembly refinement) package [61]. The COACH pack-

age [121], which is contained within I-TASSER, was used for binding site and substrate binding

predictions, which were cross-referenced with known dPGM and iPSP binding residues annotated

within UniProt [122] and various literature sources. Additionally, the full-length homology model

of the E. coli dPGM (UniProt ID code P62707) was obtained from a database of E. coli homology

models previously generated with I-TASSER (zhanglab.ccmb.med.umich.edu/Ecoli/). To com-

pare the positions of binding and active residues, structure files were simultaneously loaded into

VMD [123], and sequences were aligned using the MultiSeq tool [124]. MultiSeq also contains
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the structural alignment tool STAMP [125], which was used to align the regions of interest. The

positions of known histidine phosphatase residues and residues that are known to contribute to

either iPSP or dPGM activity were then compared between all homology models and the selected

experimental PDB files.

Strains and Culture Conditions

All WT assays were done in S. elongatus PCC 7942, which is stored in our laboratory’s

culture collection as AMC06. Mutants were also constructed in this WT background. All cul-

turing occurred at 30◦ C. Liquid cultures were grown in 100 mL BG-11 medium in 250-mL flasks

(PYREX) and shaken at 150 rpm (Thermo Fischer MaxQ 2000 Orbital Shaker).

Chlorophyll Determination

Working under reduced irradiance to prevent degradation of extracted pigments, 1–2 mL

cultures were harvested in triplicate in 2-mL tubes by centrifugation at 15,000 x g at laboratory

temperature for 7 min. The supernatant fraction was removed, and cells were resuspended in 1

mL cold 100% (vol/vol) methanol. Samples were placed in a light-free container incubated at

4.0◦C for 1 h to extract the pigments from the cells. After incubation, cellular material was cen-

trifuged at 15,000 x g for 10 min at 4.0◦C, and the supernatant was used for spectrophotometry.

A Beckman Coulter DU 640B Spectrophotometer was calibrated using methanol as a blank, and

absorbance at 665 and 720 nm was measured. Chlorophyll a concentrations were determined

using the following equation [126]:

chlorophyll a (micrograms/milliliter) = 12.9447 (A665 - A720)
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Whole-Spectrum Light Absorption

Whole-cell absorption spectra were measured every 2 nm using an Infinite 200 PRO

Multiplate Reader (Tecan) from400 to 800 nm. Before measurements, culture densities were

adjusted to an OD750 of 0.05. Measurements using BG-11 medium as a blank were subtracted

from the sample results, and then, results were normalized to OD750 for comparison.

Modeling of Photon Uptake

Absorption spectra were collected as described above, corrected for light scattering by

subtracting the OD750 value from each absorbance value, and then, normalized to a 1-cm path

length. The chlorophyll a-normalized optical absorption cross-section was calculated from the

absorbance by the following equation (modified from ref. [70]):

2.1

a∗λ = 2.303
absorbance

[chlorophylla]
(2.1)

The photosynthetically active radiation (PAR) range (400–700 nm)was divided into 15 bins

of 20 nm each, and the a∗λ values across each bin were averaged to give a spectrally aver-

aged, chlorophyll a-normalized absorbance cross-section for each bin. The SE for each bin

was determined from the SD of the in vivo absorption spectrum. The spectral distribution

of the Osram Sylvania Octron(R) 741 Fluorescent Lamp was obtained from the manufacturer

(www.sylvania.com/en-us/Pages/default.aspx). The spectrum was divided into 15 bins of 20 nm

each, and the area of each bin was calculated using the trapz function in the NumPy Python pack-

age (www.numpy.org/). After dilution to minimize light scattering, chlorophyll a measurements

were used to normalize the absorption spectrum. The ratio of chlorophyll a to OD remained con-

stant during the time course, indicating a lack of significant photoacclimation (Fig. 2.1). Because
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the model’s biomass equation explicitly defines the cellular composition, the biomass-normalized

photon absorption rate, E0(λ) [micromoles photons gram dry weight (DW)-1 hour-1],was calcu-

lated from the combination of irradiance E0(λ) (micromoles photons meter-2 second-1), optical

absorption cross-section a∗λ [centimeters2 milligram chlorophyll a (Chl a)-1], and the chlorophyll

a component of the biomass equation [modified from P259 [127]]:

2.2

Ea(λ) =
mg Chla

[g DW]

∫ λ2

λ1

E0(λ)a
∗
λdλ (2.2)

The resulting photon absorption flux was modeled as 15 metabolites, each representing a 20-nm

segment of the 400- to 700-nm photosynthetic range.

Physiological Assays

S. elongatus was grown under 100 µmol photons m-2 s-1 from cool white fluorescent

bulbs. Growth was monitored by taking OD750 measurements and dry cell weight measurements

at six time points over the course of 10 d. Cells were diluted appropriately to achieve OD750

measurements between 0.05 and 1.0. Dry cell weight was determined by vacuum filtration of

50 mL culture material using preweighed 0.45-µm hydrophilic polypropylene filters (47-mm GH

Polypro; p/n 66548; Life Sciences). Filter disks containing cellular material were then placed

in a large glass petri plate, dried at 90◦C for 1 h, allowed to cool to room temperature, and

weighed. The initial weight of the filter disk was subtracted from the final to get the weight of

the dry cells. Filters were placed back in for an additional 30 min and weighed again to ensure

that drying was complete.
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Oxygen Evolution

Activities of photosynthetic oxygen evolution were determined using a Clark-type oxygen

electrode (ALGinstruments). The cells grown under 100 µmol photons m-2 s-1 light at 30◦C

were placed in 15-mL sterile conical tubes and quickly transported to another room for oxygen

evolution analysis. Cells with chlorophyll a concentrations of 1–2 µg/mL were placed in a water-

heated apparatus and kept at 30◦C. Light was provided at various intensities following a regimen

of initial dark for 5 min followed by 2 min of constant illumination and 2 min of complete darkness.

Light intensities included 0, 50, 100, 500, 1,000, and 2,000 µmol photons m-2 s-1. BG-11 medium

was used as a blank, and rates were calculated by dividing by chlorophyll a concentration.

Simulations of in silico Growth Rates

Growth rates were simulated for a 100-mL culture of S. elongatus in a 250-mL shaken

flask. Irradiance (µmol photons m-2 s-1) was measured outside the flask using a QSL-100 PAR

Irradiance Sensor (Bio- spherical Instruments Inc.). A correction factor for light loss caused by

the apparatus was calculated by taking light measurements inside an empty flask at different

irradiances and plotting the outside irradiance vs. the inside irradiance. A correction factor was

derived from a linear regression of the data. The photon delivery rate was determined from the

light source irradiance and the surface area of the flask. The flask was modeled as a frustum of

a cone, with the lower radius equal to the bottom of a 250-mL flask and the upper radius equal

to the flask radius at the culture height (culture volume = 100 mL). The lateral surface area

was calculated and used to derive the photon delivery rate (µmol photons s-1) by multiplying

the photon flux density (µmol photons m-2 s-1) by the calculated surface area (square meters).

Self-shading was determined by dividing the 100 mL culture volume into 50 sections totaling 2%
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of the culture biomass in each section. For each section, the photon absorption rate and the

photon delivery rate of each 20-nm bin were compared, and the lesser of two values was set as

the upper and lower bounds of the photon exchange reaction. For each section (n), the photon

delivery rate [ν(λbin)n] was equal to the initial photon delivery rate [ν(λbin)0] minus the photon

absorption of all previous slices:

2.3

ν(λbin)n = ν(λbin)0 −
n−1∑
i=1

νEX photonν(λbin)i (2.3)

Growth curves were simulated by dividing the culture duration into 240 x 1-h segments.

To avoid numerical precision issues, the flux units were converted to micromoles milligram DW-1

hour-1. At each time point, the biomass-normalized constraints were converted to the total

metabolite flow across the reaction for the 1-h time period. For example, at a time t where the

biomass equals 100 mg dry cell weight, the nongrowth-associated maintenance constraint, which

is 0.071 µmol mg DW-1 hour-1, becomes 7.1 µmol. After accounting for light attenuation caused

by self-shading, biomass was maximized for each of 50 culture sections as follows:

Maximize νbiomass

• Subject to:

• S · ν = 0

• lbi ≤ νi ≤ ubi.

The following constraints were set before simulation:

• νNADTRHD = 0 (transhydrogenase set to 0),

• νTALA ≥ 0 (transaldolase set as irreversible),
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• νORNTA = 0 (ornithine transaminase set to 0),

• νCYOOum = 0 (cytochrome oxidase set to 0),

• νLDH D ≤ 0 (lactate dehydrogenase set as irreversible),

• νEX o2 ≤ 153(1 - e(−1.4xI/153))e(−9.3x10−14xI/153), where I = irradiance [oxygen evolution set

to the experimental values with Platt fitting (ref. [128], pp. 687–701)],

• νPSII ≤ 7 x SmgDW x 1 h (maximum flux through photosystem II), and

• 0.01 x νTKT 2 ≥ νPKETF + νPKETX (metabolite channeling constraint of phosphoketolase

pathway),

where SmgDW is equal to 2% of the biomass of a given time point. Nongrowth-associated main-

tenance was set to 0.071 µmol mg DW-1 h-1 for all simulations. The biomass yield for each time

point was the summation of the biomass output of each of the 50 sections. Inorganic phosphate

use was tracked to determine when the culture entered phosphate limitation-induced stationary

phase. Biomass yield was converted to OD using a standard curve (Fig. 2.3). Simulations were

performed using the COBRAtoolbox [29] optimizeCbModel function in Matlab (Mathworks) with

Gurobi 6.5.1 (Gurobi Optimization).

Intracellular Flux Distribution During Linear Growth

Reaction fluxes were taken from a time point in the linear portion of the growth curve.

Simulations were constrained as above, with the exception that a secondary objective of mini-

mizing the taxicab norm of the flux vector was applied [129]. The metabolite flow in micromoles

was normalized to the biomass of the given time point to convert the units to millimoles gram

DW-1 hour-1.

50



in silico Essential Gene Comparison

The previous S. elongatus model, iSyf715, was downloaded in SBML format, and the

gene reaction rules were changed to a Boolean format and added to the model based on the sup-

plemental files in the publication [84]. The growth rate was fixed to 0.02 h-1, and the minimum

photon uptake to achieve the set growth rate was determined using the optimize minimal flux

function in the COBRApy Python package [118] in iPython Notebook [119] using the Gurobi

6.5.1 solver (Gurobi Optimization). Photon flux to the photosystem II reaction ( lightII r) was

set to 7.382 mmol g DW-1 h-1, and photon flux was set to 7.18 mmol g DW-1 h-1 for the photo-

system I reaction ( lightI r). All other constraints were left at their default values; the CO2 and

bicarbonate default uptake rates were both 1.99 mmol g DW-1 h-1. The photon uptake rate for

iJB785 was set by varying the light irradiance until a growth rate of 0.02 h-1 was achieved. All

other constraints were set to the same value as in iSYF715, with the exception of the nongrowth-

associated maintenance, which was set to the calculated value of 0.071 mmol g DW-1 h-1. The

in silico essential gene assessment for both models was made using the single gene deletion func-

tion in COBRApy [118]. Gene deletions where greater than 80% of the target growth rate was

still achieved were considered to reflect nonessential genes, 80-10% were considered as beneficial

genes, and below 10% were labeled essential genes. Comparison between RB-TnSeq in vivo es-

sentiality calls and in silico assessments were performed using in-house Python scripts in iPython

Notebook [119].

TCA in silico Simulations

The impact of TCA gene KOs on growth rate was simulated by setting the reaction flux

to zero for the TCA enzymes fumarase and malic enzyme. Growth curves were simulated as
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outlined above at a model irradiance of 68 µmol m-2 s-1 (90-100 µmol m-2 s-1 in experimental

conditions). The TCA cycle was completed in silico by adding the alpha-ketoglutate dehydroge-

nase and succinyl-CoA synthase genes from the E. coli model iJO1366 [130] . Growth curves and

reaction fluxes were determined as outlined above. The TCA bypass reaction alpha-ketoglutarate

decarboxylase was manually added to the model, and the succinyl-CoA dehydrogenase reaction

from the E. coli model iJO1366 was added to complete the bypass. Growth curves and reaction

fluxes were determined as outlined above. The malate dehydrogenase (BiGG ID code MDH)

reaction from the E. coli model iJO1366 was added to the model. Growth curves and reaction

fluxes were determined as outlined above. For simulations in the dark, the light uptake was set

to zero, and the glucose released by glycogen degradation was set to an arbitrary rate of 6 mmol

g DW-1 h-1. The objective function was set to maximize ATP production.

Generating and Assaying TCA Cycle Mutants

Mutants were generated from plasmids taken from the unigene set, an arrayed mutant

library for S. elongatus [131,132]. Standard transformation protocols were used for mutant gen-

eration [42], and genotyping was done using colony PCR (Table 2.3) with Taq DNA Polymerase

(NEB). Liquid culture assays were conducted in BG-11 medium containing kanamycin (5 µg/mL)

under light levels of 100 µmol photons m-2 s-1, with OD750 taken every 24 h. For spot plates,

4 µL culture was plated onto solid BG-11 kanamycin medium in a 1:5 dilution series. Constant

light-incubated spot plates were put under light levels of 100 µmol photons m-2 s-1 for 5 d.

Light–dark-incubated plates were grown in a 12:12 -h cycle with square transitions at the same

light intensity for 8–9 d. Colony area was measured using ImageJ analysis software [133].
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Table 2.3: Primers for validation of the TCA pathway mutants

Purpose Primer name Forward primer (5’ to 3’) Reverse primer (5’ to 3’)
Segregation check of fumarate hydratase mutant Synpcc 1007 F/R AACATCAAATCCAGTCGGCG TCATTTGCCCATTACTCGCG
Segregation check of malic enzyme Synpcc 1297 F/R CATTAAGACTCTTCGCAC GAAACAATATCTGCCCTAC
Segregation check of succinate dehydrogenase subunit B Synpcc 1533 F/R TTTTGGGTACGGCCTATT CTCTAGAACAACTGAATCC

Suggested Constraints for Modeling in Constant Light

• Upper and lower flux bounds through NADP:NADH transhydrogenase reaction set to zero

(νNADTRHD = 0). Justification is given in the text.

• The lower bound of the transaldolase reaction set to zero (νTALA ≥ 0). Corrects a central

carbon essentiality discrepancy for sedoheptulose-1,7-bisphosphatase (BiGG ID code SBP),

resulting in a more accurate intracellular flux map.

• Upper and lower flux bounds through ornithine transaminase set to zero (νORNTA = 0). Or-

nithine transaminase connects proline and arginine biosynthesis. If active, neither of those

pathways would be essential. However, both proline and arginine biosynthesis pathways

are essential in vivo.

• Upper and lower flux bounds through cytochrome oxidase set to zero (νCYOOum = 0). Pres-

ence allows for a biologically infeasible pseudocyclic electron flow. Fluorescence microscopy

experiments in S. elongatus indicated that the concentration of this complex is very low

based on the inability to visualize GFP constructs [72]. Transcriptomics data also indicated

very little expression of this complex [63].

• The upper bound of the transaldolase reaction set to zero, making it irreversible away from

pyruvate (νLDH D ≤ 0). Avoids biologically irrelevant bypass of lower glycolysis through

cell wall degradation into lactate and conversion back into pyruvate.
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2.2 Conclusions

The iJB785 GEM of metabolism in S. elongatus presented here is a comprehensive repre-

sentation of obligate phototrophic metabolism. Our mechanistic modeling of photon absorption

and self-shading addresses the persistent challenge of accurately modeling light as a metabo-

lite. This approach can be applied to any phototrophic GEM, enabling modeling of core aspects

of light-driven metabolism. The predictive nature of the method also enables tailored light

regimes for bioprocess optimization of photosynthetic platforms. In addition to iJB785’s value

for metabolic engineering and its technical improvement to phototrophic modeling, it serves

as a platform for biological discovery. In synthesizing much of the physiological understand-

ing available for S. elongatus, iJB785 reveals the holes in this knowledge. Some of these holes

include missing elements of the nucleotide salvage system, the reason that phosphoketolase is

unable to bypass lower glycolysis, and the apparent noncanonical activity of the transhydroge-

nase. Furthermore, the incorporation of essential gene data both improved the model’s accuracy

and highlighted disagreements, which could not be explained by published data for S. elongatus.

Many of these inconsistencies represent new biology for S. elongatus, such as the importance of a

linear, non-cyclic TCA pathway. Finally, as a representation of our current best understanding of

S. elongatus, iJB785 is an ideal surface on which to overlay whole-genome datasets. The future

addition of omic datasets to the model will both greatly improve in silico representation of S.

elongatus metabolism and identify additional biological unknowns.
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Chapter 3

Eukaryotic Photoautotrophy:

Systems Biology-Enabled Pathway

Elucidation

Diatoms are eukaryotic microalgae that contain genes from various sources, including bac-

teria and the secondary endosymbiotic host. Due to this unique combination of genes, diatoms

are taxonomically and functionally distinct from other algae and vascular plants and confer

novel metabolic capabilities. Based on the genome annotation, we performed a genome-scale

metabolic network reconstruction for the marine diatom Phaeodactylum tricornutum. Due to

their endosymbiotic origin, diatoms possess a complex chloroplast structure which complicates

the prediction of subcellular protein localization. Based on previous work we implemented a

pipeline that exploits a series of bioinformatics tools to predict protein localization. The manu-

ally curated reconstructed metabolic network iLB1027 lipid accounts for 1,027 genes associated

56



with 4,456 reactions and 2,172 metabolites distributed across six compartments. To constrain

the genome-scale model, we determined the organism specific biomass composition in terms of

lipids, carbohydrates, and proteins using Fourier transform infrared spectrometry. Our simu-

lations indicate the presence of a yet unknown glutamine-ornithine shunt that could be used

to transfer reducing equivalents generated by photosynthesis to the mitochondria. The model

reflects the known biochemical composition of P. tricornutum in defined culture conditions and

enables metabolic engineering strategies to improve the use of P. tricornutum for biotechnological

applications.

3.1 Genome-scale model reveals metabolic basis of biomass par-

titioning in a model diatom

Diatoms are unicellular photosynthetic eukaryotes ubiquitous in marine and freshwater

habitats and are responsible for about 20% of the photosynthetic carbon fixation on Earth [134].

Diatoms are evolutionary evolved from secondary endosymbiosis and harbor many genes of bac-

terial origin [9] which is predicted to give these microalgae a wide range of metabolic functions

that are distinct from plants, green algae, and red algae [135]. Some of these distinct functions

include the formation of silica nanostructures [136], the incorporation of an assimilatory urea

cycle [137], and the breakdown of fatty acids in mitochondria and peroxisomes [138]. Diatoms

also produce high intracellular concentrations of ω-3 fatty acids and other valuable compounds

of biotechnological interest [139]. The marine diatom Phaeodactylum tricornutum is an emerging

model diatom because of its relatively small genome (27.4 megabases) [9], ease of cultivation,

and amenability to genetic engineering. Indeed, genetic systems in P. tricornutum may be the
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most advanced in microalgae, with the recently developed ability to assemble whole chromo-

somes in yeast [140], knockout genes using TALEN technology [141, 142], and introduce stable

nucleus-localized episomes the size of small chromosomes via conjugation [143]. Previously devel-

oped technologies include transgenic gene overexpression [144] and gene expression knockdown

using RNA interference or antisense transcript interference [145]. The development of these ge-

netic engineering systems means that computationally directed experimental manipulations of

the diatom genome are not only possible, but necessary.

One promising strategy that investigates the yet unexplored metabolic capabilities of dis-

tinct organisms such as P. tricornutum is the metabolic network reconstruction, which enables

computational analysis of systems-level responses. Genome-scale metabolic network reconstruc-

tions are derived from the annotated genome and contain information about all known metabolic

reactions in an organism including the stoichiometry, subcellular localization, and the gene prod-

ucts by which they are catalyzed. The reconstruction process itself is laborious and iterative and

described, for example, in detail in [56]. The reconstructed network can be transformed into a

genome-scale model of metabolism that can be used to predict metabolic phenotypes which are

represented by flux distributions and have proven to be useful tools, for example, in the anal-

ysis of biological network properties, model-driven discovery, metabolic engineering and strain

design [50,51].

Here, we report the reconstruction of a detailed and compartmentalized genome-scale

metabolic model for P. tricornutum which provides a comprehensive insight into yet unexplored

metabolic capabilities. We constrained the model with organism-specific biomass equations gener-

ated by Fourier transform infrared spectroscopy. The model predicts the presence of a surprising

chloroplast glutamine-ornithine shunt that transfers reducing equivalents generated by photo-
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synthesis to the mitochondria. Our findings demonstrate the utility of whole genome metabolic

reconstructions to uncover unexpected biochemistries and to provide an important in silico tem-

plate for directing future metabolic engineering efforts.

3.1.1 Results and Discussion

Metabolic network reconstruction

Genome-scale network reconstructions are biochemically, genetically and genomically

structured knowledge-bases which provide a framework to analyze and predict genotype-

phenotype relationships. The reconstruction process is divided into four main steps [56] and

summarized in Fig 3.1.

First, we generated a draft reconstruction based on the P. tricornutum genome annotation

and protein homology to template organisms having reconstructions [35, 86, 98]. Diatoms are

taxonomically and functionally distinct from other algae and vascular plants; in fact, many

nuclear genomic contents are more closely related to metazoans, demonstrating the diversity of

diatom metabolism [9]. Although the diversity complicated the generation of a homology-based

draft reconstruction, it also makes diatoms, such as the model organism P. tricornutum, attractive

candidates for the analysis of cellular processes at a systems level, as they add to the biochemical

diversity of microbes in a biotechnology setting, thereby increasing available production systems.

Second, the draft reconstruction was manually curated and refined using additional resources such

as the genome annotation, subcellular localization predictions and external databases. Once the

manual curation was completed, the reconstruction was converted into a mathematical model in

the third step. We added the biomass objective function and defined system boundaries (i.e.,

carbon and nitrogen uptake) according to experimental results. Qualitative tests were performed
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Figure 3.1: Metabolic network reconstruction workflow. In step one we obtained a draft recon-
struction based on P. tricornutum’s genome annotation and reference reconstructions. This draft
reconstruction was manually curated using several resources such as an improved genome anno-
tation, subcellular localization predictions and external databases. All reactions were elementally
and charge balanced, QC/QA was performed and a biomass objective function was defined before
transforming the reconstruction into a computational model. In an iterative process, the in silico
predictions are compared with experimental observations to validate and improve the metabolic
model.

during the manual curation and the final step of model refinement and analysis. We verified that

all biomass components and vitamins for which P. tricornutum is autotrophic could be produced

under realistic growth conditions. Blocked pathways could be resolved with the addition of one

or two reactions; in most cases transport reactions between intracellular compartments were

missing. Furthermore, we ensured that ATP could not be produced without inputs. We also

performed several in silico tests to assess the consistency of our model and verify that known

physiological behaviors can be computationally reproduced. Diatoms are able to utilize a variety

of nitrogen sources, both inorganic (such as nitrate and ammonium [146]) and organic (e.g.

amino acids or urea [147]). Therefore, we examined the ability of the model to simulate biomass
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production on different nitrogen sources. Biomass was not produced in the presence of histidine,

tryptophan, cysteine, or methionine as sole nitrogen sources in our initial in silico model, which

contradicted literature results [147]. Histidine catabolism is not well understood in diatoms or

plants and was not incorporated in the model at first. Since we could not identify genes that

are involved in histidine catabolism in P. tricornutum, we added histidine catabolism as one

lumped, low confidence reaction degrading histidine and water into ammonium, formamide and

glutamate. Formamide is split into formate and ammonium with formate accumulating during

histidine catabolism in silico; a demand reaction was added to allow the accumulated formate

to leave the system. Biomass production for growth on methionine or cysteine as sole nitrogen

sources was achieved by adding a demand reaction for dimethylsulphoniopropionate (DMSP).

DMSP levels are known to increase with light intensity or nitrogen starvation but its metabolism

is not well understood in diatoms and while the biosynthetic pathway is currently unknown [148],

a sensible starting point would be an amino acid with an already reduced sulfur atom. Indole

accumulation prohibited growth on tryptophan as nitrogen source. To account for the unknown

indole degradation, a demand reaction was added. With these changes, the model could simulate

biomass production using the different nitrogen sources tested.

Leveraging a genome-scale model in the exploration and contextualization of lipid

metabolism requires an accurate representation of the metabolic pathways and intermediate

metabolites. To this end, a lipid module was developed (iLB1027 lipid, bigg.ucsd.edu) that

encompasses the full range of lipid metabolites and metabolic reactions. This module allows

incorporation of experimental fatty acid and lipid class characterization to be reflected in the

biomass composition. Incorporation of experimental FAME data was possible via a linear opti-

mization based data fitting algorithm. After fitting the model to the data, the deviation from
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the experimental values to the model was 350 times lower in the lipid module compared to the

core model. This result demonstrates the utility of the lipid module when investigating fatty

acid and lipid metabolism in P. tricornutum.

The curated genome-scale metabolic network for P. tricornutum including the lipid mod-

ule, iLB1027 lipid, accounts for 1,027 genes associated with 4,456 reactions and 2,172 metabo-

lites distributed across six compartments. Compared to the draft reconstruction, the number

of genes (446 genes) was more than doubled during the manual curation phase. All reactions

are associated with at least one of 90 subsystems which can be categorized into ten groups, e.g.,

carbon or lipid metabolism (Fig 3.2). Additionally, a core model with substantially reduced lipid

metabolism (iLB1025) was constructed. The reduced lipid metabolism subsystem accounts for

1,029 reactions compared to 3,325 reactions involved in lipid metabolism in iLB1027 lipid. The

core model yields comparable flux distributions and is suitable, for example, if detailed data on

the lipid composition under the simulated condition are missing.

Prediction of enzyme subcellular localization

One challenging aspect of eukaryotic reconstructions is the subcellular localization pre-

diction of proteins. Due to their endosymbiotic origin, photosynthetic heterokonts including

diatoms possess chloroplasts that are surrounded by four membranes. This complex structure

concur with distinct plastid targeting signals in diatoms that restrict the use of available subcel-

lular prediction tools for other eukaryotes. We enhanced a previously developed pipeline which

combined different bioinformatics programs to predict the subcellular localization of proteins in

diatoms [149] (Fig 3.3).

To evaluate the accuracy of the improved pipeline, we compared our predictions to Sunaga
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Figure 3.2: Reconstruction characteristics iLB1027 lipid. (A) Reactions per subsystem. Most
reactions are involved in lipid metabolism. Our FTIR measurements underline the fact that the
lipids make up the highest fraction of biomass. Due to the presence of multiple compartments and
the fact that many pathways are split among compartments, many reactions are attributed to
intracellular transport. The modeling subsystem contains ATP maintenance, biomass, demand,
sink, and exchange reactions. (B) Percent reactions and metabolites per compartment. Most
reactions and metabolites are present in the cytosol, followed by chloroplast and mitochondria
in the case of reactions and mitochondria and chloroplast for metabolites. Peroxisome, extracel-
lular space, and thylakoid contain less than 5% and 8% of all reactions and metabolites in the
reconstruction, respectively.

et al.’s results and experimentally validated subcellular protein localizations taken from [137,144,

150–156]. By using the refined pipeline, 15 out of 19 subcellular localization predictions coincided

with experimental data as summarized in Table 3.4.
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Figure 3.3: Subcellular localization prediction pipeline. Schematic representation of the imple-
mented subcellular localization prediction pipeline for Phaeodactylum tricornutum adapted from
previous work [149] . Subcellular compartments are given in ellipses and bioinformatics programs
are displayed in rectangles. Our added steps are highlighted in gray. The ER retention signal
is (K/D)-(D/E)-E-L in the protein C-terminal region. A protein is categorized as peroxisomal if
the signal (S/A/C)-(K/R/H)-(L/M) or S-S-L is found in the C-terminal region.

The table compares predictions of protein localizations to experimental data. For all

considered proteins, Phatr2 and Phatr3 IDs and the status of the gene model in Phatr3 are

given. If the gene models were modified, the pipeline predictions for both gene models are given.

We distinguish between two versions of the in silico pipeline; original refers to the version as

published by Sunaga et al. [149] and the improved version is the one presented in this study.

Entries for which the improved pipeline or usage of Phatr3 gene models improved the prediction

are formatted italic. Discrepancies between prediction and experimental localization are shown

in bold. ER: Endoplasmic reticulum.
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Protein ID Status 
Phatr3

Experimental
localiza�on Reference Predic�on original pipeline Predic�on improved 

pipeline TargetP MitoProt Note
Phatr2 Phatr3 Pt2 Pt3 Pt2 Pt3

Fructose-
bisphosphate 
aldolase

Phatr_825_bd 304098 kept Chloroplast Gruber et al., 
2007 Chloroplast Chloroplast Endoplasmic 

re�culum 0.2507

Glyceraldehyde-3-
phosphate 
dehydrogenase

Phatr_25308 301292 kept Mitochondrion Liaud et al., 
2000 Mitochondrion Mitochondrion Mitochondrion 0.9647

Glyceraldehyde-3-
phosphate 
dehydrogenase

Phatr_22122 308678 kept Chloroplast Liaud et al., 
2000 Chloroplast Chloroplast Chloroplast 0.946

Transaldolase Phatr_20779 304241 kept Chloroplast Gruber et al., 
2007 Chloroplast Chloroplast Mitochondrion 0.9717

Glutamine 
synthetase Phatr_22357 310769 kept Mitochondrion Siaut et al., 

2007 Mitochondrion Mitochondrion Mitochondrion 0.9972

Glutamine 
synthetase Phatr_51092 306624 kept Chloroplast Siaut et al., 

2007 Chloroplast Chloroplast Endoplasmic 
re�culum 0.4399

Carbamoyl 
phosphate synthase Phatr_24195 309585 modified Mitochondrion Allen et al., 

2011 Cytoplasm Mitochondrion Cytoplasm Mitochondrion Mitochondrion 0.9588

As men�oned by Sunaga et al., 
the Phatr2 gene model is 
incomplete. Usage of Phatr3 gene 
model yields correct predic�on.

Fructose-1,6-
bisphosphatase Phatr_54279 311663 kept Chloroplast Gruber et al., 

2007 Chloroplast Chloroplast Endoplasmic 
re�culum 0.1645 Phatr2 ID 2793 shorter version of 

54279

Δ12 desaturase Phatr_48423 300552 kept Chloroplast Domergue et 
al., 2003

Endoplasmic 
re�culum

Endoplasmic 
re�culum Chloroplast Chloroplast Chloroplast 0.813

Usage of improved pipeline yields 
correct predic�on. Note that we 
could not reproduce Sunaga et 
al.'s result using the original 
pipeline.

ATPase δ subunit Phatr_20657 301964 modified Chloroplast Apt et al., 
2002 Chloroplast Chloroplast Chloroplast Chloroplast Chloroplast

No 
localiza�on 
predicted

PtCA1 Phatr_51305 306874 kept Chloroplast Tanaka et al., 
2005 Chloroplast Chloroplast Endoplasmic 

re�culum 0.5189

Triosephosphate 
translocator Phatr_24610 308968 kept Chloroplast Kilian et al., 

2004 Chloroplast Chloroplast Endoplasmic 
re�culum 0.6211

CA-I Phatr_35370 303871 kept Chloroplast Tachibana et 
al., 2011 Endoplasmic re�culum Chloroplast Mitochondrion 0.4648 Usage of improved pipeline yields 

correct predic�on.

CA-II Phatr_44526 311660 modified Chloroplast Tachibana et 
al., 2011

Endoplasmic 
re�culum

Endoplasmic 
re�culum

Endoplasmic 
re�culum

Endoplasmic 
re�culum

Endoplasmic 
re�culum

No 
localiza�on 
predicted

Wrong predic�on.

CA-III Phatr_55029 300968 modified Chloroplast Tachibana et 
al., 2011

Endoplasmic 
re�culum no predic�on Endoplasmic 

re�culum no predic�on _
No 

localiza�on 
predicted

For Phatr_55029, the pipeline 
predicts endoplasmic re�culum 
instead of chloroplast. The 
improved gene model 300968 
was extended at the N-terminus 
and does not start with 
methionine anymore. Mitoprot 
does not predict localiza�on if 
the protein does not start with 
methionine and, therefore, the 
pipeline does not predict a 
localiza�on for the Phatr3 gene 
model. 

PtCA2 Phatr_45443 311919 kept Chloroplast Tanaka et al., 
2005 Chloroplast Chloroplast Endoplasmic 

re�culum 0.4762

CA-VI Phatr_54251 303635 kept Chloroplast Tachibana et 
al., 2011 Endoplasmic re�culum Endoplasmic re�culum Endoplasmic 

re�culum 0.3987
Both pipeline versions predict 
endoplasmic re�culum instead of 
chloroplast.

CA-VII Phatr_42574 304857 modified Chloroplast Tachibana et 
al., 2011

Endoplasmic 
re�culum

Endoplasmic 
re�culum

Endoplasmic 
re�culum

Endoplasmic 
re�culum

Endoplasmic 
re�culum

No 
localiza�on 
predicted

Both pipeline versions predict 
endoplasmic re�culum instead of 
chloroplast. 

CA-VIII Phatr_20030 311877 kept Mitochondrion Tachibana et 
al., 2011 Mitochondrion Mitochondrion Mitochondrion 0.932 Phatr2 ID 35304 shorter version 

of 20030.

Figure 3.4: Validation of the in silico subcellular localization prediction pipeline.

Determination and modeling of biomass composition

In order to mathematically solve the genome-scale model using FBA, the observed cellular

phenotype is manifested as a biological objective function [30]. This objective function is a

metabolic reaction in the model that is maximized or minimized in order to achieve a desired

phenotypic state. In order to simulate cellular growth, the macromolecular constituents of the

cell are defined as the objective function.
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This biomass objective function accounts for all known cellular components and their

fractional contributions to the overall cellular biomass, defines the anabolic requirements for cell

division, and provides mass balance. The biomass composition used in heterotrophic genome-

scale models is typically fixed based on experimentally derived values at a given culture condition

[77]. However, phototrophic organisms have a dynamic biomass composition that changes not

only across the diel cycle, but also along the duration of the culture. In P. tricornutum, biomass

changes in the light period is dominated by the generation of carbon storage compounds, while the

dark period is dominated by the anabolic processes necessary for cell division [157]. There is also

dramatic remodeling of the cellular biomass composition that accompanies nutrient limitation

in diatoms [158]. High confidence intracellular flux predictions are dependent on the biomass

composition being accurately reflected during the simulation. To this end, we determined P.

tricornutum’s biomass composition over a growth curve that resulted in nitrogen deprivation

after the high accumulation of biomass (Fig 3.5).

Additionally, FAME data at each sample point was incorporated into the biomass compo-

sition via a linear optimization based fitting algorithm to ensure changes in fatty acid biosynthesis

were taken into consideration during simulations. Interestingly, diatoms store large amounts of

nitrogen in the cell in the form of inorganic compounds [159], probably in the vacuole [160].

A demand reaction for NO3 was added to account for cellular nitrate that has not yet been

assimilated into other biomass components such as proteins but is included in the dry weight

measurements. By defining the cellular composition at each sampling point, differences in the

metabolic network usage could be analyzed along the duration of the culture.

Commonly, maximizing the biomass equation is selected as an appropriate objective func-

tion for the growth phenotype. Since cell division in P. tricornutum is relegated to the dark
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Figure 3.5: FTIR spectrum and culture data. A typical FTIR spectrum for Phaeodactylum
tricornutum is shown in (A). Peaks corresponding to lipids, proteins and carbohydrates are
highlighted. Panel (B) shows the growth curve and photosynthetic efficiency of the culture used
for model calibrations and the biomass objective function. The decline in Fv/Fm indicates the
onset of nitrogen starvation (n = 1). Percent dry weight of the cells in terms of carbohydrates,
lipids, and proteins according to FTIR spectra and the calibrated linear model (n = 5, error bars
represent five independent FTIR scans) is displayed in (C).

period when cells are grown in a light-dark regimen, the common biological objective function of

maximizing growth is not applicable to simulations during the light period. Thus, maximizing
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carbon uptake was selected as the biological objective function that best represents the cellular

phenotype during the light period. Mass balance was achieved by allowing fixed carbon to accu-

mulate as either carbohydrates or neutral lipids in accordance with previous observations of P.

tricornutum [157].

Comparison to other models

Several metabolic models for P. tricornutum have been constructed to date (Table 3.1).

Kroth and coworkers investigated the localization of enzymes and pathways involved in carbo-

hydrate metabolism [161]. This model served as foundation for the first genome-scale model

for P. tricornutum which was presented in form of a detailed pathway/genome database named

DiatomCyc [162]. DiatomCyc comprises a high number of pathways and offers different software

tools, e.g. for network analysis, but it lacks subcellular compartments which are important to

account for distinct environments required for different metabolic processes. A smaller and com-

partmentalized version of the DiatomCyc metabolic network was used to compute elementary

flux modes and investigate light-dependent changes in P. tricornutum’s metabolism [163, 164].

Here, little information about the reconstruction process is given and reactions and metabolites

are poorly annotated. Kim et al. developed the most recent genome-scale metabolic network for

P. tricornutum and explored flux distributions for autotrophic, mixotrophic and heterotrophic

growth conditions [165]. For all three modes, the same biomass objective function was exploited.

The prediction of protein localization was based on MitoProt [166] and TargetP [167]. Reactions

are annotated using EC numbers which might be ambiguous and hamper clear identification of

reaction mechanism or model comparison based on reaction content. Gene reaction associations

are not formulated as Boolean rules making it impossible to distinguish between isozymes, en-
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zyme complexes, or subunits. No information about the performance of quality control or mass

and charge balancing is given.

Table 3.1: Characteristics of available models for Phaeodactylum tricornutum. Metabolic model
characteristics are compared between four available models for P. tricornutum and the one pre-
sented in this study.

Property (Kroth et al., 2008) DiatomCyc (Hunt et al., 2014) (Kim et al., 2015) iLB1032

(Fabris et al., 2012) (this study)
Reactions 88 1719 metabolic reactions 318 849 (not including biomass equation) 2157

67 transport reactions (iLB1032 lipids: 4453)
Metabolites Not available 1173 335 587 2171

(iLB1032 lipids: 1705)
Genes 151 1613 680 607 1032
Compartments Cytoplasm Cytoplasm Cytoplasm Cytoplasm Cytoplasm

Mitochondria Mitochondria Mitochondria Mitochondria
Chloroplast Chloroplast Chloroplast (stroma and lumen) Chloroplast (stroma and thylakoid)
Endoplasmic reticulum Peroxisome Peroxisome Peroxisome
Peroxisome

Reconstruction software Not available Pathway Tools CellNetAnalyzer MOST COBRA Toolbox
Availability No mathematical model available Online access SBML SBML SBML, MAT
Notes Carbohydrate metabolism Genome-wide model Simplified and compartmentalized version of DiatomCyc Genome-wide model, detailed lipid metabolism

See (Singh et al., 2015) for simulations

Here, we based our reconstruction effort on the updated and improved genome annota-

tion which yields more precise localization predictions due to refined gene models. Compared to

predictions of each bioinformatics tool, the sophisticated protein localization pipeline more often

coincides with experimental findings (Table 3.4). Since diatom metabolism and consequently

biomass components strongly vary with growth conditions (Fig 3.5), we determined P. tricornu-

tum’s biomass composition over a growth curve that resulted in nitrogen deprivation after the

high accumulation of biomass.

In order to assess iLB1027 lipid’s overall model coverage, we compared the ratio of genes

accounted for in the reconstruction to genes predicted in the genome against the genome size for

different eukaryotic organisms, namely Arabidopsis thaliana, Brassica napus, Chlamydomonas

reinhardtii, Zea mays, Saccharomyces cerevisiae, Homo sapiens and Mus musculus (Fig 3.6).

The considered reconstructions span a large range in genome size. The iLB1027 lipid model

includes a higher ratio of genes in reconstruction per genes in genome (10%) than the median

of all models (6%). B. napus (bna572+) has a comparable ratio of genes in the reconstruction

(996) to predicted genes in the genome (9873) but contains far fewer reactions (671). The only

model with a higher ratio belongs to the well-studied model organism S. cerevisiae, though this
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model iTO977 also contains fewer total reactions.

Figure 3.6: Genes in reconstruction over predicted genes in genome against genome size for
selected eukaryotic metabolic reconstructions. The three reconstructions with the highest ratio
of genes in reconstruction per genes in genome are highlighted. bna572+ has a comparable ratio
as iLB1025 and iLB1027 lipid, iTO977 has a higher ratio. Compared to iTO977 and bna572+,
iLB1025 and iLB1027 lipid contain more reactions. The number of reactions in the respective
reconstructions is used to scale the circle diameters. Note the discontinuous x-axis. Abbrevia-
tions: AraGEM: Arabidopsis thaliana [168]; bna572+: Brassica napus [169]; AlgaGEM: Chlamy-
domonas reinhardtii [170]; iRC1080: Chlamydomonas reinhardtii [35]; iRS1563: Zea mays [171];
iLB1025 and iLB1027 lipid: Phaeodactylum tricornutum, this study; iTO977: Saccharomyces
cerevisiae Sc288 [172]; Recon2: Homo sapiens [173]; iMM1415: Mus musculus [174].

Carbon partitioning

Recently, there has been a focus on using diatoms for biotechnological applications such

as biofuel production, because of their high rate of neutral lipid accumulation [175, 176]. Maxi-

mization of lipid biomass is a prerequisite for optimizing biofuel production in diatoms. Typical

strategies for neutral lipid accumulation in P. tricornutum involve environmental stress, such as

nitrogen or phosphorous limitation [177]. However, nutrient stress induced TAG accumulation

also initiates growth arrest. TAGs store not only fixed carbon but also photosynthetically derived

reducing equivalents. Storage of photosynthetically derived electrons into biomass also serves as

photoprotection in diatoms [178].

Using the genome-scale model, we investigated the light-dependent partitioning of fixed

carbon between storage carbohydrates and storage lipids, as shown in Fig 3.7A. Carbon fixation
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increased linearly with photon flux until saturation at the upper bound of CO2 uptake (ex-

perimentally determined). Demand reactions added to the model allowed dynamic allocation of

carbon and redox power into storage compounds and ensured mass balance with nutrient uptake.

Resources could be fixed into biomass via nitrate reduction into ammonia, sulfate reduction into

DMSP, carbohydrates or a representative TAG. Prior to saturation at a photon uptake of 16

mM, all of the fixed carbon was stored as carbohydrates (see Fig 3.7A). Upon saturation, excess

redox potential was stored as lipid and then as ammonia when all fixed carbon has been stored

as TAG. No accumulation of DMSP was predicted.

Figure 3.7: Light-dependent carbon partitioning. (A) Simulations indicated as photon uptake
exceeds carbon uptake, excess redox potential is stored in triacylglycerol. The saturation of
carbon uptake is shown in black. (B) Percent of carbon fixed in TAG against percent of metabolite
flow through NADHOR (νNADHOR; EC 1.6.5.3, 1.6.99.3) over metabolite flow through PSI (νPSI;
EC 1.97.1.2) at a super-saturating photon uptake of 22 mM. According to our simulations TAG
accumulation is inversely proportional to energetic coupling. TAG accumulation is prohibited
when at least 35% of photosynthetically fixed electrons are redirected to the mitochondria.

Energetic coupling between mitochondria and plastid

A recent, in depth characterization of photosynthetic electron flux in P. tricornutum

enabled high quality constraints to be applied to the photosystem (Table 3.2). Results in Bailleul
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et al. indicated cyclic electron flow (CEF h) accounted for approximately 30% of total electron

flow at low irradiances and as low as 5% at high irradiances [179]. Fixing the CEF reaction

boundaries to 0.3 mM approximated these ratios. Water-water reactions (plastid terminal oxidase

(PTOX, EC 1.10.3.11), and Mehler reaction) constituted approximately 10% of the total electron

flow. To allow the electron flow into these reactions to scale with photon uptake in silico, 5%

of electron flow through the cytochrome b6f complex (CBFC u) was routed to elemental oxygen

mimicking the electron drain to PTOX while 5% of the electron flow through photosystem I

(PSI u) was committed to a Mehler-like reaction. Combined, these accounted for the 10% of

electron flow to water-water reactions. Independent PTOX and Mehler reactions in the model

are blocked by default but the boundaries can be adjusted to fit experimental results that deviate

from the 10% value. In accordance with Bailleul et al.’s findings, the model predicts the use of

mitochondrial oxidative phosphorylation to balance ATP and NADPH ratios.

Table 3.2: Photosynthetic electron flow constraints. The model abbreviations refer to in silico
reaction or metabolite identifiers. Abbreviations: LB, lower bound of reaction flux; UB, upper
bound of reaction flux; νNADHOR, metabolite flow through the mitochondrial NADH:ubiquinone
oxidoreductase; νPSI, metabolite flow through photosystem I, a proxy for total electron flow;
C, a scalar value representing the percent of photosynthetically derived electrons coupled to
mitochondrial respiration.

Abbreviation Description Constraint

CEF h Cyclic electron flow around PSI LB=UB=0.3 mM
FNOR h Ferredoxin:NADP+ Oxidoreductase 5% electron flow to Mehler reaction
CBFC u Cytrochrome b6f complex 5% of electron flow to PTOX
PTOX h Plastid terminal oxidase Default bounds set to 0 flux
MEHLER h Mehler reaction Default bounds set to 0 flux
Constraint e-flow Energetic coupling of mitochondria and plastid νNADHOR - C · νPSI ≥ 0

The model did not initially predict the use of the alternative oxidase (AOX, EC 1.10.3.11)

to vent excess reducing equivalents. Our results predicted that flow of reductant from the plastid

to the mitochondria was dependent on the ATP needs of the cell; however the results of Bailleul

et al. suggest that this ratio is fixed over a range of low to moderate light intensities. To simulate
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the observed energetic coupling between the mitochondria and plastid, an inequality constraint

was added to the model. This constraint forced a minimum amount of the photosystem flux

to be routed to the mitochondrial electron transport chain. Upon adding energetic coupling,

the model predicted AOX was a primary electron sink at high irradiances. Additionally, the

energetic coupling affected accumulation of neutral lipid biomass. Storage of lipid biomass was

inversely proportional to energetic coupling with TAG accumulation being abolished when at least

35% of photosynthetically fixed electrons were redirected to the mitochondria at supersaturating

photon uptake (Fig 3.7B). Since lipid biosynthesis is dependent on plastid localized reducing

power, it is possible that energetic coupling of the mitochondria and plastid is an inherent

limit on the accumulation of neutral lipids, as predicted by the model. These results indicate

that disrupting the energetic coupling of the plastid to the mitochondria while upregulating

plastid lipid biogenesis and taking advantage of increased NADPH pools in AOX knockdown

lines may result in increased TAG accumulation during exponential phase while alleviating the

observed growth defect [179]. This would allow for the decoupling of growth process (e.g. nutrient

limitation) from TAG production and increase overall yields of biofuel precursors.

The mechanism by which reducing equivalents are shuttled to the mitochondria during

energetic coupling is still unknown. In addition to the malate shuttle as proposed by Bailleul et

al., our reconstruction uncovered a previously undescribed plastid ornithine biosynthetic pathway

(Fig 3.8) that may represent an important metabolic connection between plastid and mitochon-

dria. The compartmentalization pipeline indicated plastid targeting of acetylglutamate kinase

(AGK h, EC 2.7.2.8), N-acetyl-γ-glutamyl-phosphate reductase (AGPR h, EC 1.2.1.38), acety-

lornithine transaminase (ACOAT h, EC 2.6.1.11), and ornithine acetyltransferase (GACT h, EC

2.3.1.35). Biomass yield simulations suggested that in silico the ornithine-glutamine shuttle is
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used to transfer reducing equivalents generated by photosynthesis to the mitochondria. Four

photosynthetically derived electrons are used; two by the oxidation of ferredoxin molecules by

plastid glutamate synthase (GLTS h, EC 1.4.7.1) and two via oxidation of NADPH by AGPR h.

Ornithine is then proposed to be shuttled from the plastid to the mitochondria. The activity of

1-pyrroline-5-carboxylate dehydrogenase (P5CDH m, EC 1.2.1.88) and glutamine dehydrogenase

(GLUDH2 m, EC 1.4.1.2) produce NADH further suggesting that this novel ornithine-glutamate

pathway coupling these two organelles is possible.

Storage of metabolites such as glutamine and ornithine could serve a photoprotective role

by sequestering reducing equivalents as well as assimilated nitrogen. Indeed when intermediates

of this ornithine shuttle were allowed to accumulate during simulations, the model predicted

they were preferred over TAG biosynthesis. Ornithine concentrations were previously investi-

gated in the context of the diatom ornithine-urea cycle (OUC) [137]. Although one of the most

abundant metabolites in the cell, ornithine levels were not correlated with OUC intermediates,

which indicated a possible alternative function [137]. We hypothesize storage of reducing power

and electron transport into the mitochondria, potentially coupled to OUC consumption, is this

alternative function.

3.1.2 Materials and Methods

Functional genome annotation

The genome annotation of Phaeodactylum tricornutum was obtained from JGI

(http://genome.jgi-psf.org/Phatr2/Phatr2.home.html). We used the “finished chromosomes”

(Phatr2) and “unmapped sequence” (Phatr2 bd) protein sequences to generate the draft re-

construction. While working on the reconstruction, an updated genome annotation, Phatr3,
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Figure 3.8: Chloroplastic ornithine cycle as revealed by the model. Metabolic network us-
age of a chloroplastic ornithine cycle is shown under a saturating photon constraint of 16 mM
allowing maximum carbon uptake. Minor reactants and products are omitted for visual clar-
ity (i.e., water, protons and phosphate). Metabolite and reaction abbreviation suffixes indicate
cellular compartment; c, cytosol; h, chloroplast; m, mitochondria. Reversible reactions are in-
dicated by arrowheads at both ends. The filled arrowhead indicates the direction in which the
reaction is running, i.e. from substrate (open arrowhead) to product (filled arrowhead). Ab-
breviations used: ACOAT, acetylornithine transaminase; AGK, acetylglutamate kinase; AGPR,
N-acetyl-γ-glutamyl-phosphate reductase; GACT, glutamate N-acetyltransferase; GLNA, glu-
tamine synthase; GLTS, glutamate synthase (ferredoxin dependent); GLUDH2, glutamine de-
hydrogenase (NAD dependent); GLUSA, glutamate semialdehyde degradation (spontaneous);
OAT, ornithine aminotransferase; P5CDH, 1-pyrroline-5-carboxylate dehydrogenase; acorn, N-
acetylornithine; acglu, N-acetyl-L-glutamate; acg5p, N-acetyl-L- glutamate 5-phosphate; acg5sa,
N-Acetyl-L-glutamate 5-semialdehyde; adp, ADP; akg, α-ketoglutarate; atp, ATP; fdxox, ferre-
doxin (oxidized); fdxrd, ferredoxin (reduced); gln L, L-glutamine; glu L, L-glutamate; glu5sa,
L-glutamate 5- semialdehyde; nad, NAD+; nadh, NADH; nadp, NADP+; nadph, NADPH; nh4,
ammonium ion; orn, ornithine; 1pyr5c, (S)-1-Pyrroline-5-carboxylate.

with refined gene models and improved functional annotation became available and exploited as

well. Using a Phatr2 to Phatr3 gene ID mapping table provided by the JCVI, the Phatr2 gene
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IDs in the reconstruction were replaced by their corresponding Phatr3 IDs. Phatr3 is available

at Ensembl Protist (http://protists.ensembl.org/Phaeodactylum tricornutum/Info/Index).

The P. tricornutum genome annotation contains many putative enzymes with unknown

function. To facilitate the manual curation of our draft reconstruction we used protein BLAST

(with default settings) to reannotate the predicted proteins. Using the BLAST command line

tool we created a local BLAST database containing all reviewed UniProtKB/SwissProt sequences

having protein evidence at the protein or transcript level [122]. Using an in-house IPython Note-

book script we performed a bidirectional best hits analysis between the predicted P. tricornutum

proteins and the created UniProt BLAST database.

Subcellular localization prediction pipeline

To predict a subcellular localization for each protein we used a refined version of a previ-

ously developed pipeline. We used the updated Phatr3 protein sequences as input for TMHMM

2.0 [180], Mitoprot II 1.101 [166], SignalP 3.0 [181], SignalP 4.0 [182], TargetP 1.1 [183] and

HECTAR [167]. All programs were run using default settings. The resulting files were parsed

using in-house bash scripts and integrated into a single pipeline which was implemented using

IPython Notebook and Pandas.

We extended the pipeline by i) removing nuclear targeted proteins using predictNLS

[184], ii) screening for chloroplast periplasm targeting prior to evaluating for the occurrence of

an endoplasmic reticulum (ER) retention signal, iii) searching for the peroxisome signal in the

very last three C-terminal amino acids, and iv) allowing concomitant localization of proteins to

mitochondria and peroxisome.
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Organism-specific biomass composition

The biomass objective function accounts for all known biomass components and their

fractional contributions to the overall cellular biomass. To assemble this reaction, the cellular

content of each component (DNA, RNA, protein, pigments, carbohydrates, membrane lipids and

TAGs) in % (wt/wt) and the fractional contributions in mmol gDW-1 is needed. Each biomass

metabolite is normalized to 1 gDW using correction factors specified below.

DNA.

The nucleotide sequence for the nuclear, mitochondrial and plastid genomes were analyzed

for their A, T, G and C content. The genome was doubled to account for both strands and the

nuclear genome was doubled again to account for the diploid nature of the organism. Unidentified

nucleotides in the nuclear genome (indicated by N) were distributed across all dNTPs in their

respective ratios. The total value given is after accounting for strandedness and diploidy (see

Table 3.3).

The total number of each nucleotide was converted into g per unit cell using the molecular

weight of the respective deoxynucleotide monophosphate (these are the incorporated form) and

Avogadro’s constant (NA = 6.022x1023 mol-1) (see Table 3.4). The relative abundance of each

nucleotide was calculated based on the total nucleotides and reflects the molar ratio used for the

stoichiometry in the biomass DNA c reaction; which was then normalized to 1 gDW DNA using

the molar mass of the corresponding dNTP minus the mass of the pyrophosphate on the product

side (see Table 3.4).
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Table 3.3: Nucleotides per cell based on nuclear, mitochondrial and plastid genomes. The
genome was doubled to account for both strands and the nuclear genome was doubled again to
account for the diploid nature of the organism. Unidentified nucleotides in the nuclear genome
(indicated by N) were distributed across all dNTPs in their respective ratios. The total value
given is after accounting for strandedness and diploidy.

Genome Strands Size (bp) A T G C N

Plastid ss 117369 41056 38098 19376 18839
ds 234738 79154 79154 38215 38215

Mitochondrial ss 77356 24908 25362 15259 11827
ds 154712 50270 50270 27086 27086

Nuclear ss 27451880 6917400 6906301 6595757 6598233 434189
ratios 0.26 0.26 0.24 0.24
including N 27451880 7030290 7019190 6699962 6702438
ds and diploid 109807520 28098960 28098960 26804800 26804800

Total ds and diploid 110196970 28228384 28228384 26870101 26870101

Table 3.4: DNA and RNA cellular content calculation.

Precursor Monomer Nucleotides
(per cell)

Molar
mass

(g/mol)

Nucleotides
(g/cell)

Sum
(g/cell)

Relative
abundance

(% mol)

(d)NTP
molar
mass

(g/mol)

Non-
normalized

biomass
weight
(gDW)

Correction Stoichiometric
coefficients
(mmol/gDW)

DNA dAMP 28228384 329.21 1.54E-14 0.2562 487.15 307.93 0.3079 0.8319
dTMP 28228384 320.19 1.50E-14 0.2562 478.14 0.8319
dGMP 26870101 345.20 1.54E-14 0.2438 503.15 0.7919
dCMP 26870101 305.18 1.36E-14 5.95E-14 0.2438 463.12 0.7919

PPi 1.0 174.95 3.2475

RNA AMP 1.23E-13 0.2562 503.15 320.34 0.3203 0.7997
UMP 1.20E-13 0.2562 480.11 0.7997
GMP 1.23E-13 0.2438 519.15 0.7612
CMP 1.09E-13 4.76E-13 0.2438 479.12 0.7612
PPi 1 174.95 3.1217

RNA.

The relative abundance of each nucleotide was the same as in DNA. The amount of RNA

per cell was calculated using an RNA to DNA ratio of 8:1 based on the previous results [159].

Normalization of the stoichiometry to 1 gDW RNA in the biomass RNA c reaction accounted

for the mass difference between dNMPs and NMPs (see Table 3.4).

Protein.

Values were taken from previous work [185] and reported as weight percent. Hydroxypro-

line, ornithine and GABA were not included in the biomass equation. The values for aspartate

and glutamate were evenly split with asparagine and glutamine respectively due to base cat-
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alyzed deamination. The sum of the compounds weight percent was normalized to 100%. tRNA

metabolites were used from the model in order to account for the energy required for charging

the tRNA with an amino acid. Weight percent was converted to molar ratios by dividing by the

molar mass and the stoichiometry was normalized to generate the biomass pro c metabolite. For

the normalization, one ATP and two GTP (besides all other involved reactants) were added to

account for the polymerase energy requirements (see Table 3.5).

Pigments

Reported values for pigments [186] were averaged for all nitrogen sources during log phase

resulting in 1.4% chlorophyll a gDW-1. Dividing by the molar mass resulted in mol chlorophyll

a gDW-1; this molar value was used for subsequent ratios. Chlorophyll a to chlorophyll c and

chlorophyll c1 to c2 ratios were taken from the thylakoid fraction [187]. Fucoxanthin to chloro-

phyll a, diadinoxanthin to chlorophyll a and β-carotene to chlorophyll a ratios were taken from

literature [188]. The molar percent gDW-1 of pigments was multiplied by the molar mass and

summed up resulting in percent pigments gDW-1 as shown in Table 3.6. The molar ratios were

normalized to generate the stoichiometry for the biomass pigm h reaction. The total pigment

amount was set as the initial value and was adjusted up or down based on the experimental

Fv/Fm values for the culture.

Carbohydrates

Carbohydrate distributions were based on published results [189, 190]. The relative

amount of each extracted fraction was interpolated from the results for late-log phase (days

10-14) [190]. The composition of the fractions was based on the log phase molar ratios of major
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Table 3.5: Protein cellular content calculation.

Metabolite Weight
% as in
Brown
(1991)
(% g)

Normalized
weight %

(% g)

Molar
mass

(mol/g)

Molar
ratio (%

mol)

Non-
normalized
biomass
weight
(gDW)

Correction Stoichiometric
coeffi-
cients

(mmol/gDW)

alatrna c 7.2 0.0742 73.09 0.1016 98.14 0.0981 1.035
argtrna c 6.6 0.0681 159.21 0.0427 0.436
asntrna c 0.0443 116.12 0.0382 0.389
asptrna c 8.6 0.0443 116.10 0.0382 0.389
cystrna c 0.38 0.0039 105.16 0.0037 0.038
glntrna c 0.0577 130.14 0.0444 0.452
glutrna c 11.2 0.0577 130.12 0.0444 0.452
glytrna c 5.8 0.0598 59.07 0.1013 1.032
histrna c 1.6 0.0165 139.15 0.0119 0.121
iletrna c 4.9 0.0505 115.17 0.0439 0.447
leutrna c 7.7 0.0794 115.17 0.0689 0.702
lystrna c 5.6 0.0577 131.20 0.0440 0.448
mettrna c 1.9 0.0196 133.21 0.0147 0.150
phetrna c 6.6 0.0681 149.19 0.0456 0.465
protrna c 6.3 0.0650 99.13 0.0655 0.668
sertrna c 5.9 0.0608 89.09 0.0683 0.696
thrtrna c 5.4 0.0557 103.12 0.0540 0.550
trptrna c 1.6 0.0165 188.23 0.0088 0.089
tyrtrna c 4.1 0.0423 165.19 0.0256 0.261
valtrna c 5.6 0.0577 101.15 0.0571 0.582

Hydroxyproline0.31
Ornithine 1.4

GABA 0.92

Total 99.61 1 0.9227 9.4017

Water 18.02 2.768 28.205
ATP 503.15 0.923 9.4017
GTP 519.15 1.845 18.803

Proton 1.008 3.691 37.607
Phosphate 95.98 2.768 28.205

GDP 440.18 1.845 18.803
ADP 424.18 0.923 9.402

Unloaded
tRNA

1.008 0.9227

sugars [189] normalized to 100%. Ribose was not included in the normalized results since the

intracellular origin was not clear. Glucuronate and sulfate fractions were taken from Abdullahi

et al. [190]. The percent sulfate was removed from the mannose pool to account for the sul-

fated mannose polysaccharide. The biomass equation precursors were the nucleotide diphosphate

(NDP)-sugar moieties and the reaction biomass carb c was generated by modeling polymeriza-
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Table 3.6: Pigment cellular content calculation.

Metabolite Pigment
composi-
tion (%
g/gDW)

Molar
mass

(g/mol)

Pigment
composi-
tion (%

mol/gDW)

Non-
normalized

biomass
weight
(gDW)

Correction Stoichiometric
coeffi-
cients

(mmol/gDW)

Chlorophyll a 1.403 892.48 0.00157 2.5087 0.00251 0.6267
Chlorophyll c2 0.158 609.93 0.00026 0.1033
Chlorophyll c1 0.072 607.92 0.00012 0.0470
Fucoxanthin 0.797 658.9 0.00121 0.4821

Diadinoxanthin 0.017 582.85 0.00003 0.0116
beta-Carotene 0.062 536.87 0.00012 0.0461

Total 2.509

tion to the polysaccharide and release of the NDP. For more details on the carbohydrate fraction

see Table 3.7.

Lipids

The ratios of major lipid classes during nitrogen replete and nitrogen starved growth were

based on previous work [177] (Table 3.8). Lipids and TAGs are the only biomass components

with dynamic stoichiometric coefficients, i.e. the coefficients change with every sample due to the

variation in membrane lipid to TAG ratio. Exemplary, the stoichiometric coefficients for sample

9 are given in Table 3.8.

The stoichiometric coefficients for the metabolites that make up the lipid biomass com-

ponents were determined using a linear programing (LP) strategy that satisfied the molar ratios

of the lipid classes and experimentally derived FAME data. Briefly, a lipid stoichiometry matrix

(A) was generated with all lipid metabolites in the model as the columns and the fatty acid and

lipid head group building blocks as the rows. The equation A·x = b was solved for x, where b

was equal to the molar ratios of the fatty acids in the FAME data and the molar ratios of the

lipid classes from Abida et al. [177]. To account for experimental error, a 10% deviation from the
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Table 3.7: Carbohydrates cellular content calculation.
Fraction Relative

abun-
dance

Glucose Galactose Mannose Xylulose Arabinose Fucose Rhamnose Glucuronic
acid

Mannose-
sulfate

Total

Abdullahi
et al.

(2006)

Willis et
al. (2013)

Willis et
al. (2013)

Willis et
al. (2013)

Willis et
al. (2013)

Willis et
al. (2013)

Willis et
al. (2013)

Willis et
al. (2013)

Abdullahi
et al.
(2006)

Abdullahi
et al.

(2006)

FF Molar fraction
(% mol)

0.281 24 18 23 11 9 0 6 2 0 93.0

Normalized
fraction (%

mol)

25.806 19.355 24.731 11.828 9.677 0 6.452 2.15 0 100.0

Relative
fraction (%

mol)

7.252 5.439 6.949 3.324 2.719 0 1.813 0.604 0

FW Molar fraction
(% mol)

0.16 63 7 6 4 0 3 2 10.4 0 95.4

Normalized
fraction (%

mol)

66.038 7.338 6.289 4.193 0 3.144 2.096 10.901 0 100.0

Relative
fraction (%

mol)

10.566 1.174 1.006 0.6709 0 0.503 0.335 1.744 0

FHB Molar fraction
(% mol)

0.282 17 16 9 6 0 9 12 4.1 0 73.1

Normalized
fraction (%

mol)

23.256 21.888 12.312 8.208 0 12.312 16.415 5.609 0 100.0

Relative
fraction (%

mol)

6.558 6.172 3.472 2.315 0 3.472 4.629 1.582 0

FHA-FCF Molar fraction
(% mol)

0.282 15.333 9.333 45.767 6 2.333 1.333 4 5.9 6.9 96.9

Normalized
fraction (%

mol)

15.824 9.632 47.231 6.192 2.408 1.376 4.128 6.089 7.121 100.0

Relative
fraction (%

mol)

4.462 2.716 13.319 1.746 0.679 0.388 1.164 1.717 2.008

Molar ratio 0.288 0.155 0.247 0.0806 0.034 0.044 0.079 0.0564 0.0201 1.0
Molar mass

(g/mol)
564.29 564.29 603.32 534.26 534.26 587.33 548.29 577.26 682.38

Mass ratio (%
g)

162.73 87.471 149.303 43.036 18.156 25.626 43.543 32.599 13.7025

Non-normalized
biomass weight

(gDW)

159.86

Correction 0.1599
Stoichiometric

coefficients
(mmol/gDW)

1.8039 0.9697 1.5480 0.5039 0.2126 0.2729 0.4968 0.3533 0.1256

Other reactants Molar mass
(g/mol)

Molar
ratio (%

mol)

Mass ratio
(% g)

Stoichiometric
coeffi-
cients

(mmol/gDW)
Proton 1.008 1.005 1.013 6.287
UDP 401.12 0.6938 278.32 4.340
GDP 440.18 0.3112 136.97 1.946

experimental values was allowed. The resulting vector x was equal to the stoichiometric coeffi-

cients for the lipid metabolites that satisfied the experimental data. These metabolites were used

to generate the biomass mem lipids c and biomass TAG c reactions and are given for sample 9

(day 5) in Table 3.8.

TAG

The ratio of TAGs to membrane lipids during nitrogen replete and nitrogen starved

conditions was taken from Abida et al. [177]. The rate of TAG increase was interpolated from
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Nile Red fluorescence curves normalized to the onset of stationary phase [191]. TAGs are 2% of

total lipids during nitrogen repleted conditions and 66% of total lipids under nitrogen limitation.

The metabolites used to construct the biomass TAG c reaction were selected via the LP strategy

outlined above. For our culture at day 5 (sample 9) TAGs were estimated to be 22% of total

lipids.

Table 3.8: Lipid cellular content calculation.
Growth

condition
MGDG DGDG SQDG ASQ PG PC DGTA PE PI DAG

N replete
(sample 2-11)

0.381 0.057 0.195 0.009 0.057 0.167 0.048 0.024 0.029 0.034

N transition
(sample 12)

0.301 0.093 0.2 0.014 0.056 0.185 0.052 0.021 0.033 0.045

N starved
(sample
13-15)

0.222 0.13 0.204 0.019 0.056 0.204 0.056 0.019 0.037 0.056

MILP Input MILP Output
Lipid Class Molar

Ratio
FAME
Data

Molar
Ratio

Model metabolite Molar
ratios

Molar
Mass

(g/mol)

Mass
ratio

(g/gDW)

Non-normalized
biomass weight

(gDW)

Correction Stoichiometric
coefficients

(mmol/gDW)
MGDG 0.298 14:0 0.054 Membrane

lipids
mgdg hde hde h 0.1148 727.0173 0.0834 0.5902 0.5902 0.1945

DGDG 0.045 16:0 0.119 mgdg myrs hdte h 0.1131 696.9485 0.0788 0.1916
SQDG 0.153 16:1 0.446 mgdg epa hdtte h 0.0222 769.0127 0.017 0.0376
ASQ 0.007 16:1t3 0.022 mgdg hdde hdte h 0.048 720.9699 0.0346 0.0813
PG 0.045 16:2 0.031 dgdg hde hde h 0.045 889.1575 0.04 0.0762
PC 0.131 16:3 0.075 sqdg hde hde h 0.1043 790.0732 0.0824 0.1767

DGTA 0.038 16:4 0.024 sqdg palm palm h 0.0199 794.1048 0.0158 0.0337
PE 0.018 18:0 0 sqdg hde ttc c 0.0288 904.301 0.026 0.0487
PI 0.022 18:1 0.014 asq epa palm 2oepa h 0.007 1124.5664 0.0078 0.0118

DAG 0.026 18:2 0.011 pg hde hde3t h 0.014 717.9274 0.01 0.0237
TAG 0.217 18:3 0 pg ole hde3t h 0.031 745.9804 0.0231 0.0525

18:4 0.003 pc hde hde c 0.1243 730.0041 0.0907 0.2105
20:4 0 pc myrs sta c 0.0067 725.9725 0.0048 0.0113
20:5 0.173 dgta epa epa c 0.038 804.1458 0.0305 0.0643
24:0 0.013 pe hde hde c 0.018 687.9246 0.0123 0.0304
22:6 0.014 pail hde palm c 0.022 808.0051 0.0177 0.0372

12dgr hde hdde h 0.0208 562.8613 0.0117 0.0352
12dgr hde hdte h 0.0052 560.8455 0.0029 0.0088

TAGs tag palm palm palm c 0.065 807.3163 0.0525 0.1903 0.1903 0.3414
tag hde hde lna c 0.0244 827.3061 0.0201 0.1281
tag hde hde hde c 0.0038 801.2689 0.003 0.0199
tag epa epa epa c 0.0928 945.3973 0.0877 0.4874
tag hde dha hdtte c 0.031 869.3015 0.0269 0.1628

Biomass component ratios

Percent dry weight values for lipids, proteins and carbohydrates were taken from the

FTIR data. Percent dry weight values for pigments, DNA, and RNA were added to the totals.

Lipids were split into TAGs and membrane lipids based on the interpolated values mentioned

above. The sum of the total biomass was usually less than 100%. The remaining difference was

split evenly between proteins and carbohydrates since FTIR tends to overestimate lipids. An
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example for sample 9 (day 5) harvested towards the end of exponential phase is shown in Tables

3.9 and 3.10; Table 3.11 summarizes the biomass component ratios for all samples.

Table 3.9: Experimental biomass composition. Values are given for a time point in mid-
exponential phase.

Component Value
Lipids (% DW) 43.9
Proteins (% DW) 14.7
Carbohydrates (% DW) 4.30
Total (% DW) 62.9
Fv/Fm initial 0.69
Fv/Fm day 5 0.67
pgDW/cell 11.0

Table 3.10: Biomass component ratios. Values are given for a time point in mid-exponential
phase.

Biomass component Value (% gDW) Normalized value (% gDW)

DNA 5.41x10-13 5.41x10-15

RNA 4.32x10-12 4.32x10-14

Protein 14.7 0.320
Pigments 2.450 0.025
Carbohydrates 4.3 0.216
Membrane lipids 34.24 0.342
TAGs 9.658 0.0966

Total 65.35 1.00

Table 3.11: Biomass composition across the entire growth curve.
Sample Time Day C:N

ratio
Proteins
[mM]

Pigments
[mM]

Membrane
lipids [mM]

TAGs
[mM]

DNA
[mM]

RNA
[mM]

Carbohydrates
[mM]

NO3
uptake
[mM]

CO2
uptake
[mM]

2 6 1.625 2.6 36.6 2.4 34.3 0.8 0.6 4.8 20.5 -0.073 -0.221
3 15 2 1 33.4 2.4 38.8 1.8 0.3 2.2 21.1 -0.487 -0.59
4 6 2.625 1.8 33.6 2.2 36.4 3.4 0.6 4.7 19.2 -0.346 -0.72
5 15 3 3.7 34.6 2.2 32.2 3.9 0.4 3.6 23.2 -0.299 -1.291
6 6 3.625 2.8 34.3 2.3 32.5 5.2 0.5 3.7 21.6 -0.784 -2.598
7 15 4 2.4 35.7 2.3 30.1 5.5 0.6 5.1 20.8 -0.719 -2.003
8 6 4.625 3.9 36.1 2.4 30.4 6.2 0.6 5 19.3 -0.839 -3.791
9 15 5 3.3 29.7 2.4 36.1 7.8 0.5 4.2 19.3 -1.374 -5.36
10 15 6 5 29.7 2.4 33.5 8 0.3 2.4 23.7 -1.202 -7.052
11 7 6.625 5.1 20.6 2.4 36.6 10 0.5 4.1 25.7 -2.125 -12.725
12 6 7.625 7.3 17.2 1.8 32.1 14.3 0.4 2.8 31.5 -2.111 -17.925
13 15 8 5.2 10.8 1.8 30.7 18.4 0.2 2 36.1 -1.39 -8.482
14 6 8.625 9 8.9 1.8 23.4 27.7 0.2 1.7 36.4 -1.622 -16.952
15 15 9 9.4 9.9 1.8 15.2 33 0.4 3.6 36.1 -1.663 -18.3

Network reconstruction and modeling simulations

Since the general reconstruction process has been described in detail elsewhere [56] we only

provide procedural details specific to this work. To build a draft reconstruction, three reference

models from related photosynthetic organisms were exploited; one network for Chlamydomonas
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reinhardtii (iRC1080 [35], and two genome-scale models for Synechocystis sp. PCC6803 (iJN678

[98] and Knoop [86]). Before reconciling the reference networks, we removed the compartmental

pH from iRC1080 and implemented all metabolites at a pH of 7.1. This step facilitated the

metabolite reconciliation of the reference networks based on metabolite formulas. We also made

sure that none of the reference networks contained nested gene reaction associations and expanded

each reaction into several reactions, each under the control of only one enzyme. We reconciled the

reference network’s metabolite and reaction abbreviations using the modelBorgifier Toolbox [192].

We used iRC1080 as the template model and subsequently compared iJN678 and Knoop to the

template model. Starting from the P. tricornutum genome annotation Phatr2 (Phatr3 was not

yet available) and the reconciled reference networks we obtained a draft reconstruction based

on homology using the RAVEN Toolbox [193]. Before proceeding with the manual curation,

we i) checked reactions associated to genes from Chlamydomonas or Synechocystis for which no

homologs in P. tricornutum were found and verified whether these reactions are present in P.

tricornutum or not, ii) merged expanded reactions, iii) removed compartments not relevant for

P. tricornutum, e.g., the eyespot, iv) removed duplicated metabolites and reactions which were

introduced due to incorrectly reconciled information, and v) edited annotations.

We manually curated the draft reconstruction pathway-by-pathway and verified the given

information and added any missing information using the COBRA Toolbox [29]. Besides the

genome annotation, several other resources were exploited, such as primary literature, DiatomCyc

[162], KEGG [194], and UniProt [122]. Information regarding transport proteins was obtained

from TransportDB [195] and TCDB [196].

For each reaction in the P. tricornutum reconstruction, the involved metabolites were

characterized according to their chemical formula and charge determined at a pH of 7.3 using
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MarvinSketch (ChemAxon, http://www.chemaxon.com/products/marvin/marvinsketch). The

pH was presumed to be constant across all compartments due to missing information for P.

tricornutum. All reactions were elementally and charge balanced. Reaction reversibility was

chosen based on published reconstructions such as iRC1080 or according to databases such as

BIGG [197] or SimPhenyTM (Genomatica Inc., San Diego, CA).

Protein subcellular localization was assigned based on the prediction pipeline and indirect

physiological evidence. If available, protein localization data from experiments with transgenic

diatoms expressing protein-fluorescent protein fusions was exploited. Gene-reaction associations

were identified from the literature, genome annotation, or genome sequence using BLAST and

formulated as Boolean logic statements. Based on the biological evidence found we assigned a

confidence score to each reaction reflecting the available information and evidence for its inclusion

[56]. Here, the confidence scores range from 1 to 5, with 1 being low confidence and 5 representing

very high confidence.

Since naming might be ambiguous, different identifiers were used to annotate the reactions

and metabolites. Reactions were annotated with EC numbers and KEGG reaction identifiers,

metabolites were annotated with KEGG compound, ChEBI, and InChI identifiers.

Each reaction was associated with at least one subsystem similar to the subsystem naming

convention used in the KEGG database [194]. Exchange reactions were added to enable uptake

and secretion of extracellular metabolites for the purpose of simulations.

Quality control was performed during the reconstruction process. We ensured that ATP

could not be produced without inputs. This was tested according to established standards [56] by

optimizing the flux through the ATP maintenance reaction while closing CO2 and photon uptake.

To validate that NAD(P) production did not occur without nutrient uptake we introduced an
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artificial reaction NAD(P)H → NAD(P) + H and again closed CO2 and photon uptake. If we

found ATP production in the absence of nutrients, we identified all reactions contributing to the

flux and produced a metabolic map using Escher [198] in order to distinguish between type III

pathways and reactions involved in ATP production. The reactions involved in ATP production

were reviewed manually.

Modeling simulations

Mathematically, the reconstruction is represented by the stoichiometric matrix S (m x

n) where m is the number of metabolites and n is the number of reactions. The entries in the

stoichiometric matrix, sij , represent the stoichiometric coefficients for the participation of the

i -th metabolite in the j -th reaction. A negative value indicates consumption of metabolite i in

reaction j whereas sij ¿ 0 represents production of metabolite i. Flux balance analysis (FBA, [30])

was used to solve the linear programming (LP) problem under steady-state criteria represented

by the equation S·v = 0 where v is a vector of reaction fluxes.

To constrain the space of possible solutions, the biomass objective function accounting for

the ratios of biomass components (e.g., lipids) and biomass precursors (e.g., amino acids) as well

as energetic requirements to produce 1 g of biomass, is optimized for. One challenge of metabolic

models for phototrophic organisms is applying constraints such as nutrient uptake, photon ab-

sorption and product secretion to simulate phenotypic behavior. Phototrophic metabolism was

simulated by constraining the maximal nitrogen and carbon uptake according to our experimen-

tal data. The nitrogen uptake was set based on cellular nitrogen levels determined by elemental

analysis assuming that excreted metabolites were negligible during exponential growth (Table

L in S2 File). Carbon uptake was enforced by setting the lower bound of the CO2 exchange
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reaction to the experimentally determined total organic carbon (Table 3.11).

LP calculations were performed using the Gurobi Optimizer Version 6.0.4 (Gurobi Opti-

mization Inc., Houston, Texas) solver in MATLAB (The MathWorks Inc., Natick, MA) with the

COBRA Toolbox [29].

Carbon partitioning

Dark period culture measurements were taken after the cells completed division; evi-

denced by consistency in the cell counts between dark and light period samples. Therefore, we

hypothesized all biomass increases during the light period resulted from assimilation of extra-

cellular nutrients. Elemental analysis indicated the culture fixed 1.57 mM C and assimilated

0.535 mM N during the light phase on culture day 5 (samples 8 and 9, see Table 3.11). These

values were used as the upper bounds for CO2 and NO3 uptake. The ATP maintenance reactions

were set to a range of 0–1 mM based on experimental results indicating negligible maintenance

requirements [199].

However, unlike the traditional biomass function where the stoichiometry is pre-

determined, dynamic allocation of fixed carbon was possible through the implementation of

demand reactions for a β-1,3-glucose molecule representing the diatom storage glycan, chryso-

laminarin, and TAG(16:1∆9/16:1∆9/16:0), the most abundant storage TAG observed during

nutrient replete growth in P. tricornutum [177]. Additional demand reactions included ammonia

(nh4 h) and DMSP (dmsp c). Photon uptake was varied from 0 to 50 mM photon to determine

the super-saturating photon uptake value of 22 mM at which the simulations were performed.

The objective function was set to maximize CO2 uptake with a secondary objective of minimiz-

ing the Manhattan norm of the flux vector representing the cell’s strategy to minimize the sum
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of flux values [129]. To simulate energetic coupling between the plastid and mitochondria, the

model was constrained with the inequality:

νNADHOR m-C· νPSI u ≥ 0

where νNADHOR m is the flux through the oxidative phosphorylation complex I, νPSI u is

the flux through photosystem I (a proxy for total electron flow), and C > 0 represents the minimal

fraction of total photosynthetically fixed electrons that have to be directed to the mitochondria.

3.2 Conclusions

Our assembled reconstruction represents the current, comprehensive biochemical, ge-

netic, and genomic knowledge about P. tricornutum and contains information such as reaction

stoichiometry and associations between genes and reactions. We especially focused on lipid

metabolism since diatoms are attractive candidates for industrial-scale lipid production [67,84].

The reconstruction is anticipated to facilitate model-driven exploration of the organism’s complex

metabolism and hypothesis generation. Furthermore, the manually curated metabolic network

facilitates visualization and analysis of different data types including metabolomics, fluxomics

or common genomic data such as RNA-Seq. We have demonstrated that the model reflects the

known biochemical composition of these algae in defined culture conditions (Fig 4) and that

it enables the study of light-dependent carbon partitioning (Fig 6). Diatoms thrive in highly

dynamic environments and this model will provide a template for future studies that aim to

understand how diatoms balance photosynthesis and heterotrophic metabolism over light-dark

cycles or the stochastic supply of nutrients. This model will also enable metabolic engineering

strategies to improve the use of P. tricornutum for biotechnological applications.

89



Acknowledgements

The authors thank Adam Feist and Nathan Lewis for fruitful discussions, SGI, Inc. for

conducting the FAME measurements, Joanne Liu for proofreading of the manuscript, and Lau-

rence Yang for assistance in MATLAB scripting.

The following authors contributed to this work: K Zengler, CL Dupont, BO Palsson and

AE Allen conceived and designed the experiments. K Beeri, J Mayers and CL Dupont performed

the experiments. K Beeri, J Mayers, CL Dupont, J Levering and J Broddrick analyzed the

data. J Levering, J Broddrick, K Beeri, CL Dupont, G Peers and K Zengler wrote the paper.

J Levering, J Broddrick and AA Gallina reconstructed the metabolic network. This material

is based upon work supported by the U.S. Department of Energy, Office of Science, Office of

Biological and Environmental Research, under Award Number DE-SC0008593 to CL Dupont,

AE Allen, and BO Palsson and DOE-DE-SC0006719 to AE Allen and CL Dupont. National

Science Foundation (NSFMCB-1024913) to AE Allen and CL Dupont and Gordon and Betty

Moore Foundation (GBMF3828) grants to AE Allen further supported this work.

Chapter 3 in part is a reprint of material published in: J Levering, J Broddrick, CL

Dupont, G Peers, K Beeri, J Mayers, AA Gallina, AE Allen, BO Palsson and K Zengler. 2016.

“Genome-Scale Model Reveals Metabolic Basis of Biomass Partitioning in a Model Diatom.”

PLOS ONE, 11(5):e0155038. The dissertation author was a co-author.

90



Chapter 4

Eukaryotic Photoautotrophy:

Compartmentalization Enables

Photoprotection

Photoacclimation consists of short and long-term strategies used by photosynthetic or-

ganisms to adapt to dynamic light environments. Observable photophysiology changes resulting

from these strategies have been used in coarse-grained models to predict light-dependent growth

and photosynthetic rates. However, the contribution of the broader metabolic network, rele-

vant to species specific strategies and fitness, is not accounted for in these simple models. Here

we incorporate photophysiology experimental data with genome-scale modeling to characterize

organism-level, light-dependent metabolic changes in the model diatom Phaeodactylum tricor-

nutum. Oxygen evolution and photon absorption rates were combined with condition specific

biomass compositions to characterize metabolic pathway usage of cells acclimated to four different
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light intensities. We identify photorespiration, an ornithine-glutamine shunt, and branched chain

amino acid metabolism as the primary alternate electron pathways for consuming excess light

energy. Additionally, simulations suggest carbon shunted through photorespiration is recycled

back to the chloroplast as pyruvate, a mechanism distinct from known strategies in other pho-

totrophs. Overall, our results suggest a flexible metabolic network in P. tricornutum that tunes

inter-compartment metabolism to optimize energy transport between the organelles, consuming

excess energy as needed. Characterization of alternate electron flows broadens our understanding

of energy partitioning strategies in these ecologically important primary producers.

4.1 Cross-compartment metabolic coupling enables flexible pho-

toprotective mechanisms in the diatom Phaeodactylum tri-

cornutum

Predicting changes to phytoplankton productivity and physiology in response to envi-

ronmental variables has important implications for research and industrial applications. Light

is a highly dynamic environmental input that functions both as the energy source that powers

photosynthesis and a regulatory signal that, in combination with other growth factors (nutrients,

temperature, etc.), dictates cell physiology. A phototroph unable to acclimate to changes in light

intensity and quality experiences either too few photons captured, limiting the energy necessary

for growth, or too many photons captured, resulting in damage to the photosynthetic apparatus,

leading to photoinhibition [200]. Photoacclimation is the long-term (hours to days) adjustment to

a light environment. In diatoms, important oceanic primary producers, features of the photoac-

climation phenotype include reorganization of the macromolecular structures involved in light
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harvesting as well as dissipating captured light energy. The macromolecular strategies include

reducing the number of light harvesting pigments per cell [201], remodeling of the primary light-

harvesting complexes (fucoxanthin-chlorophyll binding proteins, FCPs), and reorganization of

the thylakoid membrane [202]. Consuming excess light energy is accomplished either upstream

of the photosynthetic reaction centers by non-photochemical quenching (NPQ), or though alter-

nate electron flows at or downstream of photosystem II (PSII) [202]. NPQ dissipates excess light

energy as heat and fluorescence, preventing damage to the photosynthetic apparatus. Alternate

electron flows route photosynthetically generated electrons to futile metabolic reactions, such as

the reduction of O2 to water, or to reduced biomass components. Recently it was shown that

energy coupling between the chloroplast and mitochondria is a dominant alternate electron flow

in diatoms [179]; however, the mechanism of energy transfer is still unknown. The contribution

of photorespiration as an alternate electron flow is somewhat unclear. When the primary photo-

synthetic enzyme, ribulose-1,5-bisphosphate carboxylase/oxygenase (RubisCO), reacts with O2

instead of CO2, it forms the toxic metabolic intermediate 2-phosphoglycolate. In higher plants

it is argued photorespiration is necessary for robust photosynthesis [203]. In diatoms, as well

as other microalgae, photorespiration is typically considered an unavoidable byproduct of pho-

tosynthesis in an oxygenated environment. These organisms minimize photorespiration through

a carbon concentrating mechanism (CCM) that increases the local concentration of CO2 in

the vicinity of RubisCO [204]. Under high light conditions the diatom Thalassiosira weissflogii

upregulates gene expression of the photorespiration pathway, indicating it is a feature of pho-

toacclimation [205]. In P. tricornutum, open questions remain regarding how photorespiration

intersects with the broader metabolic network and which organelles are involved [206,207].
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4.1.1 Results and Discussion

Cultivation and photophysiology

To investigate the macromolecular physiological changes of P. tricornutum in response

to light, we cultured and acclimated the cells at PAR values of 60, 120, 300, and 600 µmol

photons m-2 s-1, covering the range of sub-saturating to post-saturating illumination intensities.

Cell specific growth rates in response to PAR, measured by optical density at 750nm (OD750),

increased from 0.05 to 0.11 hr-1 with the maximum rate at 600 µmol photons m-2 s-1 (Fig. 4.1a).

The carbon to chlorophyll a (Chla) ratio (C:Chla) increased continuously, doubling between the

60 and 600 µmol photons m-2 s-1 culture conditions, indicating an increase in biomass resources

funneled to light harvesting at low PAR values (Table 4.1). As PAR increased there was a

decrease in the light harvesting pigments Chla, chlorophyll c (Chlc), and fucoxanthin (Fx);

however, the ratios between these pigments were unchanged. In contrast, the ratio of Chla to

the photoprotective pigment beta-carotene and the NPQ-related xanthophyll (Xan) pigments

diatoxanthin and diadinoxanthin increased with rising PAR, suggestive of an increase in energy

dissipation upstream of PSII at higher PAR values. These results, summarized in Table 4.1, are

consistent with previous observations [201,208].

Table 4.1: Pigment profiles of P. tricornutum at different acclimated light conditions. Chl:
Chlorophyll; C: Carbon; Fx: Fucoxanthin; Xan: Xanthophyll pigments (Diatoxanthin + Diadi-
noxanthin); Beta-car: Beta-carotene.

PAR Chl a C:Chl a Chl c : Chl a Fx : Chl a Xan : Chl a Beta-car : Chl a
(pg cell-1) (g g-1) (g g-1) (g g-1) (g g-1) (g g-1)

60 0.884 14.0 0.073 0.430 0.095 0.028
120 0.768 17.3 0.071 0.426 0.077 0.030
300 0.472 24.6 0.072 0.446 0.129 0.038
600 0.356 29.4 0.067 0.393 0.166 0.038

The Chla specific absorption coefficient (a*
ph) and Chla specific photosynthetic O2 evo-

lution (P) vs. PAR, were measured for each condition (Fig. 4.2a, b). The O2 respiration rate
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Figure 4.1: Photoacclimation increases growth rate without inducing photoinhibition. Growth
rate (a), carbon to chlorophyll a and variable fluorescence to maximal fluorescence ratios (b) for
P. tricornutum acclimated to different light intensities.

(R) was also determined by measuring O2 consumption in the dark between each PAR intensity

in the P vs. PAR measurement. P vs. quantum flux was subsequently generated from a*
ph, P

vs. PAR, and spectral irradiance (Fig. 4.2c, Fig. 4.3). This metric describes the actual rate of

photon absorption by the culture as compared to PAR which is simply the rate that photons are

delivered. Using quantum flux as the model parameter incorporated differences in culture light

conditions (e.g. LED vs. fluorescent) and cell densities even though the PAR value was constant.

95



a

b

c

60μE
120μE
300μE
600μE

a* ph
 (m

2  m
g-1

 C
hl

 a
)

N
et

 P
ho

to
sy

nt
he

si
s

(μ
m

ol
 O

2 m
g-1

 C
hl

 a
 h

r-1
)

Quantum flux (μmol photons mg-1 Chl a s-1)

G
ro

ss
 p

ho
to

sy
nt

he
si

s
(μ

m
ol

 O
2 m

g-1
 C

hl
 a

 h
r-1

)

PAR (μmol photons m-2 s-1)
0 500 1000 1500 2000 2500

0

50

100

150

200

250

300

350

60μE
120μE
300μE
600μE

Wavelength (nm)

0.000

0.005

0.010

0.015

0.020

0.025

0.030

0.035

400 450 500 550 600 650 700

60μE
120μE
300μE
600μE

0

40

80

120

160

200

240

280

320

0 1 2 3 4 5 6 7 8 9 10

Figure 4.2: Photophysiology metrics for P. tricornutum acclimated to different light intensities.
(a) Chlorophyll a specific absorption coefficients. (b) Gross oxygen evolution light-response curve
(P vs. I) of P. tricornutum samples acclimated to different PAR levels. (c) Net oxygen evolution
light-response curve (P vs. QF) of P. tricornutum samples acclimated to different PAR levels.
Acclimated irradiance is indicated by color.

Photoacclimation induced changes to the chloroplast

Photoacclimation involves major cellular composition changes that should be accounted

for as a resource cost in metabolic simulations. To this end, we approximated the metabolic re-

source cost of pigments at the various PAR levels (Fig. 4.4a). We derived an equation (4.2) to ap-
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proximate chloroplast volume, validated against z-stacked images of chlorophyll auto-fluorescence

(Fig. 4.5 and Table 4.2). Using equation (4.2) we determined the mean volume of the chloroplast

to be 41, 24, and 12 µm3 at 15, 150, and 600 µmol photons m-2 s-1, respectively (Table 4.2).

Similar trends were observed for plots of both chloroplast volume and chlorophyll concentration

versus PAR level (Fig. 4.4b) as these two variables were positively correlated (Fig. 4.4c). Using

this relationship, we determined the chloroplast volume to be approximately 30, 25, 18, and 12

µm3 at PAR levels of 60, 120, 300, and 600 µmol photons m-2 s-1, respectively. While these results

are imperfect as photoacclimation is dependent on more factors than just PAR (e.g., cell density

and culture vessel geometry), they capture the scale of cell physiology changes that accompany

the photoacclimation phenotype. Additionally, they allowed us to include approximations of

photoacclimation induced biomass changes into the metabolic simulations.

The photophysiology results demonstrate an efficient photoacclimation phenotype in P.

tricornutum over the range of PAR values investigated. Cellular pigmentation observations are

consistent with previous investigations into the macromolecular photoacclimation strategies in

diatoms [201, 208]. We derived an empirical relationship between cellular chlorophyll a content

and chloroplast volume allowing us to approximate the relative resource cost of photoacclimation.
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Overall, these results generated photophysiology constraints for simulating condition specific

growth and extend our knowledge of the photoacclimation phenotype in this organism.

98



Table 4.2: Chloroplast volume determination. Chloroplast volume was derived from confocal
microscopy images of P. tricornutum cells acclimated to different light conditions using equation
(4.2). Light level is in µE, length and width in µm and volume in µm3.

Cell dimensions Plastid Lobe 1 Plastid Lobe 2 Plastid Lobe 1 Plastid Lobe 2 Total Mean (Std Dev)

Cell # Light level Length Width Length Width Length Width Vol Vol Vol Vol

1 15 26.7 3.5 4.4 2.9 4.9 2.4 23.4 21.6 44.9

2 15 28.0 3.5 4.8 2.6 5.4 2.3 22.9 22.8 45.6

3 15 26.0 3.3 3.5 2.3 3.6 2.3 13.9 14.3 28.2 40.5

4 15 25.0 3.5 3.9 2.4 4.0 2.5 17.2 18.3 35.5 (7.5)

5 15 31.0 3.7 4.6 2.7 5.0 2.5 24.1 24.2 48.3

6 150 23.8 3.8 6.5 1.4 3.4 1.0 18.1 6.8 24.9

7 150 32.0 3.6 6.7 0.9 6.1 1.4 11.4 16.1 27.5

8 150 24.0 3.3 3.4 2.3 2.1 2.1 13.5 7.6 21.1 23.9

9 150 25.2 3.1 4.4 1.6 3.1 2.6 11.4 13.1 24.5 (2.0)

10 150 23.5 3.6 4.9 1.2 4.4 1.4 11.1 11.6 22.7

11 150 23.7 3.2 5.4 1.5 4.3 1.3 13.6 9.4 22.9

12 600 29.0 2.7 2.7 1.1 3.0 1.3 4.2 5.5 9.7

13 600 25.0 2.9 2.9 1.5 2.0 1.0 6.6 3.0 9.6

14 600 23.0 3.1 2.5 1.9 2.0 1.7 7.7 5.5 13.2 11.6

15 600 26.0 3.6 2.5 1.6 1.9 2.3 7.5 8.2 15.8 (2.5)

16 600 27.0 2.8 3.3 0.8 2.3 1.7 3.9 5.7 9.6

Generating the simulation framework

To simulate the photoacclimated conditions, we first generated a framework that mod-

els photoautotrophic growth in light-dark cycles. Three parameters constituted the simulation

framework: the experimental photophysiology constraints, biomass component ratios for the

photoacclimated condition, and dynamic allocation of fixed carbon to different biomass compo-

nents over the light period. This simulation framework, accounting for condition specific biomass

composition and dynamic biomass partitioning, was validated against published results for P.

tricornutum grown in a sinusoidal light regime [209].

The simulation framework was employed to model circadian growth of P. tricornutum

under a sinusoidal light regime over a 12:12 light:dark cycle. Combining the experimental data
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with the model biomass assumptions resulted in a complete carbon balance for most of the data

points reported by Jallet et. al. [209] (Table 4.3). The lack of mass balance in the late light

period indicate cell division specific biomass structures or components that are not currently

modeled. For growth simulations, the light period was divided into 20 minute pseudo-steady-

state segments and the simulation was re-parameterized at the beginning of each segment to

model biomass accumulation over the time interval. Sinusoidal PAR, photon absorption, oxygen

evolution, and the biomass objective function were updated at each time point. Upon entering

the dark period, carbon storage compounds accumulated during the light period were made

available to the model to satisfy maintenance energy requirements and accumulate additional

biomass. The simulation results accurately captured the quantitative accumulation of all major

biomass components (Fig. 4.7a-f). Simulation results for total organic carbon, total nitrogen, and

storage compounds were consistent with experimental values (Fig. 4.7a,b,c,f). The model did not

capture the non-linear dynamic of chlorophyll a accumulation during the light period (Fig. 4.7d).

Additionally, the experimental results indicated continued biosynthesis of chlorophyll during the

dark period; however, this wasn’t captured in the model as the chlorophyll biosynthetic pathway

in P. tricornutum is light dependent [210].

Table 4.3: Carbon balance of the derived GEM biomass objective function over the light period
for P. tricornutum. GEM biomass objective function values compared to published total organic
carbon (TOC) values [209]. Carbohydrates, triacylglycerols (TAG), protein and the pigments
chlorophyll a and c were reported in Jallet et. al. (2016). The pigments fucoxanthin, diatoxan-
thin, diadinoxanthin and beta-carotene were taken from a culture in this study (Fig. 4.6). DNA
and RNA were taken from the original GEM of P. tricornutum [211]. Plastid and membrane
lipids were determined from the chlorophyll a content per cell and literature values [177].

Carbon balance
Sinusoidal light regime (pg C per cell)

Time Structural carbs Chrysolaminarin TAG Protein Pigments DNA RNA Plastid lipids Non-plastid lipids Total (model biomass) TOC Within exp SD?
0 0.31 0.01 0.03 3.50 0.27 0.014 0.11 0.30 0.24 4.78 4.18±1.25 Yes
3 0.30 0.01 0.12 3.94 0.29 0.015 0.12 0.32 0.25 5.37 6.16±1.95 Yes
6 0.33 0.19 0.50 4.51 0.32 0.015 0.15 0.36 0.25 6.64 7.38±1.12 Yes
9 0.37 0.38 0.77 4.98 0.39 0.017 0.21 0.44 0.29 7.86 9.77±0.28 No
12 0.45 0.56 0.65 4.50 0.43 0.020 0.27 0.48 0.35 7.73 9.89±1.61 No
24 0.29 0.01 0.02 3.65 0.32 0.014 0.28 0.36 0.25 5.21 5.72±0.92 Yes
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Figure 4.6: Biophysical constraints for simulation of P. tricornutum under a sinusoidal light
regime. (a) Chla specific absorption coefficient for P. tricornutum acclimated to 875 µ mol
photons m-2 s-1 used to parameterize the sinusoidal light simulation. (b) Adjustment of the Chla
specific absorption coefficient to recapitulate the reported light loss along the path length of the
photobioreactor [209]. (c) Pigment content determined in this study by HPLC analysis for P.
tricornutum acclimated to 875 µ mol photons m-2 s-1 used to parameterize the sinusoidal light
simulation.

We performed sensitivity analysis of the biophysical constraints and biomass composition

to understand how inaccuracies in experimental data or derived parameters affected the predicted

growth rate. The oxygen evolution rate had the most dramatic impact on the change in predicted

growth rate (F-score 1.0, p-value 10-99, Fig. 4.8d). PAR and initial biomass both had statistically

significant, albeit minor impacts on growth rate (Fig. 4.8a,b), while the absorption coefficient

had an insignificant effect on the growth rate (Fig. 4.8c). Sensitivity analysis for the biomass

composition indicated only two biomass components had a significant impact on growth rate:

protein and pigment biomass (Fig. 4.9e,f). The sensitivity analysis indicated the oxygen evolution

rate directly, or indirectly through the pigment content, was the dominant indicator of growth

rate.
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a diurnal sinusoidal light regime. (a) Total carbon content in the culture biomass. (b) Total
nitrogen content in the culture biomass. (c) Total carbohydrate content in the culture biomass
including structural and storage carbohydrates. (d) Total chlorophyll a content in the culture
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Overall, the simulation framework recapitulated the biomass accumulation in the sinu-

soidal culture giving us confidence it could be applied to simulate the photoacclimated condi-

tions. The exponential increase in chlorophyll a in the afternoon, despite a minimal transcript

abundance of the chlorophyll biosynthetic pathway during that period [157], indicates a post-

transcriptionally regulated mechanism to increase flux towards pigment biosynthesis not cur-

rently captured in the model. Interestingly, the experimental data reported by Jallet et. al. [209]

showed continued accumulation of chlorophyll a during the dark period despite the lack of a

light-independent protochlorophyllide oxidoreductase in P. tricornutum [210]. This observation
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Figure 4.8: Sensitivity analysis of biophysical constraints for simulations of P. tricornutum
under a sinusoidal light regime.

suggests a pool of protochlorophyllide is biosynthesized during the light period and converted

into chlorophyll a and c during the night period; possibly to restore pigment levels to an optimal

value after dilution due to cell division. While the non-steady-state pooling of pigment precursors

is currently not captured by the model, the dynamic biomass allocation framework accurately

captured the asymmetric biomass accumulation enabling modeling of macro-scale, non-steady

state processes.

Simulation outputs and comparison with experimental results

Flux balance analysis at the genome-scale predicts metabolic pathway usage at the whole

organism level, but to have confidence in the reaction flux predictions, the model must first
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Figure 4.9: Sensitivity analysis of biomass components for simulations of P. tricornutum under
a sinusoidal light regime.

recapitulate the biophysical characteristics of the phenotype. With the simulation framework in

place, we modeled photoautotrophic growth in P. tricornutum acclimated to four different light

intensities spanning an order of magnitude.

We parameterized the simulation framework with the experimentally determined bio-

physical constraints (Fig. 4.2) and condition specific biomass component ratios (Table 4.4) at

each PAR intensity. Based on Chla content per cell, pigment biomass ranged from 3.8% to 8.4%
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of total biomass, while photosynthetic lipids ranged from 4.1% to 9.1% of total biomass at 600

µmol photons m-2 s-1 and 60 µmol photons m-2 s-1, respectively (Table 4.6). Photoautotrophic

growth at each photoacclimated irradiance across a 12-hour light period was simulated according

to the validated framework accounting for dynamic biomass accumulation, storage compound

accumulation, and variable resources allocated to the photosynthetic apparatus (Table 4.4). The

model overestimated the growth rate at low PAR by 37% and underestimated the growth rate

at high PAR by 14%, with intermediate values accurate to less than 10% deviation (Fig. 4.10a).

Upon converting the values for POC, PON, and chlorophyll a from content per cell to total mass,

comparison with the model predictions showed good agreement with Pearson’s R2 values greater

than 0.95 and p-values on the order of 10-6 or lower (Fig. 4.10b,c,d).

Overall, the model accurately captured the qualitative differences in growth rate and

the quantitative differences in biomass accumulation. Growth rate predictions of intermediate

light levels deviated from the experimental values by less than 10% (Fig. 4.10a). Based on

our sensitivity analysis, the difference between predicted and measured growth rate at high

and low light was most likely linked to the chlorophyll a concentration (Fig. 4.9). This value

parameterizes the maximum oxygen evolution, which is the dominant constraint on growth rate

(Fig. 4.8). The shape of the predicted and measured 600 µmol photons m-2 s-1 growth curves

were consistent (Fig. 4.11). This result suggests the discrepancy between modeled and in vivo

growth at high light was due to underestimating the initial chlorophyll a value or the rate of

pigment biosynthesis in the dynamic biomass framework. The overestimation of growth rate at

60 µmol photons m-2 s-1 resulted from the model not capturing a growth rate plateau late in the

light period (Fig. 4.11). This is most likely due to the model formulation not accounting for the

pigment packaging effect [212] decreasing the light harvesting effectiveness of newly synthesized
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Table 4.4: Dynamic biomass acclimation over the light period in P. tricornutum under different
light regimes. Values indicate the percent of fixed resources allocated to that particular biomass
component. Struct: structural carbohydrates, Storage Carbon: chrysolaminarin and triacylglyc-
erols (TAG), Pro: Protein, Pigm: pigments. Plastid lipids and membrane lipids are defined in
Table 4.5.

Dynamic biomass allocation
Sinusoidal light regime

Time Total Struct Storage Carbon Pro Pigm DNA RNA Plastid Lipids Mem. Lipids
0 100 6.83 0.71 77.80 3.43 0.36 3.01 4.41 3.45
3 100 6.14 10.79 69.90 3.08 0.32 2.70 3.96 3.10
6 100 5.09 26.07 57.93 2.55 0.27 2.24 3.28 2.57
9 100 4.16 39.57 47.35 2.09 0.22 1.83 2.68 2.10
12 100 6.55 4.80 74.60 3.29 0.35 2.88 4.23 3.31

60 µE acclimation
Time Total Struct Storage Carbon Pro Pigm DNA RNA Plastid Lipids Mem. Lipids

0 100 6.04 0.50 69.83 8.40 0.32 2.66 9.21 3.05
3 100 5.41 10.76 62.63 7.53 0.28 2.38 8.26 2.74
6 100 4.49 26.02 51.92 6.24 0.24 1.98 6.85 2.27
9 100 3.67 39.51 42.45 5.10 0.19 1.62 5.60 1.86
12 100 5.78 4.78 66.82 8.03 0.30 2.54 8.82 2.92

120 µE acclimation
Time Total Struct Storage Carbon Pro Pigm DNA RNA Plastid Lipids Mem. Lipids

0 100 6.19 0.50 71.56 7.28 0.33 2.72 8.29 3.13
3 100 5.55 10.76 64.18 6.53 0.29 2.44 7.43 2.81
6 100 4.67 24.90 54.01 5.50 0.25 2.06 6.26 2.36
9 100 3.76 39.51 43.51 4.43 0.20 1.66 5.04 1.90
12 100 5.91 4.78 68.48 6.97 0.31 2.61 7.93 2.99

300 µE acclimation
Time Total Struct Storage Carbon Pro Pigm DNA RNA Plastid Lipids Mem. Lipids

0 100 6.53 0.70 76.38 5.00 0.34 2.88 4.87 3.30
3 100 5.86 10.78 68.62 4.49 0.31 2.58 4.37 2.97
6 100 4.93 24.94 57.73 3.78 0.26 2.17 3.68 2.50
9 100 3.97 39.56 46.49 3.04 0.21 1.75 2.97 2.01
12 100 6.26 4.79 73.23 4.79 0.33 2.76 4.67 3.17

600 µE acclimation
Time Total Struct Storage Carbon Pro Pigm DNA RNA Plastid Lipids Mem. Lipids

0 100 6.65 0.70 77.76 3.80 0.35 2.93 4.46 3.36
3 100 5.97 10.78 68.87 3.41 0.32 2.63 4.01 3.02
6 100 5.02 24.94 58.78 2.87 0.27 2.21 3.37 2.54
9 100 4.04 39.56 47.33 2.31 0.21 1.78 2.71 2.05
12 100 6.37 4.79 74.55 3.64 0.34 2.81 4.28 3.22

pigments added to a chloroplast of fixed volume. The packaging effect may have been more

pronounced in the low light acclimated cultures due to the two-fold increase in pigments compared

to the high light samples (Table 4.6).
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Table 4.5: Conversion of published lipid class concentrations to mass values for incorpo-
ration into the GEM biomass objective function. ASQ: acylsulfoquinovosyldiacylglycerol,
PG: phosphatidylglycerol, SQDG: sulfoquinovosyldiacylglycerol, DGDG: digalactosyldiacyl-
glycerol, MGDG: monogalactosyldiacylglycerol, DAG: diacylglycerol, PC: phosphatidylcholine,
PE: , DGTA: diacylglyceryl-hydroxymethyl-N,N,N-trimethyl-β-alanine, PI: phosphatidylinositol,
GFW: gram formula weight.

Lipid class nmol/106 cells Mean GFW pg/cell

Plastid lipids

ASQ 0.02 1124.57 0.02
PG 0.15 731.96 0.11

SQDG 0.42 792.10 0.33
DGDG 0.15 889.16 0.13
MGDG 0.81 730.99 0.59
DAG 0.04 561.86 0.02

Membrane lipids

PC 0.33 727.99 0.24
PE 0.03 686.93 0.02

DGTA 0.08 804.15 0.06
PI 0.05 808.01 0.04

Table 4.6: Predicted chloroplast resource allocation as a function of photoacclimated PAR.
Pigment values were determined experimentally and the resulting Chla content was used to
approximate chloroplast lipid content (Fig. 1a). *Culture light intensity (µmol photons m-2 s-1).
The specific intensity of light is based on the averaged measurements at different locations of the
bioreactor.

Chloroplast associated biomass components

PAR* Pigments (%biomass) Lipids (%biomass) Total (%biomass)

60 8.4 9.2 17.6
120 7.3 8.3 15.6
300 5.0 4.9 9.9
600 3.8 4.5 8.3

Metabolic pathway usage between low and high light acclimation

Pathway-specific metabolic usage under various photoacclimation conditions was explored

using the validated GEM. To compare differential pathway usage independent of growth rate

differences, the reaction fluxes were normalized to 100 units of RubisCO carboxylase flux (Fig.

4.12). The model predicted extensive remodeling of metabolic coupling between the chloroplast

and mitochondria as a function of photoacclimation state (Fig. 4.12).

At the lowest light condition simulated (60 µmol photons m-2 s-1), chloroplast

glyceraldehyde-3-phosphate (G3P) shuttled reductant and ATP to the mitochondria. After be-

ing oxidized by mitochondrial glycolysis, the carbon returns to the chloroplast as pyruvate (Fig
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Biomass nitrogen content comparison between measured and simulated values. (d) Chlorophyll
a content comparison between measured and simulated values. Photoacclimated PAR values are
indicated by color. Error bars represent the standard deviation.

4.13a,b). To a lesser degree, carbon skeletons and reductant from the chloroplast are also deliv-

ered to the mitochondria as ornithine synthesized in the chloroplast via the glutamine-ornithine

shunt [211] (Fig 4.12b). In the model, these reductant shuttles are regenerated by mitochon-

drial export of pyruvate and glutamine to the chloroplast. At the lowest light condition, the

mitochondrial electron transport chain (ETC) is fully utilized to generate ATP for growth (Fig

4.12b).
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Metabolic flux simulations at the highest light conditions (300 and 600 µmol photons

m-2 s-1) were similar to one another but were distinct from flux predictions in low light, with

an intermediate configuration observed at 120 µmol photons m-2 s-1 (Fig. 4.12c,d,e). At high

light, flux through the metabolic network shifted to maximize excess energy consumption. Mi-

tochondrial ETC was configured for energy dissipation with increased flux through the alternate

oxidase (AOX) with no flux through ubiquinol-cytochrome c oxidoreductase (Complex III) or

cytochrome c oxidase (Complex IV) (Fig 4.12c,d). There was increased flux though the ornithine

shunt at higher light acclimation states and the ornithine shunt was almost 100% cyclic, sug-

gesting a configuration to maximize energy export out of the chloroplast (Fig 4.13a). Branched

chain amino acids (BCAA) synthesis in the chloroplast and catabolism in the mitochondria were

both increased, delivering reductant between the organelles for processing in the mitochondrial
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Figure 4.12: Metabolic adaptation to photoacclimated PAR values. (a) Overview of metabolic
coupling between the mitochondria and chloroplast in P. tricornutum. Dashed lines between
the compartments indicate transport of metabolites. The dotted line represents a disputed
metabolic pathway (see main text). (b-d) Predicted metabolic pathway usage and reaction
flux for cultures acclimated to various PAR levels. Line thickness corresponds to metabolic re-
action flux normalized to 100 units of RUBISCO carboxylase flux. Color indicates the PAR
value according to the figure legend. Abbreviations: 2Pglycolate, 2-phosophoglycolate; 3PG,
3-phosphoglycerate; α-KG, alpha-ketoglutarate; ALA, alanine; BCAA, branched chain amino
acid; CBB, Calvin-Bensen-Bassham; Cyto, cytochrome; ETC, electron transport chain; G3P,
glyceraldehyde-3-phosphate; GSH, glutathione (oxidized); GSSG, glutathione (reduced); Ox, ox-
idation; Q9, Ubiquinone; PYR, pyruvate; R15BP, ribulose-1,5-bisphosphate; Red, reduction;
TCA, tricarboxylic acid. Reaction abbreviations are in BiGG format (bigg.ucsd.edu) and cor-
respond to the abbreviations used in the model (supplementary dataset). A more complete
metabolic map and flux data for all model reactions can be found in the supplemental datasets.

ETC. Carbon skeletons from BCAA degradation were converted to pyruvate through the back

half of the TCA cycle for transport to the chloroplast, sustaining this shuttle. Another major

difference at high light was the increase in photorespiration, resulting in elevated flux of glycolate
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from the chloroplast to mitochondria (Fig. 4.12c,d). Glycolate is oxidized in the mitochondria

and metabolized to pyruvate for export to the chloroplast, with the final step catalyzed by ser-

ine ammonia lyase (SAL m, Fig. 4.12a). Ascorbate peroxidase metabolizes peroxides produced

during glycolate oxidation. More photorespiration at high light is accompanied by reduced flux

of G3P from the chloroplast and reduced flux through the mitochondrial glycolysis pathway. At

the highest acclimated PAR value, mitochondrial alternate electron flows accounted for 40% of

the photosynthetically derived electrons (Fig 4.13b).

Metabolic flux simulations indicate that glycolate is processed via the mitochondrial

glycolate oxidase (GOX m). While in plants glycolate oxidation occurs in the peroxisome [203],

there is recent evidence the mitochondrial GOX participates in P. tricornutum’s photorespiratory

cycle despite the presence of an annotated peroxisomal glycolate oxidase (GOX x) [206]. Despite

phylogenetic and amino acid divergence [206], both P. tricornutum GOX enzymes are structurally

homologous to the human glycolate oxidase for which there is a crystal structure [213]. Structural

homology modeling revealed both GOX enzymes had conserved orientation of residues critical for

glycolate binding [213], suggesting they are viable candidates for involvement in photorespiration

(Fig. 4.14a). Transcript level expression of both GOX enzymes in P. tricornutum using published

data [214] provided further evidence for the mitochondrial localized pathway being dominant.

Not only was the transcript abundance of GOX m more than 40 times higher than GOX x

on average, but GOX m was also co-expressed with other key photorespiration genes including

glycine decarboxylase and phosphoglycolate phosphatase (Figure 4.14b). Taken together, the flux

predictions, structural homology, and magnitude of expression and co-expression indicate a more

significant role for GOX m in photorespiration than the GOX x. These results are consistent

with biochemical evidence [206] and studies in the diatom Thalassiosira pseudonana [207].
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Figure 4.14: Mitochondrial glycolate oxidase participates in photorespiration. (a) Compari-
son of glycolate oxidase molecular docking and conserved catalytic amino acid residues in H.
sapiens (HAOX1), P. tricornutum mitochondrial (Pt GOX m), and P. tricornutum peroxisome
(Pt GOX x). (b) Model predicted photorespiration metabolite flux flow between chloroplast and
mitochondrion in P. tricornutum, and the correlated gene expression levels (RPKM) during a
diel cycle.

In our simulations, serine-ammonia lyase (SAL m) closes the photorespiration loop to

return carbon skeletons to the chloroplast as pyruvate. This is substantially different than plants

which return carbon skeletons as 3-phosphoglycerate. Recently, an investigation into photores-

piration in Thalassiosira pseudonana found evidence for a more canonical pathway in diatoms

which converts mitochondrial serine to chloroplastic 2-phosphoglycerate [207]. While homologs

for the enzymes in this pathway exist in P. tricornutum, they are poorly characterized and all are

mitochondrial targeted. Even with this pathway added to the model, SAL mediated pyruvate re-

cycling is predicted. This result opens a new hypothesis for exploring alternate photorespiratory

pathways in diatoms.

Our modeling framework enabled us to characterize the alternate electron flows in P.
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tricornutum. Model simulations, constrained with photophysiology data, detailed a diverse se-

ries of strategies that balance optimal energy use while avoiding photo-oxidative damage. Our

results indicate there are two dominant factors that drive pathway selection: energy relocation

“capacity” (electrons transported per molecule) and O2 consumption. Catabolism of Calvin-

Benson cycle outputs by the mitochondrial glycolysis pathway and TCA cycle has high energy

dissipation capacity (approximately 4.0 e- per molecule, Fig 4.13) but no capacity to consume

oxygen outside of the mitochondrial ETC. The ornithine-glutamine/glutamate shunt is a highly

flexible metabolic pathway delivering carbon skeletons, reductant, and nitrogen to the mitochon-

dria. Energy relocation capacity was dynamic, spanning from 1.3 to 3.7 e- per molecule (Fig.

4.13) and has no additional oxygen consuming capacity. When operating as a closed cycle, the

primary advantage of this pathway is that the ornithine-glutamine shunt accrues zero mass loss.

Photorespiration has an energy relocation capacity of 1e- per molecule; however, the pathway

consumes oxygen at both the RubisCO oxygenase reaction and at the GOX reaction. Our sim-

ulations predict photorespiration consumes approximately the same amount of oxygen as AOX

at high light levels. Recent in vitro characterization of the P. tricornutum mitochondrial GOX

revealed it can use multiple electron acceptors besides O2 [206]. When we added this capability

to the model, the majority of the flux still utilized O2. However, at high light the model suggested

a futile cycle, interconverting glycolate and glyoxylate while consuming NADH and O2 in the

process. This hypothesized futile cycle would constitute an efficient photoprotection mechanism

dissipating excess reductant and O2.

BCAA synthesis and catabolism has the highest energy relocation capacity of all the pre-

dicted pathways-approximately 9.3 e- per molecule if oxidized to pyruvate (Fig 4.14). Transcript

level expression of BCAA catabolic enzymes in P. tricornutum were shown to be upregulated in
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the dark period [214]. We hypothesize reductant is stored as BCAAs during the light period and

then catabolized at night, fueling dark period metabolism. Dark period metabolic activity in P.

tricornutum appeared to exceed the energy provided by intracellular sugar and lipid stores [209];

temporal segregation of BCAA synthesis and catabolism could explain this discrepancy. There

is uncertainty in how BCAA catabolism interfaces with mitochondrial carbon metabolism [215].

Our GEM includes the proposed missing enzyme, methylmalonyl-CoA epimerase, albeit with a

low confidence annotation (Phatr3 J46728). Still, Phatr3 J46728 showed a similar gene expres-

sion profile with the upstream enzyme, propionyl-CoA carboxylase, and the downstream enzyme,

methylmalonyl-CoA mutase (Fig. 4.15). Thus, we did not alter the pathway represented in the

model. Our results suggest P. tricronutum directs flux to these pathways in varying ratios to

optimize its metabolic response to the light environment.
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Figure 4.15: Gene expression profile of BCAA enzymes. Expression data was taken from
Smith et al. (2016) [214]. The low-confidence methymalonyl epimerase (MME, Phatr3 J46728)
annotation in the GEM has a similar gene expression profile to high-confidence annotations of
BCAA enzymes proponioyl-CoA carboxylase (PPCOAC, Phatr3 J45886 and Phatr3 J51245) and
methylmalonyl mutase (MMM, Phatr3 J51830).

Overall, the simulation results suggest a flexible metabolic network that tunes inter-
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compartment metabolism to optimize energy transport between the organelles to facilitate con-

sumption of excess energy when needed, avoiding photo-oxidative damage. The model simulations

did not include any constraints on the intracellular reaction fluxes, including transport reactions.

Thus, the relative flux through the alternate electron flow pathways could be regulated in vivo by

enzyme capacity which is not currently included in the model. Pools of reduced metabolites and

futile metabolic cycles may also serve as energy dissipating mechanisms. Quantifying metabolite

pools and additional nutrient uptake rates can result in additional constraints that would in-

crease the accuracy of the flux predictions [216]. Additional assumptions include the quantity of

absorbed photons lost to chlorophyll fluorescence. We allowed up to 20% of absorbed photons to

be lost upstream of PSII, in line with observed values in previous studies (approximately 22% in

fluctuating light conditions [201]). When we increased this value to 40%, similar alternative elec-

tron flows were predicted but at higher PAR values (e.g., photorespiration wasn’t observed until

300 µmol photons m-2 s-1). The model also allowed complete recapture of CO2 generated in the

mitochondria. While this efficiency may not be biologically feasible, when we applied an extreme

penalty of 95% mitochondrial CO2 loss to the simulations, the same metabolic pathways were

predicted, albeit with altered absolute flux values. Thus, while the magnitude of flux through

the predicted pathways is uncertain, the relative usage is robust despite modeling assumptions.

The results provide unique hypotheses about inter-compartment energy coupling and

photorespiration in P. tricornutum. High light exposure increases the rate of photosynthetic

oxygen evolution. Beyond saturating light levels, this increase in oxygen concentration is co-

localized with the highly energized light harvesting complex resulting in increased reactive oxygen

species (ROS). Many phototrophs employ “water-water” reactions where electrons and oxygen

released by PSII are converted back to water by a chlororespiratory oxidase or the Mehler-
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peroxidase reaction [200]. However, in P. tricornutum it was shown that the mitochondrial

AOX is the primary oxygen consuming reaction [179]. This assumption is used in our modeling

framework, with chloroplast localized water-water reactions limited to 10% of the linear electron

flow through the photosystem. Our flux predictions suggest BCAA metabolism and the ornithine-

glutamine shunt are important pathways facilitating the delivery of reductant to AOX, facilitating

photoprotection in P. tricornutum.

4.1.2 Methods

Cell cultivation and growth monitoring

Marine diatom Phaeodactylum tricornutum purchased from Culture Collection of Algae

and Protozoa (CCAP 1055/1 strain) were cultivated in 1 L vertical tubular bioreactors submerged

in a temperature-controlled water tank at 20◦C. Cool-white fluorescent lamps were installed

horizontally at the back of the waterbath for illumination. A gradient of light intensities was

established in the water tank by placing neutral density light filters of different attenuation levels

in front of the lamps, with which we created homogenized light fields in 4 tubular bioreactors

at the densities of 60, 120, 300 and 600 µmol photons m-2 s-1. A 12 hour day/night cycle was

set by turning on and off the lamps with a timer. Diatom cultures inside the bioreactors were

mixed by CO2 enhanced air, the specific percentage of which was regulated by a Cole-Palmer

gas flow controller to stabilize the culture pH at 8.1 ± 0.3. Before the experiment, all materials

were sterilized to establish an axenic cultivation condition. Inoculations were carried out in f/2

medium 3 days before the first sampling point to allow sufficient time for acclimation, then the

cells were diluted to 2-6x105 cells ml-1 and maintained at the same culture condition for 2 days’

replicated experiments. Biomass accumulation was monitored with optical density at 750 nm

117



(OD750) during light periods. Analytical measurements were conducted at the end of the light

period with harvested cells.

Pigment analysis by high-performance liquid chromatography (HPLC)

Chlorophylls and carotenoids were measured by HPLC. Aliquots of 50 and 100 mL were

filtered on 2.5 cm Whatman GF/F filters and extracted with 3 mL of 90% acetone for 24 h. A

reverse-phase stepwise gradient elution system with 3 HPLC grade solvents was employed: 90:10

MeOH; water (v/v). 94.6 MeOH:water (v/v), and 100% MeOH at a rate of 1 mL min-1. The

water in the first solvent contained an ion-pairing reagent [217] in concentrations of 1.5 g tetra-

butylammonium and 0.96 g of ammonium acetate per 100 mL of water. Pigments were separated

in a C-18 Econosphere column from Alltech with 5 µm particle size and dimensions of 4.3 mm x

25 cm. The column was calibrated with pure pigments obtained by injecting different volumes

of an extract of known concentration. For this purpose, pigments were extracted from different

unialgal cultures, isolated by thin-layer chromatography [218], dissolved in solvent, identified by

its visible absorption spectrum, and quantified using the corresponding specific absorption coef-

ficients. Pigment concentration was calculated by manually measuring the corresponding peak

area.

Photosynthesis versus irradiance curves

For determination of the P vs E curve, samples were pelleted by centrifugation and

re-suspended to a Chla concentration of approximately 3 µg/ml in f/2 medium. Cells were

transferred into the glass cell of an ALGITM instrument for dissolved oxygen measurements.

The mixing, light and temperature control for the measurement was achieved by the ALGITM
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that has been validated previously [219, 220]. During measurement, samples were treated with

alternative dark/light periods with 2 min interval and at increasing light intensity steps of 10,

20, 40, 80, 160, 320, 640, 1280 and 2500 µmol quanta m-2 s-1. Measurement of O2 recorded at

10 Hz during the dark/light periods for computing O2 concentrations and subsequently the rate

of change. Rates of oxygen evolution during the light periods were used to create the P vs. E

curves. For the curve fitting we set the data to start at 0 so we could use the Platt et al. [128]

function.

Chlorophyll-specific absorption coefficient

In vivo whole cell absorption was determined at 1 nm intervals using a dual beam spec-

trophotometer equipped with an integrating sphere. The chlorophyll-specific absorption coeffi-

cient was estimated using Equation (4.1), in which a∗ph(λ) is the chlorophyll a specific absorption

coefficient, and aph(λ) is the absorption coefficient. Both parameters are spectrally distributed.

Chlorophyll a concentration was determined with other pigments using the HPLC method.

a∗ph(λ) =
aph(λ)

[Chla]
(4.1)

Particulate carbon and nitrogen (POC/PON)

After sampling, 10 mL of culture were filtered through a pre-combusted (500◦C, 2 hours)

Whatman GF/F filter with pressure less than 5 PSI. The filter with biomass was then folded

and wrapped in pre-combusted foil before being dried in an oven (60◦C) overnight. The pre-

pared samples were stored in desiccator before being shipped to Marine science Institute at the

University of California, Santa Barbara for analysis.
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Photoacclimated biomass composition

Protein, structural carbohydrates and rate of storage compound accumulation was deter-

mined from the recently published biomass distribution during a full circadian period under a

sinusoidal light regime [209]. DNA and RNA were set to the values in the original P. tricornutum

genome-scale model publication [211]. Pigment mass per cell was experimentally determined for

each of the photoacclimated cultures. Non-chloroplast associated lipids were taken from the

previously published values [177].

Plastid volume determination

P. tricornutum UTEX 642 was cultured in TrueLine 25cm2 vented culture flasks with

approximately 15 mL of f/2 ASW at 20◦C. Cultures were acclimated to 10, 150 and 600 µmol

photons m-2 s-1 of light from a white LED and the photon flux was determined with a LI-COR

LI-250A light probe. Cultures were sampled in early-mid exponential phase and imaged using

a Leica TCS SP8 confocal microscope. Chlorophyll autofluorescence of representative cells was

detected at 640-750nm following laser excitation at 552nm. Modeling the chloroplast as two

ellipsoids, we derived an equation (4.2) that allows for the approximation of chloroplast volume

based on a single 2D image of chlorophyll auto-fluorescence, assuming the plane of the image

approximately bisects the cell.

Vlobe =
4

3
π(L×W × 1

2
H) (4.2)

Vlobe is the total volume of a chloroplast lobe, of which there are two in P. tricorutum. L is the

semi-major axis of the lobe and W is the semi-minor axis. Consistent with the existing literature,

we assumed the cell was a prolate sphere [221]; thus, H is the thickness of the cell where thickness

is equal to the width of the cell measured from the confocal bright field image. Dimensions were
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calculated in Fiji [133] using the straight-line tool and the image scale bar. Whole cell dimensions

were determined on the bright field image and chloroplast dimensions were determined using the

chlorophyll auto-fluorescence channel.

Chloroplast volume determined from z-stacked images was used to validate Equation

(4.2). Using Fiji [133], each image of chlorophyll auto-fluorescence was split and the red channel

isolated. The threshold was adjusted to remove pixels from out of focus sections of the image

and the Analyze Particles function was used to return the image area in µm2. The incremental

change in the z-axis between each image (delta z) for the stack was used to generate the slice

volume and the sum of all image slices was set as the total volume for comparison.

The final step required the conversion of chloroplast volume into lipid mass per cell.

The lipid content of P. tricornutum was well characterized by Abida et. al. [177]. Figure 4

of the paper reports quantitative values for each of the glycerolipids in nmol per 1x106 cells.

Lipids were converted into picogram per cell using the mean gram formula weight of the different

side chains for a given lipid species represented in the genome-scale model’s biomass function.

The lipid classes were then separated into chloroplast lipids (ASQ, PG, SQDG, DGDG, MGDG

and 1,2-DAG) and non-plastid membrane lipids (PC, PE, DGTA and PI). Using the regression

equation of chloroplast size versus chlorophyll a (Fig.1a), the chloroplast volume of the cells in

Abida et.al. was approximated using their reported irradiance value (100 µmol photons m-2 s-1).

From there the mass per cell allocated to chloroplast lipids and membrane lipids for each of the

photoacclimated cultures was derived by taking the chloroplast volume at the experimental Chla

concentration compared to that for the cells in Abida et. al and multiplying the resulting ratio

by the lipid mass per cell (Table 4.5).
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Biophysical constraints

The biophysical constraints were based on an extension of previous modeling of photoau-

totrophy in cyanobacteria [222]. Briefly, using the spectral distribution of photon flux for the

given light source at the experimental irradiance (E0(λ)), the chlorophyll a specific spectral ab-

sorption coefficient (a∗λ), and the biomass fraction of chlorophyll a, the photon uptake flux (Ea)

was determined using the following equation:

Ea =
mgChla

gDW

∫ 700

400
E0(λ)a∗ph(λ)dλ (4.3)

In vivo whole cell absorption was determined at 1 nm intervals using a dual beam spec-

trophotometer equipped with an integrating sphere. The chlorophyll-specific absorption coeffi-

cient was estimated using Equation (4.1), in which a∗ph(λ) is the chlorophyll a specific absorption

coefficient, and aph(λ) is the absorption coefficient. Both parameters are spectrally distributed.

To fully capture the wavelength specific light-pigment interactions, we switched from

photosynthetically available radiance (PAR) to quantum flux (QF) [223], which describes the

total absorbed photon flux, as the fundamental variable the oxygen evolution constraint:

QF =

∫ 700

400
a∗ph(λ)× PAR× E(λ)dλ (4.4)

where E(λ) is the fraction of total PAR at a given wavelength λ. The measured photosynthetic

rates (oxygen evolution in this study) were then fitted to a Platt [128] equation for photosynthesis

prediction (P), using quantum flux as the independent variable.

P = Pmax(1− e−
α×QF
Pmax )e−

β×QF
Pmax (4.5)
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Pmax is the maximum photosynthetic rate, α and β are the parameters that describe the

initial slope of the curve, and the photoinhibition (if present), respectively.

Photoautotrophic simulations of cellular growth

The P. tricornutum genome-scale model (GEM), iLB1025 [211], was updated with recent

advances in diatom metabolic understanding (Table 4.7).

Table 4.7: Summary of changes in the genome-scale model of P. tricornutum. Reaction names
are from iLB1025 [211]. Changes are captured in iLB1033 included in this work. GPR: gene-
protein-reaction.

Reaction Change Notes
PGTPt m Deleted Transporter most likely substrate is G3P not 3PG.
PGTPti h Deleted Transporter most likely substrate is G3P not 3PG.
GLUDC m Deleted No GPR.
DHAD 4 m Deleted Chloroplast targeted based on fluorescent tagging.
4MOPt h Deleted No evidence for transporter.
4MOPt m Deleted No evidence for transporter.
3MOPt h Deleted No evidence for transporter.
3MOPt m Deleted No evidence for transporter.
Ru5PPi th Deleted No evidence for transporter.
Xu5PPi th Deleted No evidence for transporter.
6PGTt h Deleted No evidence for transporter.

AKGMALt h Deleted No evidence for transporter.
MALOAAt h Deleted No evidence for transporter.
MALICITt m Deleted No evidence for transport of this substrate.
AKGICITt m Deleted No evidence for transport of this substrate.
OAAICITt m Deleted No evidence for transport of this substrate.

EDD m Moved to plastid (EDD h) Chloroplast targeted based on fluorescent tagging.
ARG c Moved to mito (ARG m) Based on recent literature [214].

ARGt m Added Required based on arginase localization to the mitochondria.
SBP h GPR Added Phatr3 EG02409 as a isozyme based on homology.
ENO m GPR Added Phatr3 Jdraft1192 as a isozyme based on homology.

GDR NADP m GPR Changed to Phatr3 J49167.
GLYTA c Changed to GLYTA m Reaction name error in model.

SPT m Added Based on homology.
HYPRRx m Added Based on homology.
GLYCK2 m Added Based on homology.

ASPGLU2 m Added Based on homology.
ME x Deleted Based on recent literature [?].

To model photoautotrophic growth under a sinusoidal light regime we first generated

a new biomass objective function (BOF) based on published data [209]. Biomass components

reported in pg/cell were combined with the reported cell counts and total culture volume to arrive

at pg per culture. The protein % carbon reported in Jallet et. al. was different than that in the
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model biomass (44% vs. 53% respectively); the model % carbon was used for all simulations and

calculations.

Protein, structural carbohydrates and rate of storage compound accumulation was deter-

mined from the recently published biomass distribution during a full circadian period under a

sinusoidal light regime [209]. DNA and RNA were set to the values in the original P. tricornutum

genome-scale model publication [211]. Pigment mass per cell was experimentally determined for

each of the photoacclimated cultures. Non-chloroplast associated lipids were taken from the

previously published values [177].

The biomass components at dawn (T=0) were the initial parameters for the model sim-

ulation. The T=0 values for protein, carbohydrates, TAG, chlorophyll a (Chla) and chlorophyll

c were taken from the data in Jallet et. al. DNA and RNA were left at the same values as the

original GEM publication [211]. Plastid and membrane lipids were calculated based on the Chla

concentration reported in Jallet et. al. at T=0. Pigments other than Chla were set to the levels

measured in the 875 µmol photons m-2 s-1 culture used to approximate the missing biophysical

constraints. Since the pigments were measured in the late light period, the ratio of [Chla] at

dusk vs. dawn in the Jallet et. al. data was used to approximate the dawn pigment content.

Storage carbon, divided between TAGs and a β-1,4-glucan molecule with a mass ratio of 3:1, was

added to the BOF using a biomass metabolite, carbon storage c. The initial content of storage

compounds was less than 1% based on the reported values. At this point a full BOF for the

dawn time point was established.

The time variant biomass accumulation at T=3, 6, 9, 12 and 24 hours was determined

in a similar manner. It was assumed DNA accumulated at the same rate as cell division. RNA

accumulated at the same rate as protein biomass. All pigments and plastid lipids accumulated at
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the same rate as Chla; assuming the plastid volume would increase proportionally to the increase

in pigments. Membrane lipids accumulated at the same rate as cell division. From this the

percentages used in the dynamic biomass accumulation were determined (Table 4.4).

For the sinusoidal light condition, the model was simulated under a 12 h : 12 h light

: dark cycle, f/2 media, with 500 mL total culture volume and light from a white LED placed

above the culture as reported [209] for the sinusoidal culture and 800 mL total culture volume

and light from 360◦ for the photoacclimated cultures in the tubular bioreactors. Simulations

used the updated version of the GEM, iLB1033. The media was set to f/2 components as in

the original publication. The BOF was updated to the dawn time point determined above. The

initial biomass content in mg cell dry weight was determined by summing the mass of all the

individual components (10.19 mg DCW). The cross-sectional area of the photobioreactor used to

calculate the photon flux was determined to be 22 cm2 based on the reported culture height and

volume. The 24 hour simulation period was broken into 20 minute intervals with each interval

considered to be at a pseudo-steady-state. For each interval, the total photon absorption of the

culture was integrated accounting for culture self-shading; this quantum flux value was set as

the photon uptake and used to determine the maximum oxygen evolution for the culture during

the simulation interval. The biomass objective function was updated at the beginning of each

interval in accordance with the derived dynamic biomass allocation (Table 4.4). The objective was

maximization of cellular biomass. After each interval simulation, the accumulated biomass total

was decomposed into the mass allocated into each biomass component and added to a running

summation of component masses. For the sinusoidal simulation, dark metabolism was simulated

by making the accumulated storage carbon (chrysolaminarin and TAGs) available to satisfy

maintenance requirements and perform a second round of cell division. Again, at the end of each
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simulation interval biomass component accumulation and loss of storage compounds was used to

update the aggregate culture biomass. All simulations were performed using COBRApy [118] in

custom IPython notebooks [119] with the default GLPK solver.

Reaction constraints were set in a similar manner as in the original GEM publication

to include constraints on cyclic electron flow, chloroplast water-water reactions and energetic

coupling between the chloroplast and mitochondria as previously reported [179]. Energetic cou-

pling was set such that at least 15% of photosynthetically derived electrons were moved to the

mitochondria.

For the sinusodal light regime culture, the simulation period of 24 hours was divided

into 20 minute time intervals. To account for the dynamic biomass allocation at each time

interval, a linear interpolation of the rate of change for each biomass component was used to

update the BOF prior to each simulation. This new BOF was captured in a reaction named

bof c accumulation c, representing the carbon accumulation focus of the light period. The total

photon flux was determined for each time interval by first parsing the pigment component of

this BOF to determine the total Chla content of the culture at the time interval. The PAR for

the simulation was calculated from the sinusoidal equation given in Jallet et. al. For a given 20

minute time interval, the available PAR was calculated from the middle of the time interval (e.g.

for the time interval from 100-120 minutes, the PAR was calculated using t=110). The photon

flux at each wavelength in the range 400-700 nm was determined using the relative spectral

irradiance (Fig. 4.2), PAR and photobioreactor cross-sectional area (final units: µmol photons

(time interval)-1). The culture was subdivided into 50 vertical slices each containing 2% of the

total biomass to calculate the effect of cell shading in the light column. The wavelength specific

quantum flux was calculated for each slice according to Equations 3 and 4. The slice specific
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quantum flux was used to determine the slice specific oxygen evolution according to Equation 6.

Photon absorption for the slice was tracked and used to adjust the input PAR for the next slice,

effectively accounting for shading in the culture. Photon absorption and oxygen evolution were

integrated over the culture height and these values were set as the upper and lower bound of the

photon exchange reaction (EX photon e) and the upper bound of the oxygen exchange reaction

(EX o2 e). Non-growth associated maintenance (NGAM) was calculated from the experimental

dark respiration rate. This value was set as the lower bound for an fictional alternate oxidase

(NGAM), which forces a minimal amount of reductant mediated oxygen consumption consistent

with the observed dark respiration rate.

The simulation was performed by maximizing the bof c accumulation c reaction using

the parsimonious FBA function [129] as implemented in COBRApy [118]. The flux through this

reaction is equal to the biomass accumulation in milligrams over the 20 minute time interval.

This flux value was multiplied by the stoichiometric coefficients of the biomass components in the

bof c accumulation c reaction. For example, at T=0, the stoichiometric coefficient for protein

biomass was 0.79, equal to the 79% of biomass going to proteins in the dynamic biomass table

(Table 4.4). A bof c accumulation c flux of 0.1 would result in a protein biomass accumulation

of 0.079 mg over the time interval. Accumulation of all the individual biomass components was

written to a file at the end of each time interval simulation. This recorded the simulated dynamic

biomass accumulation as well as parameterized the simulation for the subsequent time interval.

This process was repeated for the duration of the light interval (T=0 to T=720 minutes) with

the output of one interval parameterizing the next.

Dark period simulations were carried out in a similar fashion. A new BOF named

bof dark c was constructed that included all biomass components except Chla since P. tricornu-
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tum lacks a light-independent protochlorophyllide oxidoreductase [210]. We assumed the biomass

ratios at T=0 were the target ratios for cell division. Thus, the biomass component ratios at

T=720 were parsed and compared with the desired ratios. The bof dark c stoichiometric co-

efficients were constructed to balance the biomass component ratios to the T=0 values. Upon

achieving the target ratios, biomass was allowed to accumulate at the target ratios for the re-

mainder of the simulation.

Dark period specific constraints included setting the bounds for photon flux, RubisCO

and carbon storage to 0. The accumulated carbon storage from the light period was made

available to the model for growth. The values for accumulated β-1,4-glucan and TAG (captured

as a representative metabolite TAG(16:1/16:1/16:0)) were allowed to decrease linearly across

the dark period as seen in Fig. 5f. The BOF reaction was optimized and biomass component

accumulation as well as carbon storage compound consumption were tracked as in the light period.

The final output was a time-course biomass accumulation table for each biomass component seen

in Fig. 2.

To model photoautotrophic growth at 60, 120, 300 and 600 µmol photons m-2 s-1 of PAR,

we generated unique BOFs for each light intensity. The BOF generated for sinusoidal growth

above served as the basis with the relative percent of pigments updated based on the experimental

results (Table 4.1) and the photosynthetic lipids adjusted based on the Chla concentration (Fig.

4.4). Since the pigments were measured in the late light period, the ratio of [Chla] at dusk vs.

dawn in the Jallet et. al. data was used to approximate the dawn pigment content. The time

variant biomass accumulation used the same change in abundance as the sinusoidal condition

(Table 4.4).

Simulations used the updated version of the GEM, iLB1033. The media was set to f/2
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components as in the original publication. The BOF was updated to the dawn time points deter-

mined above. The initial biomass content in mg cell dry weight for each culture was determined

by summing the mass of all the individual components (11.52, 11.21, 10.79 and 10.46 pg/cell for

PAR values of 60, 120, 300 and 600 µmol photons m-2 s-1 respectively). An OD to cell count

conversion was used to calculate the volumetric biomass in µg/mL. A linear regression measured

OD versus derived culture biomass was used to determine the initial biomass to initialize the

simulations (Figure ??). The values used for the simulation were: 60 µmol photons m-2 s-1: 1.82

and 2.27 mg, 120 µmol photons m-2 s-1: 3.37 and 6.80 mg, 300 µmol photons m-2 s-1: 5.47, 6.36

and 16.31 mg, 600 µmol photons m-2 s-1: 5.70, 5.92 and 16.31 mg.

The cross-sectional area of the photobioreactor used to calculate the photon flux was

determined to be 533 cm2 based on the culture height of 28.3 cm and volume of 800 mL. Reaction

constraints were the same as in the sinusoidal simulation above. The simulation was carried out in

the same manner as the sinusoidal conditions. The BOF, PAR value, maximum oxygen evolution

and Chla specific absorption coefficient were specific for the experimental condition. Only the

light period was simulated (T=0 to 720 minutes).

Photoacclimated cultures’ physiological data was reported in mass per cell. Since the

model outputs are in units of mass, the per cell normalized values needed to be converted into

total mass for comparison. Experimentally determined OD to cell count conversions are only

applicable early in the light period as OD increases along with biomass but cell division is

somewhat light synchronized to the end of the light period [209]. Since our physiology data

was collected in towards the end of the light period, we approximated the late light period

cell count. Using the cell division rate in Jallet et. al. we assumed 15±5% of the total cell

divisions occurred between dawn and dusk. From this assumption we derived the approximate
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cell count and multiplied this value by the cell count normalized physiology data to determine

the total mass of carbon, nitrogen and chlorophyll a in the culture at the end of the light period.

The ±5% error in cell count approximation was combined with the standard deviation of the

experimental measurements to establish the total standard deviation reported (Figure 4.10). The

simulation values used for comparison with the experimental physiology data were the mean of

the simulation outputs between T=9 hrs to T=12 hrs; consistent with the time to sample and

process the cultures for analysis.

Sensitivity analysis

Sensitivity to changes in the biomass composition was determined by randomly varying

each biomass component by ±50% and simulating a single 20 minute biomass accumulation

period for 1000 iterations. The resulting biomass was compared to the biomass accumulation

at the default model composition. Sensitivity to changes in the biophysical constraints was

determined by randomly varying a∗ph(λ), PAR, initial biomass dry weight, and maximum oxygen

evolution by ±30% and simulating a single 20 minute biomass accumulation period for 1000

iterations. The resulting biomass was compared to the biomass accumulation at the default

parameter values. All simulations were performed using COBRApy [118] in custom IPython

notebooks [119] with the default GLPK solver.

Comparison of experimental and simulation results

Details on the calculations can be found in the Supplemental Methods. Briefly, the

biomass values for the sinusoidal culture reported in pg/cell was converted to total culture mass

using the cell counts reported at each time point [209]. The resulting experimental biomass values
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were directly compared to the simulated biomass component values at the same time points. For

the photoacclimated cultures, chlorophyll a, POC, and PON were converted from pg/cell to total

mass using an approximation of cell count from the culture OD750 and the total culture volume

of 800 mL. Error in the cell count approximation and the experimental values were combined to

generate the standard deviation reported with the total mass values used for comparison with

model outputs. Since the sampling for the experimental data was spread out over the end of

the light period, the simulation results from T=9 hours to T=12 hours were averaged and the

resulting value was compared to the experimental values.

4.2 Conclusions

We generated a framework for incorporating photophysiology constraints with dynamic

changes to cellular composition to explore photoacclimation in a model marine diatom. Incor-

poration of photophysiology constraints into our simulations resulted in accurate predictions

of photoautotrophic growth, indicating these are the governing constraints on phototrophic

metabolism. Our implementation of biomass composition dynamics, similar to a recent study in

C. vulgaris [224], characterized non-steady state growth over a circadian cycle. Data-dependent

relaxation of the steady-state assumption is an important extension of constraint-based modeling

and brings into scope a wide variety of phenotypes of interest to the phototrophic community.

Our simulation results identified the dominant alternate electron flows used by P. tri-

cornutum to relocate and consume excess light energy and suggest photorespiration is an active

photoprotection strategy. The dramatic reorganization of cellular metabolism as a function of

the light environment suggested by our simulations highlight the value in systems-level analysis

and represent new directions to explore in diatom physiology.
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Chapter 5

Predictive modeling of

photoautotrophic metabolism across

three clades

There is great interest in engineering photoautotrophic metabolism to generate bioprod-

ucts of societal importance. Despite the success in employing genome-scale modeling coupled

with flux balance analysis to engineer heterotrophic metabolism, this methodology has not been

broadly applied to phototrophic metabolism. This gap is attributed to the lack of proper con-

straints necessary to generate biologically realistic predictions. Here we describe a methodology

for constraining genome-scale models of photoautotrophy in the cyanobacteria Synechococcus

elongatus sp. PCC 7942, the green algae Chlorella vulgaris sp. UTEX 395 and the diatom

Phaeodactylum tricornutum. Experimental photophysiology parameters coupled to genome-scale

flux balance analysis resulted in accurate predictions of growth rates and metabolic reaction
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fluxes at low and high light conditions. Additionally, by constraining photon uptake fluxes, we

characterize the metabolic cost of excess excitation energy. The predicted energy fluxes are con-

sistent with known light-adapted phenotypes in cyanobacteria. This methodology, applicable to

genome-scale modeling of all phototrophic microorganisms, can facilitate the use of flux balance

analysis in the engineering of light-driven metabolism.

5.1 Predicting the metabolic capabilities of S. elongatus sp.

PCC 7942 adapted to different light regimes

There is significant interest in engineering light-driven metabolism towards the production

of fuels and chemicals. Cyanobacteria represent the simplest phototrophs and have been employed

to produce a variety of products [225]. Synechococcus elongatus sp. PCC 7942 (hereafter, S.

elongatus), a genetically tractable obligate phototroph, has been engineered for the production

of a wide variety of chemicals to include 3-hydroxypropinoate [226], succinate [227], and 1,3-

propanediol [228]. Despite its classification as an obligate phototroph, this organism has also been

engineered for mixotrophic metabolism, using carbon sources such as glycerol [229] and glucose

[230] to generate bioproducts of interest. While experimental and computational fluxomics have

been central to effective engineering of heterotrophic organisms [231] [232], their application to

the engineering of phototrophic metabolism has been limited.

Fluxomics contributes to metabolic engineering by identifying the resource partitioning

through a metabolic network. Reaction fluxes are determined experimentally via 13C metabolic

flux analysis (MFA), or computationally using methods such as flux balance analysis (FBA) [30].

Recent developments in 13C MFA have resulted in characterization of photoautotrophic metabolic
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fluxes [49] and the engineering of cyanobacteria such as S. elongatus [90]. Flux balance analysis

coupled with genome-scale modeling (GEM) has a long history of facilitating bioprocess design

[233], and has the potential to advance the engineering of phototrophic metabolism [175]. Still,

despite the availability of several phototrophic GEMs [234], there are few examples of GEMs

being employed in the design of light-driven metabolic processes [20].

The power of a GEM to engineer a metabolic network for bioproduction depends on its

ability to accurately predict flux through the network. Simple constraints such as the glucose

and oxygen uptake rate result in accurate assessments of heterotrophic reaction fluxes [235]. The

ability to define the metabolic flux state with as few parameters as possible requires a mechanistic

understanding of the governing constraints on the system. Recent modeling in S. elongatus

resulted in accurate prediction of photoautotrophic growth through photophysiology constraints

[222]. In this study, a mechanistic description of photon uptake coupled with constraints on

oxygen evolution resulted in accurate predictions of photoautotrophic growth to include the

transition to a linear growth curve as a result of self-shading. With the recent publication

of 13C MFA reaction fluxes for S. elongatus [90] [236], it is possible to assess the ability of

photophysiology constraints to characterize photoautotrophic metabolism.

In this study we show constraining a GEM of S. elongatus with the photon uptake rate

derived from whole-cell absorbance and the net oxygen evolution rate results in accurate predic-

tions of metabolic fluxes. First, we generate the necessary constraints from the photophysiology

of S. elongatus acclimated to two light intensities differing by an order of magnitude. Next, we

incorporate these constraints with the GEM to predict growth rates at the two culture condi-

tions. The resulting metabolic reaction fluxes predicted by the model showed good agreement

with the experimental 13C MFA results. Finally, we use the GEM to assess alternate energy flows
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in S. elongatus. Overall we present the governing constraints of photoautotrophic metabolism,

obtained by experimentally accessible protocols, that result in accurate prediction of photoau-

totrophic metabolic reaction fluxes. This methodology, applicable to genome-scale modeling of

all phototrophic microorganisms, can facilitate the use of flux balance analysis in the engineering

of light-driven metabolism.

5.1.1 Results

In this study we set out to assess the ability of genome-scale modeling coupled with

photophysiology constraints to predict metabolic capabilities in S. elongatus. To this end, we

first collected the necessary physiology data necessary to parameterize the models. This resulted

in a comprehensive comparison of low versus high light acclimated cultures. Next, we integrated

these data as constraints on the model simulations, comparing model simulations with in vivo

growth rates and fluxes. Finally, we assess the alternate energy flows through the photosystems

as a result of the absorption of excess excitation energy.

Photoacclimation in the cyanobacteria S. elongatus sp. PCC 7942

S. elongatus was acclimated and cultured at a high light condition of 600 µmol photons

m-2 s-1 (HL, n=4) and a low light condition of 60 µmol photons m-2 s-1 (LL, n=3). Specific

growth rates were 0.086 ± 0.003 and 0.048 ± 0.003 hr-1 respectively for HL and LL cultures.

While cells grown at both light levels had approximately the same cell width (1.2 ± 0.1 and 1.1 ±

0.1 µm at HL and LL respectively), LL cells were significantly longer resulting in a 20% increase

in cell volume at LL (Table 5.1).

There were significant differences in light harvesting pigments as a result of photoaccli-
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Table 5.1: Physiology parameters of S. elongatus acclimated to low and high light.

Growth rate (h-1) Cell volume (µm3) pgDW cell-1

Low Light 0.047 ± 0.004 3.4 ± 0.6 1.3 ± 0.2
High Light 0.081 ± 0.015 2.8 ± 0.3 1.0 ± 0.2

mation. Total pigments (phycocyanin (PC), allophycocyanin (APC) and chlorophyll a (chla)

at LL were 4.9 fold higher than at HL (Table 5.2). Chla and APC increased at a similar rate

(3.4 and 3.8 fold respectively). Almost all chla in S. elongatus is contained within the photo-

systems [16] and APC is a linker pigment-protein complex connecting the light harvesting PC

with the photosystems. Thus, this increase in chla and APC is likely attributed to an increase

in the number of PSI and PSII complexes present at LL. The light harvesting pigment-protein

complex PC increased 5.7 fold at LL compared to HL. The larger -fold increase in PC versus

APC suggests not only did the number of phycobilisomes increase but the rod length of each

phycobilisome was longer at LL compared to HL. The phycobilisomes constituted 28% of the

cellular biomass at LL compared to 7% at HL.

Table 5.2: Comparison of pigments in S. elongatus acclimated to low and high light.

Ratios (LL:HL)
Chl a (pg/cell) PC (pg/cell) APC (pg/cell) PC:Chl a APC:Chl a PC:APC Total pigments Chl a PC APC

Low light 0.037 ± 0.002 0.29 ± 0.05 0.08 ± 0.02 7.8 2.2 3.6 4.9 3.4 5.7 3.8
High light 0.011 ± 0.000 0.05 ± 0.01 0.02 ± 0.00 4.6 1.9 2.4

The pigment content and composition of the cell dictates its light harvesting capacity.

This cell-specific absorption coefficient is an important modeling parameter as it determines the

photon uptake rate and the extent of self-shading that occurs in the culture. We compared the

cell normalized absorption coefficient (a*cell) and the pigment normalized coefficient (a*pigm) at

both light levels (Fig. 5.1). LL acclimation resulted in 2.3 times more light absorbed per cell

than the HL cells, despite the 4.9 fold increase in total pigments. This decrease in light capture

efficiency on a per-pigment basis is illustrated in the LL to HL a*pigm ratio of approximately 0.5
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(Fig. 5.1B). Thus, while low light acclimation allowed S. elongatus to absorb more light per cell,

there were diminishing returns with respect to the resources required.

0.00

0.01

0.02

0.03

0.04

0.05

0.06

0.07

400 450 500 550 600 650 700
0.0

0.2

0.4

0.6

0.8

1.0

1.2

400 450 500 550 600 650 700

a* cm2/cellx10-8

Wavelength (nm) Wavelength (nm)

A
bs

or
pt

io
n 

co
ef

fic
ie

nt
 (c

m
2  c

el
l-1

)

A
bs

or
pt

io
n 

co
ef

fic
ie

nt
 (c

m
2  µ

g-1
 p

ig
m

en
ts

) a*
pigm a*

cell Low light
High light

A B

Low light
High light

Figure 5.1: Cell- and pigment-specific absorption coefficients for S. elongatus acclimated to
low and high light. (A) Cell-specific absorption coefficient. (B) Pigment-specific absorption
coefficient. The pigment mass includes phycocyanin, allophycocyanin and chlorophlly a. Shaded
areas represent one standard deviation from the mean (HL n=4, LL n=3).

Photophysiology of S. elongatus at low and high light

We simultaneously measured chlorophyll fluorescence parameters and oxygen evolution

using a rapid light curve (RLC) protocol [209]. As the genome-scale models (GEMs) require

quantitative incorporation of photophysiology constraints, we converted the typical photosyn-

thesis versus irradiance curves into a model-compatible format. First, we converted the incident

light (photosynthetically available radiation, PAR) to the quanta of light absorbed by the cells

(quantum flux, QF). This conversion accounts for the fact that oxygen evolution and fluorescence

were collected using a red actinic light, while the cells were cultured under fluorescent light. Addi-

tionally, QF received by cells in the culture flasks decreased across the path length of the culture

due to cell shading. Thus, we report both the maximum QF (QFmax), representative of photon

capture rates of cells closest to the light source, and the mean QF (QFmean), representative of
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the average photon capture rate across the full path length.

To induce sufficient fluorescence signal, PAM measurements often require high cell densi-

ties. The resulting increase in cell shading decreases the quanta of light absorbed across the path

length of the sample cuvette. We calculated the photon uptake accounting for cuvette shape,

path length, cell density and cellular pigmentation [237]. This transformation dramatically af-

fected the calculated oxygen evolution rate at a given photon absorption rate (PO vs. QF) (Fig.

5.2).
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Figure 5.2: Effect of path length correction on quantum flux calculations S. elongatus. Account-
ing for cell shading in the determination of quantum flux affects the calculated oxygen evolution
rate at the experimental conditions. +/- PL refers to plots with (+) or without (-) accounting
for path length. Abbreviations. LL: low light, HL: high light, PL: path length, QF: quantum
flux.

PO versus QF curves showed the LL acclimated cells had a significantly steeper light

limited slope of photosynthesis, α , and a higher maximum photosynthetic rate, Pmax, compared

to HL cultures (Fig 5.3A). This resulted in similar cell-specific maximum oxygen evolution rates at

the experimental QF for the two light levels with the HL PO at QFmax approximately 20% higher

than the LL condition (Table 5.3). Comparing the mean oxygen evolution rates, this difference
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increases to almost 40%, quantifying the impact of cell shading on culture productivity. When

the Po versus QF curves were normalized to gram dry cell weight, the difference in mean oxygen

evolution rate increased to 75% (Fig. 5.3B), which is similar to the difference in specific growth

rate (72%, Table 5.1).
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Figure 5.3: Oxygen evolution versus quantum flux for S. elongatus acclimated to low and
high light. (A) Cell-specific Po versus QF curves. (B) Dry cell weight-specific Po versus QF
curves. Vertical dashed lines represent the maximum quantum flux received by the cultures at
the experimental irradiance. Abbreviations. LL: low light, HL: high light, QF: quantum flux.

Table 5.3: Comparison of photosynthetic rates in S. elongatus acclimated to low and high light.
The chlorophyll fluorescence parameter qL is reported for QFmean.

Ratios (HL:LL)
QFmax* QFmean* Pomax

† Pomean
† Fv/Fm qL Pomax Pomean

Low Light 2.5x10-11 1.6x10-11 6.6 ± 0.8 x10-13 4.6 ± 0.5 x10-13 0.30 0.93 1.2 1.4
High Light 1.1x10-11 6.0x10-11 8.1 ± 0.7 x10-13 6.3 ± 0.4 x10-13 0.20 0.71

* µmol photons cell-1 s-1
† µmol O2 cell-1 s-1

Interpretation of chlorophyll fluorescence measurements in cyanobacteria differs from that

in algae and higher plants [238] [239]. As such, we report the maximum quantum yield of PSII

(Fv/Fm), the effective quantum yield of PSII as a function of QF (Y(II)), and the fraction of

141



open reaction centers (qL) (Table 5.3 and Fig. 5.4). However, the values were not quantitatively

integrated with our model simulations. Additionally, S. elongatus sp. PCC 7942 lacks the orange

carotenoid protein that confers NPQ to cyanobacteria [240]; thus, NPQ is not reported for this

species. Qualitatively, the effective quantum yield was approximately two-fold higher for the LL

acclimated cells (0.33 ± 0.01 vs. 0.15 ± 0.01 at LL and HL respectively), suggesting an increase

in excitation energy diverted to PSI, consistent with previous observations in cyanobacteria [239].
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Figure 5.4: Chlorophyll fluorescence parameters versus quantum flux for S. elongatus. (A)
Quantum yield of photosystem II (PSII) versus QF curves. The maximal quantum yield (Fv/Fm)
is equal to the y-intercept of the curves. (B) Fraction of open reaction centers (RCs) versus
quantum flux. Vertical dashed lines represent the maximum quantum flux received by the cultures
at the experimental irradiance. Abbreviations. LL: low light, HL: high light, QF: quantum flux.

Genome-scale modeling of S. elongatus at low and high light

The photophysiology results were translated into modeling constraints to simulate pho-

toautotrophic growth of S. elongatus. The a*cell coupled with the experimental PAR intensity

and spectral quality of the fluorescent light was used to determine the photon uptake constraint

for the simulations. This uptake value, equivalent to QF, was used to determine the oxygen

evolution rate of the culture. This value constrained the oxygen exchange flux for the simula-
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tions. The biomass objective function (BOF) defines which metabolites and in what ratio must

be synthesized to generate the macromolecular cellular components necessary for growth. We

updated the BOF to reflect the differences in pigment mass between the two growth conditions

prior to performing simulations.

The quality of the model simulations depends on the accuracy of the experimental photo-

physiology parameters. Thus, we not only simulated growth using the mean values, but also the

upper bound (UB) and lower bounds (LB) of the Po vs. QF curves, a*cell and dry cell weight (pg

cell-1). As the experimental growth curves are based on cell counts, the dry cell weight converts

the biomass accumulation predicted by the model to cell counts; thus, having an impact on the

accuracy of the model growth rate predictions.

The model predicted a LL mean growth rate of 0.033 h-1(UB: 0.044, LB: 0.025) compared

to an experimental value of 0.047 ± 0.004 h-1 representing a 30% underestimation by the model

(Fig. 5.5). For the HL condition the model predicted a mean growth rate of 0.051 h-1 (UB:

0.067, LB: 0.039) compared to an experimental value of 0.081 ± 0.015 h-1 representing a 38%

underestimation by the model (Fig. 5.5). While the upper bound of the simulations values

approached the range of the experimental observations, the model tended to underestimate the

growth rate at both high and low light.

While growth rate can be inferred from empirical models, genome-scale models have

the advantage of predicting the flux for all biochemical reactions in the metabolic network.

In the case of S. elongatus, constraining the oxygen evolution rate with net PO, the photon

uptake rate with QF and the biomass objective function with the light-condition-specific cellular

composition, reaction fluxes are predicted for 861 intracellular reactions. Recent studies have

used 13C metabolic flux analysis (MFA) to experimentally determine the reaction flux for central
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Figure 5.5: Experimental versus simulated growth rates for S. elongatus acclimated to low and
high light. For experimental values, error bars represent the standard deviation (HL: n=4, LL:
n=3). For the simulation values, the error bars represent the model upper and lower bounds
of the model predictions based on the error of the experimental inputs. Abbreviations. Exp:
experimental, Sim: simulated.

metabolism in S. elongatus [90] [236]. We compared our LL condition predicted reaction fluxes

with those published for S. elongatus at a similar growth rate [90], normalized to 100 units of

RubisCO carboxylase flux to account for the slight difference in growth rate. The predicted

reaction fluxes showed remarkable similarity to the experimental values (Fig. 5.6 and Fig. 5.7A,

B). The primary difference was in metabolic fluxes surrounding the malate dehydrogenase (MDH)

reaction inferred from the 13C MFA data but lacking genomic evidence.

We compared our HL predicted reaction fluxes with those published for S. elongatus sp.

PCC 7942 at near optimal growth rates [236]. Again, our flux predictions showed good agreement

with the experimental values (Fig. 5.8 and Fig. 5.7C, D). The primary discrepancies were in

the transketolase interconversions in the Calvin-Benson cycle. However, the net flux into and

out of these reactions were in agreement. Overall, the GEM flux predictions constrained by

photophysiology constraints were consistent with 13C MFA results across the range of observed

growth rates.
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Figure 5.6: Simulated versus experimental metabolic reaction fluxes for S. elongatus at low
growth rates. (A) Predicted fluxes at low light by the S. elongatus genome-scale model iJB792.
(B) Experimental reaction fluxes for S. elongatus as reported in [90]. Metabolic reactions and
metabolites are indicated by their BiGG identifier (bigg.ucsd.edu). Flux values normalized to
100 units of RubisCO carboxylase flux are shown below the reaction abbreviations.

Predicted excitation energy routes in S. elongatus

The GEM’s biomass objective function defines the energetic requirements for growth down

to the metabolite level. Comparing constrained versus unconstrained photon uptake enabled an

assessment of excitation energy absorbed in excess of biosynthesis and maintenance needs. We
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Figure 5.7: Correlation between simulated and experimental metabolic reaction fluxes for S.
elongatus. (A) Comparison of low light predicted fluxes and experimental fluxes reported in [90].
(B) Correlation between low light predicted fluxes and experimental fluxes reported in [90]. (C)
Comparison of low light predicted fluxes and experimental fluxes reported in [236]. (D) Corre-
lation between low light predicted fluxes and experimental fluxes reported in [236]. Metabolic
reactions and metabolites are indicated by their BiGG identifier (bigg.ucsd.edu). For (A) and
(B), flux values are normalized to 100 units of RubisCO carboxylase flux. For (C) and (D) flux
values are normalized to 100 units of inorganic carbon uptake. Abbreviations: ACONT: aconi-
tase, CS: citrate synthase, ENO: enolase, FBA: fructose-bisphosphate aldolase, FBA3: sedo-
heptulose 1,7-bisphosphate D-glyceraldehyde-3-phosphate-lyase, FBP: fructose-bisphosphatase,
FUM: fumarase, PGK: phosphoglycerate kinase, ICDH: isocitrate dehydrogenase, MDH: malate
dehydrogenase, ME: malic enzyme, PDH: pyruvate dehydrogenase, PEPC: phosphoenolpyruvate
carboxylase, PGI: glucose-6-phosphate isomerase, PGM: phosphoglycerate mutase, PGMT: phos-
phoglucomutase, PRUK: phosphoribulokinase, PYK: pyruvate kinase, RPE: ribulose-5-phosphate
3-epimerase, RPI: ribose-5-phosphate isomerase, SBP: sedoheptulose-bisphosphatase, SUCD:
succinate dehydrogenase, TKT1: transketolase (S7P → R5P + X5P), TKT2: Transketolase
(F6P → E4P + X5P), TPI: triosephosphate isomerase, ACLS: acetolactate synthase, ALAD:
L-alanine-dehydrogenase, PGLYCP: phosphoglycolate phosphatase.

simulated growth using the upper bound constraints as they more closely recapitulated in vivo

growth rates and thus, realistic energy needs.

At low light, with a QF of 2.0x10-11 µmol photon cell-1 s-1, the unconstrained model

predicted only 33% of the excitation energy was necessary to satisfy the electron needs for biomass
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Figure 5.8: Simulated versus experimental metabolic reaction fluxes for S. elongatus at high
growth rates. (A) Predicted fluxes at high light by the S. elongatus genome-scale model iJB792
at low light. (B) Experimental reaction fluxes for S. elongatus as reported in [236]. Metabolic
reactions and metabolites are indicated by their BiGG identifier (bigg.ucsd.edu). Flux values
normalized to 100 units of inorganic carbon uptake are shown below the reaction abbreviations.

production and maintenance. We then constrained the photon uptake to account for the entire

quanta of absorbed photons. The GEM includes experimentally determined wavelength-specific

energy transfer efficiencies [16]. Based on these values and the emission spectra of the growth

light, approximately 30% of the QF is lost before reaching the reaction centers. This quanta, along
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with the biomass and maintenance requirements accounted for 63% of the absorbed photons. The

remaining 37% was consumed by alternate electron flows (AEFs). At high light, with a QF of

7.5x10-11 µmol photon cell-1 s-1, the unconstrained model predicted only 11% of the excitation

energy was necessary to satisfy the electron needs for biomass production and maintenance.

After accounting for wavelength-specific energy transfer efficiencies, 58% of the absorbed QF was

consumed by AEFs.

The AEFs predicted by the model depends on their relative metabolic cost. The simula-

tions predicted relatively high flux through PSI, even at low light. The model includes a basal PSI

superoxide generation rate of 1%, while PSII includes a D1 repair cost proportional to flux. The

model flux predictions preferentially routed excitation energy through PSI since the combined

action of superoxide dismutase and catalase detoxifies the ROS to water with no energy input

required. Compared to the unconstrained simulation, the constrained simulation predicted an

increase in charge recombination at PSII which increases damage to the PSII D1 protein. This

damage is mitigated by de novo synthesis of a new protein at a significant ATP/GTP cost at the

ribosome. The model predicted increased cyclic electron flow around PSI is required to generate

the chemical energy necessary for D1 protein biosynthesis (Table 5.4). Thus, the D1 repair cost

determines both the predicted bifurcation of excitation energy between PSII and PSI and the

cyclic electron flow rate, balancing ATP and reductant ratios necessary to satisfy photodamage

mechanisms. A summary of predicted excitation energy routing, D1 repair costs and quantum

yields of carbon fixation and oxygen evolution are shown in Table 5.4.
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Table 5.4: Predicted excitation energy flow in S. elongatus acclimated to low and high light.
ΦCO2 : quantum yield of net carbon fixation, ΦO2 : quantum yield of net oxygen evolution.
Abbreviations: ET: energy transfer, PSII: photosystem II, PSI: photosystem I, CEF: cyclic
electron flow, CR: charge recombination.

Fraction of absorbed quanta State Transition

ET loss PSII PSI CEF PSII CR PSI/PSII D1 repair cost1 ΦCO2
2 ΦO2

2 PSI:PSII3 Y(II)4

High light 0.31 0.09 0.60 0.54 0.04 6.7 3.2x10-10 0.009 0.010 2.1 2.1
Low light 0.29 0.17 0.54 0.36 0.03 3.2 0.6x10-10 0.028 0.031

1 µmol ATP cell-1 s-1
2 µmol x µmol-1 photon
3 (High light PSI/PSII)x(Low light PSI/PSII)-1
4 (Low light Y(II))x(High light Y(II))-1

5.1.2 Discussion

In this study we combined photophysiology constraints with a genome-scale model of S.

elongatus sp. PCC 7942 to predict metabolic differences between low and high light acclimated

cultures. Overall, the model underestimated the growth rate at both high and low light but flux

predictions were in good agreement with experimentally determined values. The genome-scale

model predictions allowed for an assessment of excitation energy routing through the photosystem

as a result of excess light absorption.

The photophysiology constraints resulted in accurate predictions of photoautotrophic

growth. Whole cell absorption spectrum, cell dry weight and oxygen evolution are widely accessi-

ble experimental techniques that are often used to characterize photophysiology [237]. When cou-

pled to genome-scale modeling, these inputs provided a detailed assessment of cellular metabolism

to include growth rate and reaction fluxes. Such inputs could be used for real-time monitoring

and/or process control parameters of large-scale, light-driven bioprocesses engineering.

While the upper bound of the simulations values approached the range of the experimental

observations, the model tended to underestimate the growth rate at both high and low light.

When determining the oxygen evolution rate, we did not supplement the sample with exogenous
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bicarbonate as it has been reported to affect photophysiology [241]. However, based on the cell

densities used and photosythetic rates observed, it is likely the samples became carbon limited

during the oxygen evolution experiment. This likely would have reduced Pmax of the PO vs. QF

curve used to parameterize the model resulting in a underestimation of the growth rate.

Reaction fluxes predicted by the genome-scale model were consistent with experimen-

tal 13C metabolic flux analysis [90] [236]. The observed accuracy is partially due to the non-

redundant nature of the S. elongatus metabolic network. This lack of redundancy decreases the

number of feasible flux states at the network level; evident by the similarity in experimental re-

action fluxes in both 13C MFA studies. The agreement between the model predictions and MFA

data suggests the photophysiology parameters are dominant constraints on photoautotrophy and

the FBA assumption of optimality is appropriate. These factors coupled with emerging meth-

ods for combining constraint-based modeling with quantitative -omics data [242] brings a wide

variety of phenotypes of interest to the phototrophic community into scope for in silico modeling.

Discrepancies in the simulation flux predictions and experimental data were the result

of model structure and limitations. For the high light/fast growth rate comparison (Fig. 5.8),

the primary differences were in the transketolase reactions. These reactions interconvert Calvin-

Benson cycle metabolites along with enzyme-bound two and three carbon intermediates [49]. As

these enzyme-bound intermediates are not included in the model, they were not predicted. The

overall flux into and out of the Calvin-Benson cycle was accurately predicted by the model. For

the low light/slow growth rate comparison (Fig. 5.6), the primary differences were around the

hypothesized malate dehydrogenase reaction. This MDH bypass of pyruvate kinase is hypothe-

sized to be necessary due to regulatory inhibition of pyruvate kinase [243]. This reaction, which

lacks genomic evidence was added to our GEM based on biochemical evidence from MFA [90];
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however, the simulations predicted the reaction carried no flux. Regulatory mechanisms are not

included in the genome-scale model; thus, the default prediction is for the bypass to not carry

flux. Data-dependent incorporation of this regulatory mechanism into a GEM could enable an

in silico assessment of conditions under which this bypass is active.

An advantage of genome-scale modeling over 13C MFA is the ability to predict reaction

fluxes beyond central metabolism. We used this capability to assess alternate energy flows in

S. elongatus. Our simulations predicted approximately 37% and 58% of the absorbed photons

at low and high light respectively, were in excess of growth requirements and energy transfer

losses. These numbers are likely overestimates since the energy transfer losses included in the

model are based on measurements in S. elongatus permeaplasts [16] using chemical electron

donor and acceptors; thus, they represent the most efficient energy transfer rates. Leveraging

recent developments in cyanobacterial PAM fluorometry techniques [239] may help constrain the

physiological values. Still, up to 40% of photosynthetic flux was reportedly directed to the Mehler

AEF reaction in the cyanobacteria Synechocystis [244], suggesting our simulated values are in a

biologically realistic range.

The model predicts an increase in excitation energy directed to PSI with an increase in

QF (Table 5.4), consistent with known state transitions in cyanobacteria [245]. Additionally, our

prediction of increased cyclic electron flow at high light, evident by increased flux through the

NDH-1 complex, is in agreement with the known role of this complex in cyanobacteria [246] [247].

The absolute fluxes through PSII versus PSI depends on accurate accounting of the metabolic

cost of ROS detoxification at both reaction centers. Currently, the metabolic cost to repair the

D1 protein, as coded in the model, drives the predicted excitation energy routing. Additionally,

the GEM assigns a ROS generation rate that scales linearly with reaction flux. The kinetics of
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ROS generation are likely not linear in vivo and properly constraining the flux-dependent ROS

generation rates stands as an area of improvement for the GEM. Still, the fold change in predicted

PSI versus PSII flux predicted by the model was in close agreement in the change in Y(II) at the

experimental QF (Table 5.4). This suggests coupling photon uptake constraints with the GEM

assumption of optimality results in accurate qualitative assessments of excitation energy routing

between low and high light.

It should be emphasized that FBA and MFA are complementary methods. Often GEM

simulations result in multiple mathematically-equivalent flux states for a given set of constraints.

MFA results restrict these alternate, equivalent optima to a narrower, biologically realistic subset.

MFA results also validate or refute assumptions in the GEM. For example, in S. elongatus a

phosphoketolase bypass of glycolysis is feasible based on the genome annotation [222]. The GEM

uses a hypothesized constraint that limits this bypass flux. The agreement between the model

predictions and MFA data validates this constraint on phosphoketolase flux. GEMs also support

and extend discovery and engineering in MFA experiments. Metabolic reconstructions define

the core metabolism of the organism, assisting in the development of the isotopomer models

needed for MFA. Additionally, 13C MFA experiments in phototrophs are resource intensive. A

validated GEM can explore phenotypes and engineering strategies in silico prior to committing

resources on experimental validation of the predictions. Finally, genome-scale models extend

MFA flux measurement outside of central metabolism either through direct constraints [248] or

by analyzing the full flux distribution from a simulation that was validated against MFA central

carbon flux, as we have done in this study.
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5.1.3 Materials and Methods

Culture conditions

Synechococcus elongatus sp. PCC 7942 wild type, stored in our laboratory;s culture

collection as AMC06, was cultured at 30◦C in 400 mL BG-11 medium in 1 L Roux flasks. Flasks

were bubbled with air under continuous illumination in a temperature controlled incubator.

Cultures were light acclimated (low light (n=3) at 60 µmol photons m-2 s-1, high light (n=4) at

600 µmol photons m-2 s-1) for 72 hours, diluted and grown until mid-exponential phase before

being harvested.

Cell physiology measurements

Cell densities were manually determined using an improved Neubauer hemocytometer.

Growth rates were determined based on the change in cell counts from innoculation to harvest.

Cell dry weight was determined by taking 50 mL of culture (n=3) and filtering it onto a GF/C

glass microfiber filter (diameter: 47mm). Filters containing cellular biomass and media controls

(n=3) were dried at 95◦C overnight. Cellular dry weight was determined by subtracting the

post-filtration mass from the pre-filtration mass, after normalizing to the media control.

Determination of cell dimensions

For imaging, thin pads of 1% (wt/vol) agarose were prepared using Mini-PROTEAN R©

Tetra Cell Casting Module. From this gel, 1-2 cm square pads were cut and placed onto a

microscope slide and 2-5 ul cell culture liquid was added to the pad and let dry. Then a microscope

slide cover was gently placed onto of the agarose pad and cells were imaged using a DeltaVision

inverted epifluorescence microscope (Applied Precision, Issaquah, WA). Images were captured
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using a CoolSnap HD charge-coupled device (CCD) camera (Photometrics, Tucson, AZ). Cell

length and width were determined using the straight line tool in ImageJ [249]. For high light

(n=210) and low light (n=238) acclimated cells the mean and standard deviation were determined

and the mean ± 2 standard deviations was used to determine cell volume by modeling the cell

shape as a core cylinder capped with two hemispheres according to the following equation:

V ol = π
(w

2

)2
(l − w

2
) +

4

3
π
(w

2

)3
(5.1)

Where l is the cell length and w is the cell width.

Pigment extraction

Cells (4 mL culture) were collected by centrifugation at 10,000 x g at 5◦C for 15 min-

utes. The supernatant was discarded and the cell pellet was frozen at -80◦C until processed.

Chlorophyll was extracted with 50 µL DMSO and 1950 µL of methanol, incubated in the dark

for 30 minutes, and centrifuged at 10,000 x g at 5◦C for 15 minutes. The pigment containing

supernatant was transferred to a 1 cm path length cuvette. Absorbance spectra were collected

used a Cary 60 UV-Vis Agilent spectrophotometer in scan mode (350-800 nm, scan interval

of 1 nm). Chlorophyll concentrations were determined using the equations for the appropriate

solvent [126].

Phycobilisomes were extracted from the thawed cell pellets by resuspension in 2 mL

PBS (10 mM phosphate, 150mM NaCl, pH 7.0) with a protease inhibitor (cOmpleteTM, Sigma-

Aldrich). Cells were lysed by sonication (Fischer Scientific Sonic Dismembrator 500, 50% power,

8 seconds on, 30 seconds off for 5 cycles) with the tube chilled in an ice bath during lysis to prevent

overheating. Microscopic observation of post-sonicated samples indicated a lysis efficiency of
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over 90%. Lysed samples were centrifuged at 45,000 x g at 5C for 60 minutes. 200 µL of the

phycobilisome containing supernatant was transferred to a 96 well plate. Absorbance spectra were

collected using an Infinite 200 PRO Multiplate Reader (Tecan) spectrophotometer in scan mode

(400-750 nm, scan interval of 1 nm). Phycocyanobilin and apophycocyanobilin concentrations

were determined using published extinction coefficients [250] after correcting the well plate path

length to a 1 cm equivalent.

Cellular absorption coefficients

Cellular absorption coefficients were determined based on published protocols [251]. 1

mL of culture volume was added to 9 mL of BG-11 media and cells were collected by vacuum

filtration onto a GF/C glass microfiber filter (47 mm diameter). The filter was placed on top

of a 96-well plate with a plate cover along with a negative control consisting of a filter through

which 10 mL of BG-11 media had passed. Absorbance spectra were collected using a Infinite

200 PRO Multiplate Reader (Tecan) in scan mode (400-750 nm). Spectra from a total of 6 wells

per filter were collected, averaged, blank subtracted and normalized to an OD750 value of 0.

The wavelength specific absorption coefficient was determined, along with correcting for filter

amplification using the coefficients for Synechococcus WH103 in [251], according to the following

equation:

aλ = 2.303
(
0.301 (Aλ) + 0.45

(
A2
λ

))
(5.2)

where Aλ is the absorbance at a given wavelength. The cell normalized absorption coefficient

(a*cell, units: cm2 cell-1) and the pigment normalized coefficient (a*pigm, units: cm2 µg-1 pig-

ments) were determined by dividing aλ by either the total number of cells deposited on the filter
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or the total pigment mass, respectively, and then multiplying the resulting value by the filter

area onto which the cells were deposited (12.7 cm2 for the 47 mm diameter GF/C filter).

Simultaneous oxygen evolution and chlorophyll fluorescence parameters

Rapid light curves (RLCs) were performed as outlined in [209]. A Walz Dual PAM 100

fluorometer in a temperature controlled custom cuvette holder and a FireSting Optical Oxygen

Meter were used for the simultaneous measurement of chlorophyll fluorescence and oxygen evo-

lution. Approximately 30 mL of culture was removed and cells were pelleted by centrifugation

(3000 x g, 10 minutes at 30◦C). Cell pellets were resuspended in fresh media to the target cell

density (HL: 5x108 cells mL-1, LL: 2.5x108 cells mL-1) and kept in the dark for 10 minutes prior

to analysis. Dark respiration rates were collected for approximately 10 minutes prior to running

RLCs. The chlorophyll fluorescence parameters Fv/Fm, Y(II), qP and NPQ were determined as

described [252] [253].Net oxygen evolution rates were normalized to cell count. Shading in the

round cuvette was accounted for by calculating the attenuation across the cuvette path length

according the following equation:

QFIo = 2

∫ λ=700

λ=400

∫ y=r

y=0
Ioλ (λ)− Ioλ (λ) e−a

∗
cell(λ)·c·2(r2−y2)

1
2
dy dλ (5.3)

where QFIo is the quantum flux in µmol photons m-2 s-1 at a given PAR value (Io), λ is the

wavelength, Ioλ (λ) is the fraction of the PAR at a given wavelength λ, r is the radius of the

cuvette (0.56 cm), a∗cell is the wavelength-specific absorption coefficient in cm2 cell-1, and c is

the cell density in cells cm-3. QF was converted to µmol photons cell-1 s-1 by multiplying QFIo

by the rectangular surface area of the cuvette (width = 0.56 cm, height = 1.15 cm), converted

to m2 and dividing by the total number of cells in the cuvette. This QF value was used as the
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independent variable in plots of oxygen-based photosynthesis (Po) versus QF.

Genome-scale metabolic modeling

The S. elongatus genome-scale model (GEM) iJB785 [222] was updated to include addi-

tional content (Table 5.5).

Table 5.5: Content edits to iJB785 in the construction of iJB792.
Reaction ID Reaction name Notes

MPTSS Molybdopterin synthase sulfurylase Added. Molybdopterin cofactor biosynthesis.
MOADSUx MoaD sulfuration (nadh, assumed) Added. Molybdopterin cofactor biosynthesis.
GTPC GTP 3,8-cyclase Added. Molybdopterin cofactor biosynthesis.
CPMPS Cyclic pyranopterin monophosphate synthase Added. Molybdopterin cofactor biosynthesis.
MPTS Molybdopterin synthase Added. Molybdopterin cofactor biosynthesis.
MPTAT Molybdopterin adenylyltransferase Added. Molybdopterin cofactor biosynthesis.
MOCOS Molybdenum cofactor synthase Added. Molybdopterin cofactor biosynthesis.
MDH Malate dehydrogenase Added. Based on fluxomics data [90]. Gene reaction rule unknown.
ORNTA Ornithine transaminase Deleted. Gene model results in a truncated protein that appears to be inactive in vivo [222]

Simulations were performed in a similar manner to [222]. The biomass objective function

was updated to account for differences in pigments between the low and high light conditions

(Table 5.1). Demand reactions to allow dissipation of excitation energy at PSII and PSI were

added to assess the minimum quantum requirement of biomass production.

DM chla qy2 c: chla qy2* c → cholphya c

DM chla qy1 c: chla qy1* c → cholphya c

Photoautotrophic growth was simulated for a 12 hour time period broken into 20 minute psuedo-

steady-state segments. Light was modeled coming from the side of the flask. The Roux flasks

had approximately 375 mL of culture at the time of the experiments which resulted in a light-

facing surface area of 80 cm2 and a path length of 4.7 cm. At the beginning of each simulation,

the appropriate constraints were updated. First, the total biomass in the culture was divided

by the cell dry weight to determine the total cells in the culture. Next, the photon uptake rate

was determined by dividing the culture into 50 slices along the 4.7 cm path length. These slices

were considered thin enough that cell shading was assumed to be negligible. Thus, we used
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the spectral distribution of photon flux for the given light source at the experimental irradiance

(I0(λ)), the cell specific spectral absorption coefficient (a∗λ), and the cell count, to determine the

photon uptake flux (Ia) in units of µmol photons (time interval)-1 using the following equation:

Ia =
cell

SA

∫ 700

400
I0(λ)a∗cell(λ)dλ (5.4)

where cell is the total number of cells in the slice and SA is the light-facing surface area of the

slice. Light attenuated in one slice was removed from I0(λ) for the subsequent slices, accounting

for shading along the culture path length. A running total of the absorbed light was used to set

the reaction bounds of the photon exchange reactions in the GEM.

The PO vs. QF curves were fit to a Platt [128] equation for photosynthesis prediction

(P), using quantum flux as the independent variable.

P = Pmax(1− e−
α×QF
Pmax )e−

β×QF
Pmax (5.5)

Pmax is the maximum photosynthetic rate, α and β are the parameters that describe the initial

slope of the curve, and the photoinhibition (if present), respectively. These curves were used to

determined the oxygen evolution rate at each slice. The total oxygen evolution across the culture

path length was used to set the bounds of the oxygen exchange reaction in the GEM (reaction

ID: EX o2 e).

Non-growth associated maintenance (NGAM) was calculated from the experimental dark

respiration rate. This value was set as the lower bound for an fictional plastoquinone oxidase

(reaction ID: NGAM), which forces a minimal amount of reductant mediated oxygen consumption

consistent with the observed dark respiration rate.

The simulation was performed by maximizing the BOF reaction using the parsimonious

FBA function [129] as implemented in COBRApy [118]. The flux through this reaction is equal
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to the biomass accumulation in milligrams over the 20 minute time interval. This biomass

was added to a running total of the total culture biomass and used to parameterize the next

20 minute simulation interval. All calculations and simulations were performed using in-house

scripts developed in IPython [119].

Comparison with 13C isotopically-nonstationary metabolic flux analysis

For low light simulations, the predicted flux vector from the model simulation was divided

by the flux through the RPBCcx model reaction (RubisCO carboxylase) and multiplied by 100.

The experimental data was normalized to 100 units of flux through the RUBP + CO2 → 3PGA

+ 3PGA reaction in Supplemental Table A2 for wild type S. elongatus sp. PCC 7942 in [90].

For high light simulations, the same process was applied, except fluxes were normalized to the

sum of the CO2 and bicarbonate exchange fluxes, multiplied by 100, and compared with the

experimental fluxes reported in Supplemental Table 5 in [236].

5.2 Integrating chlorophyll fluorescence measurements with

genome-scale modeling quantifies microalgal alternate elec-

tron flows

There is significant interest in leveraging phototrophic metabolism to generate products

of societal interest. The ability to characterize photophysiology under various conditions is a

prerequisite for understanding and engineering light-driven metabolism. In bioreactor systems,

optimizing light regimes have led to substantial increases in biomass yields [254,255]. Addition-

ally, for open air algae cultivation or analysis of natural environments, photophysiology under
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sinusoidal or fluctuating light conditions at full solar radiance need to be considered [201,209,237].

Chlorophyll fluorescence parameters, accessible though pulse amplitude modulation fluo-

remetry, provide non-intrusive characterization of in vivo photosynthesis [252]. These parameters

have been used to characterize the photophysiology of microalgae as a function of changes in the

light environment [209, 237, 256]. However, the equations used to translate the chlorophyll fluo-

rescence signal to photosynthetic parameters are largely based on the photophysiology of higher

plants. Additionally, the metabolic network downstream of the photosystems directly interface

with the photosynthetic apparatus. Thus, to fully characterize light-driven metabolism, photo-

synthetic parameters need to be integrated with the broader metabolic network.

Genome-scale metabolic network reconstructions are bottom-up representations of cellu-

lar metabolism [257]. Built on the functional annotation of an organism’s genome, the metabolic

capability of the cell is represented in a modeling framework amenable to hypothesis generation,

hypothesis testing, and data analysis. High-quality genome-scale models (GEMs) of phototrophic

microorganisms have emerged as powerful tools for characterizing phototrophic metabolism and

uncovering unique metabolic capabilities. Recent modeling in the cyanobacteria S. elongatus sp.

PCC 7942 incorporated the photophysiology parameters of photon uptake and photosynthetic

rates to accurately predict photoautotrophic growth [222]. In this study we build on this work

by integrating chlorophyll fluorescence parameters with genome-scale modeling.

5.2.1 Results

In this study we explored the photophysiology of a green algae, Chlorella vulgaris UTEX

395 (hereafter: C. vulgaris) and the diatom Phaeodactylum tricornutum (hereafter: P. tricor-

nutum) acclimated to low and high light. We first characterized the photophysiology through
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simultaneous oxygen evolution and chlorophyll fluorescence. We then integrated these parame-

ters with genome-scale models (GEMs) in order to quantify the excitation energy absorbed in

excess of growth and maintenance requirements. Finally, we quantified the relative metabolic

cost of different forms of reactive oxygen damage that can occur due to excess excitation energy.

C. vulgaris was acclimated and cultured at a high light irradiance of 400 µmol photons

m-2 s-1 (HL, n=3) and a low light irradiance of 60 µmol photons m-2 s-1 (LL, n=3). C. vulgaris

grew at a rate of 0.043 ± 0.006 and 0.082 ± 0.006 hr-1 at LL and HL respectively. Cell size was

highly variable; however, the average cell diameter for LL cells was smaller resulting in a 30%

decrease in mean cell volume compared to HL cells (120 vs. 90 µm3 at HL and LL respectively).

This difference was also reflected in the dry cell weight with the LL cells containing approximately

55% the mass per cell of the HL acclimated cells (Table 5.6).

P. tricornutum was acclimated and cultured at a high light irradiance of 600 µmol photons

m-2 s-1 (HL, n=4) and a low light irradiance of 60 µmol photons m-2 s-1 (LL, n=3). P. tricornutum

grew at a rate of 0.027 +/- 0.002 and 0.056 +/- 0.001 hr-1 at LL and HL respectively. Cell volumes

for cultures grown at both light levels differed by less than 10% (200 ± 40 versus 180 ± 40 µm3

at HL and LL respectively). Dry cell weight was also similar between the cultures (Table 5.6).

Table 5.6: Physiology parameters of C. vulgaris and P. tricornutum acclimated to low and high
light.

Growth rate (h-1) Cell volume (µm3) pgDW cell-1

C. vulgaris
Low Light 0.043 ± 0.006 90 ± 45 10.3 ± 1.3
High Light 0.082 ± 0.006 120 ± 60 18.4 ± 2.1

P. tricornutum
Low Light 0.027 ± 0.002 180 ± 40 17.1 ± 2.0
High Light 0.056 ± 0.001 200 ± 40 20.4 ± 1.4

There were significant changes in the chlorophyll content of cells adapted to difference

light regimes, as is typical for microalgae [258]. In C. vularis, total pigments (chlorophyll a (chla)

and chlorophyll b (chlb)) at LL were 2.5 fold higher than at HL (Table 5.7). The chla to chlb ratio
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decreased from 12.1 at HL to 4.9 at LL. This increase in pigment content despite a decrease in

cell size resulted in low light capture efficiency at LL. The LL acclimated cells absorbed only 1.3

times more light per cell than the HL cells, despite the 2.5 fold increase in total pigments. This

decrease in light capture efficiency is illustrated in the LL to HL a*
pigm ratio of approximately

0.5 (Fig. 5.9).

In contrast to C. vulgaris, light capture efficiency remained constant at both acclimated

light conditions in P. tricornutum. Total pigments (chlorophyll a (chla) and chlorophyll c (chlc))

at LL were 2.8 fold higher than at HL (Table 5.7). The chla to chlc ratio varied slightly from

6.0 at LL to 5.4 at HL. The 2.8 fold increase in pigments resulted in a 3 fold increase in a*
cell

at LL compared to HL. This was evident in the LL to HL a*
pigm ratio of 1.1 (Fig. 5.9). The

chlorophyll content per cell was consistent with previous observations of photoacclimation in P.

tricornutum [208].

Table 5.7: Comparison of pigments in C. vulgaris and P. tricornutum acclimated to low and
high light.

Chl a (pg/cell) Accessory chl† (pg/cell) Chl ratio* Total chlorophyll (LL:HL)

C. vulgaris
Low light 0.501 ± 0.038 0.102 ± 0.010 4.9 2.5
High light 0.225 ± 0.021 0.019 ± 0.001 12.1

P. tricornutum
Low light 0.384 ± 0.006 0.073 ± 0.001 6.0 2.8
High light 0.142 ± 0.014 0.024 ± 0.003 5.2

† C. vulgaris: chlorophyll b; P. tricornutum: chlorophyll c
* Chlorophyll a / accessory chlorophyll

Photophysiology of C. vlugaris and P. tricornutum at low and high light

Using a rapid light curve (RLC) protocol [209] we concurrently determined chlorophyll

fluorescence parameters and oxygen evolution. Assessments of excess energy flow require quanti-

tative incorporation of photophysiology constraints into the genome-scale model (GEM). Thus,

we converted the typical photosynthesis versus irradiance curves into photosynthesis versus quan-
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Figure 5.9: Cell- and pigment-specific absorption coefficients for C. vulgaris and P. tricornutum
acclimated to low and high light. (A) Cell-specific absorption coefficient for C. vulgaris. (B)
Pigment-specific absorption coefficient for C. vulgaris. (C) Cell-specific absorption coefficient for
P. tricornutum. (D) Pigment-specific absorption coefficient for P. tricornutum. The pigment
mass includes chlorophyll a and accessory chlorophyll pigments (b and c for C. vulgaris and P.
tricornutum respectively). Shaded areas represent one standard deviation from the mean (HL:
n=4 for P. tricornutum, n=3 for C. vulgaris; LL: n=3).

tum flux curves (PO vs. QF) according to the equations in [237]. We accounted for the decrease

in QF received by cells across the culture flasks path length due to cell shading. Thus, we report

both the maximum QF (QFmax) and the mean QF (QFmean), representative of photon capture

rates of cells closest to the light source and the average photon capture rate across the full path
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length, respectively. As PAM measurements require high cell densities to generate sufficient flu-

orescence signal, we used a similar approach to account for cell shading in the sample cuvette

accounting for cuvette shape, path length, cell density and cellular pigmentation. This calculated

QF was used as the independent variable for PO vs. QF curves as well as chlorophyll parameter

vs. QF plots.
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Figure 5.10: Oxygen evolution versus quantum flux for C. vulgaris and P. tricornutum accli-
mated to low and high light. (A) Cell-specific Po versus QF curve for C. vulgaris. (B) Cell-specific
Po versus QF curve for P. tricornutum. Vertical dashed lines represent the mean quantum flux
received by the cultures at the experimental irradiance. Abbreviations. LL: low light, HL: high
light, QF: quantum flux.

PO vs. QF curves were dramatically different between the two species. The low light

acclimated QF was almost identical for C. vulgaris and P. tricornutum (Table 5.8). However, the

photosynthetic rate of P. tricornutum was 1.7 times higher at QFmean compared to C. vulgaris.

However, since the dry cell weight of LL acclimated C. vulgaris was 1.7 fold smaller than LL

acclimated P. tricornutum, the growth rates (based on cell count) were similar. In contrast, HL

acclimated C. vulgaris cultures absorbed 1.4 times as many photons per cell as P. tricornutum and
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demonstrated a 1.6 fold higher photosynthetic rate at QFmean. As both cells had approximately

the same dry cell weight, this difference accounts for the 1.5 fold difference in growth rate between

the two species at HL (Table 5.6). Overall, P. tricornutum achieved a lower maximal albeit more

consistent growth rate.
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Figure 5.11: Chlorophyll fluorescence parameters versus quantum flux for C. vulgaris and
P. tricornutum acclimated to low and high light. (A) Chlorophyll fluorescence parameters vs.
quantum flux for C. vulgaris acclimated to low light. (B) Chlorophyll fluorescence parameters vs.
quantum flux for C. vulgaris acclimated to high light. (C) Chlorophyll fluorescence parameters
vs. quantum flux for P. tricornutum acclimated to low light. (D) Chlorophyll fluorescence
parameters vs. quantum flux for P. tricornutum acclimated to high light. Abbreviations and
definitions: Y(II)- quantum efficiency of photosystem II, NPQ- non-photochemical quenching,
Y(NO)- unregulated, non-radiative dissipation of excitation energy.
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Overall trends in the chlorophyll fluorescence parameters plotted against quantum flux

(PAM vs. QF) were similar between the two light regimes. In C. vulgaris the maximum quantum

yield of PSII (Fv/Fm) was similar for LL and HL acclimated cells (Table 5.8). The effective

quantum yield of PSII, Y(II), decreased almost linearly with increasing QF with the rate of

decrease faster in the LL acclimated cells (Fig. 5.11A, B). Non-photochemical quenching, NPQ,

was constitutively active in both LL and HL acclimated cultures, accounting for almost 10%

of the QF at HL but only 2% at LL (Table 5.8 and Fig. 5.11). As Y(II) accounts for the

fraction of QF performing photochemistry and NPQ is the fraction of QF lost as heat, the

balance, Y(NO), accounts for the remaining fraction of QF that is dissipated in unregulated,

non-radiative processes. For C. vulgaris Y(NO) accounted for approximately half of QFmax and

40% of QFmax at HL and LL respectively. The fraction of open reaction centers and a proxy for

the redox state of the plastoquinone pool, qL, decreased faster in LL acclimated cells compared

to HL (Fig. 5.12A). The sum of regulated excitation energy consumption, Y(II) + NPQ, resulted

in similar values at QFmean for LL and HL acclimated samples (Fig. 5.12B).

For P. tricornutum, PAM vs. QF plots were similar between HL and LL cultures (Fig.

5.11C, D). Y(II) decreased rapidly with increasing QF for both light regimes. NPQ did not

contribute a significant fraction of QF dissipation at either HL or LL. Y(NO) accounted for

approximately 70% of QFmax and 40% of QFmax at HL and LL respectively. qL vs. QF curves

were almost identical across the entire QF range for HL and LL acclimated samples (Fig. 5.12C).

In both acclimated cultures, regulated energy consumption plateaued around 35-40% of QF (Fig.

5.12D). Additionally, NPQ was activated when the qL value dropped below 0.4 in both LL and

HL acclimated cultures (QF = 5x10-10 µmol photons cell-1 s-1).

The cell densities used and photosynthetic rates observed at high light suggested carbon
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Figure 5.12: Fraction of open reaction centers and regulated excitation energy consumption for
C. vulgaris and P. tricornutum acclimated to low and high light. (A) Fraction of open reaction
centers (qL) for C. vulgaris. (B) Total regulated dissipation of photosystem II excitation energy
for C. vulgaris. (C) Fraction of open reaction centers (qL) for P. tricornutum. (D) Total regulated
dissipation of photosystem II excitation energy for P. tricornutum. Lines indicate polynomial
fits through the experimental data. Abbreviations: Y(II)- quantum efficiency of photosystem II,
NPQ- non-photochemical quenching.

limitation in the samples during analysis. We repeated the measurements supplementing the

samples with 5 mM bicarbonate and repeating the PO vs. QF and PAM experiments. High

light acclimated C. vulgaris samples showed deviations up to 40% in the predicted PO value at

experimental QF (Fig. 5.13A). However, chlorophyll fluorescence parameters versus QF showed
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Table 5.8: Comparison of photosynthetic rates in C. vulgaris and P. tricornutum acclimated to
low and high light. The chlorophyll fluorescence parameters Y(II), NPQ and qL are reported for
QFmean.

Ratios (HL:LL)
QFmax* QFmean* Pomax

† Pomean
† Fv/Fm Y(II) NPQ qL Pomax Pomean

C. vulgaris
Low Light 2.1x10-10 1.6x10-10 7.4 ± 0.0 x10-12 5.7 ± 0.0 x10-12 0.68 0.60 0.02 0.76 4.1 5.0
High Light 1.1x10-9 8.4x10-10 3.0 ± 0.5 x10-11 2.7 ± 0.4 x10-11 0.71 0.48 0.08 0.44

P. tricornutum
Low Light 2.3x10-10 1.5x10-10 1.4 ± 0.0 x10-11 9.8 ± 0.1 x10-12 0.69 0.62 0.0 0.76 1.3 1.7
High Light 7.7x10-10 5.9x10-10 1.8 ± 0.2 x10-11 1.7 ± 0.2 x10-11 0.63 0.32 <0.01 0.28

* µmol photons cell-1 s-1
† µmol O2 cell-1 s-1

only minor changes, most of which were at QF values above the experimental values (Fig. 5.13C).

Thus, there was likely carbon limitation but not depletion in the C. vulgaris HL acclimated

samples. The resulting differences in PO vs. QF for C. vulgaris at LL were negligible (Fig. 5.13B)

and modest for P. tricornutum suggesting at most a 15% underestimation of oxygen evolution

at QFmean (Fig. 5.13D). These differences became relevant when simulating photoautotrophic

growth using the genome-scale models.

Genome-scale modeling of C. vulgaris and P. tricornutum at low and high light

We simulated photoautotrophic growth in both species at low and high light by translating

the photophysiology results into modeling constraints. The photon uptake constraint for the

model was derived from the a*cell coupled with the experimental PAR intensity and emission

spectrum of the fluorescent light used during culturing. This value is equivalent to QF and was

used to determine the oxygen evolution rate of the culture. This value constrained the oxygen

exchange flux reaction for the simulations. Additionally, the biomass objective function (BOF),

used to simulate the accumulation of cell dry weight, defines the metabolites their associated

stoichiometery that must be biosynthesized for growth. Prior to running the simulations, the BOF

was updated to reflect the photoacclimation induced changes to pigment levels. As the quality

of the model results depends on the accuracy of the experimental photophysiology parameters,
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Figure 5.13: Oxygen evolution versus quantum flux for C. vulgaris and P. tricornutum with
and without 5mM bicarbonate. (A) Cell-specific Po versus QF curve for C. vulgaris acclimated to
high light with and without 5 mM sodium bicarbonate. (B) Cell-specific Po versus QF curve for
C. vulgaris acclimated to low light with and without 5 mM sodium bicarbonate. (C) Chlorophyll
fluorescence parameters versus QF curve for C. vulgaris acclimated to high light with and without
5 mM sodium bicarbonate. (D) Cell-specific Po versus QF curve for P. tricornutum acclimated
to high light with and without 5 mM sodium bicarbonate. Vertical dashed lines represent the
quantum flux received by the cultures at the experimental irradiance. Abbreviations. LL: low
light, HL: high light, QF: quantum flux, NPQ: non-photochemical quenching, Y(II): effective
quantum yield of PSII, qL: fraction of open reaction centers.
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we simulated growth using the mean values and the upper bound (UB) and lower bounds (LB)

of the Po vs. QF curves, a*cell and dry cell weight (pg cell-1).
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Figure 5.14: Experimental versus simulated growth rates for C. vulgaris and P. tricornutum
acclimated to low and high light. For experimental values, error bars represent the standard
deviation (HL: n=4 for P. tricornutum and n=3 for C. vulgaris, LL: n=3). For the simulation
values, the error bars represent the model upper and lower bounds of the model predictions based
on the error of the experimental inputs. Abbreviations. Exp: experimental, Sim: simulated.

For C. vulgaris the model predicted a LL mean growth rate of 0.041 h-1(UB: 0.047, LB:

0.036) in good agreement with the experimental value of 0.043 ± 0.006 h-1 (Fig. 5.14). For

the HL condition the model predicted a mean growth rate of 0.095 h-1 (UB: 0.118, LB: 0.070)

compared to an experimental value of 0.082 ± 0.006 h-1 representing a 15% overestimation by

the model at the mean (Fig. 5.14). The wide range of simulated HL growth rates was a result of
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the variability in the oxygen evolution rates in the experimental QF range (Fig. 5.10A), likely

due to carbon limitation. Correcting for carbon limitation by adjusting the PO vs. QF curve

based on the bicarbonate spiked data (Fig. 5.13A) increased the discrepancy in the predicted

versus experimental growth rate (Fig. 5.14).

For P. tricornutum, the simulated growth rates were consistent with experimental values

(Fig. 5.14). The model predicted a LL mean growth rate of 0.028 h-1(UB: 0.032, LB: 0.025) in

good agreement with the experimental value of 0.027 ± 0.002 h-1. For the HL condition the model

predicted a mean growth rate of 0.046 h-1 (UB: 0.054, LB: 0.038) compared to an experimental

value of 0.056 ± 0.001 h-1. The predicted mean growth rate for the HL acclimated condition was

underestimated by approximately 20%; however, adjusting the PO vs. QF curve based on the

bicarbonate spiked data (Fig. 5.13D) resolved the discrepancy.

Quantifying alternate electron flow in C. vulgaris and P. tricornutum at low and

high light

We used the genome-scale model to predict the excitation energy in excess of growth and

maintenance requirements. The GEM’s biomass objective function (BOF) defines the energetic

requirements for growth down to the metabolite level. This includes the chemical energy and

reductant required for assimilation of all molecular precursors to include C, N, S and P. Allowing

excess excitation energy to leave the system upstream of the photosystems results in a prediction

of the quanta required only for biomass production and maintenance requirements. A schematic

of this unconstrained QF scenario is outlined in Figure 5.15A. By constraining the model to

account for 100% of the absorbed quanta, along with the effective quantum yield of PSII (Y((II)),

we assessed the excitation energy routing through the photosystems to include alternate electron
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flows (Fig. 5.15B).

PSII

PSI Biomass

2 H2O

O2
4 H+

4 e-

QF

unconstrained

Photon 
capture

PAR

Unconstrained

PSII

PSI Biomass
AEF

2 H2O

O2
4 H+

4 e-

QF
Photon 
capture

PAR
Y(II)

Constrained

PSII

PSI
Biomass
AEF
ROS

2 H2O

O2
4 H+

4 e-

QF

NPQ+Y(NO)

Photon 
capture

PAR
Y(II)

ROS damage
1O2

*

A

B

C

NPQ+Y(NO)

Figure 5.15: Schema used to quantify alternate electron flows. (A) Unconstrained condition
where unlimited excitation energy can leave the system upstream of the photosystems. (B).
Constrained condition that accounts for 100% of the absorbed quanta (C) Condition where
unregulated energy dissipation at PSII causes singlet oxygen production. Abbreviations. PAR:
photosynthetically active radiance, QF: quantum flux, PSI: photosystem I, PSII: photosystem II,
Y(II): effective quantum yield of PSII, Y(NO): unregulated excitation energy dissipation, NPQ:
non-photochemical quenching, AEF: alternative electron flow, ROS: reactive oxygen species.

For C. vulgaris, HL acclimated cells at a QF of 6.1x10-10 µmol photon cell-1 s-1, the

unconstrained model predicted only 44% of the excitation energy was necessary to satisfy the

electron needs for biomass production and maintenance. We then constrained the photon uptake

to account for the entire quanta of absorbed photons. The model predicted almost equal distri-

bution of excitation energy between PSI and PSII (Table 5.9). Based on this excitation energy

partitioning ratio, 24% of the total QF was dissipated at PSII resulting in a model predicted

electron transport rate (ETR) of 2.4x10-10 µmol electrons cell-1 s-1 (Table 5.9). Model predicted

AEF was calculated as the difference between the minimum required PSII flux, equal to the un-
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constrained ETR, and the ETR in the constrained simulations. For the HL acclimated culture,

the model predicted AEF accounted for 19% of the total QF.

The C. vulgaris LL acclimated cells at a QF of 1.8x10-10 µmol photon cell-1 s-1 were pre-

dicted to need 51% of the total absorbed photons for biomass and maintenance. The constrained

model predicted LL excitation energy partitioning ratios and quantum yields were similar to the

HL predictions (Table 5.9). The predicted ETR for the LL acclimated cells was 7.0x10-11 µmol

electrons cell-1 s-1, approximately 3.4 fold lower per cell than the HL acclimated condition. AEF

accounted for 16% of the total QF at LL.

For P. tricornutum, HL acclimated cells at a QF of 6.0x10-10 µmol photon cell-1 s-1, the

unconstrained model predicted only 31% of the excitation energy was necessary to satisfy the

electron needs for biomass production and maintenance. The constrained model predicted in-

creased excitation energy routed to PSI (Table 5.9). Based on this excitation energy partitioning

ratio, 41% of the total QF was dissipated at PSII resulting in a model predicted electron trans-

port rate (ETR) of 1.5x10-10 µmol electrons cell-1 s-1 (Table 5.9). The excess energy dissipated

upstream of PSII reduced the need for AEF flux, which accounted for 9% of the total QF.

The P. tricornutum LL acclimated cells at a QF of 1.5x10-10 µmol photon cell-1 s-1

were predicted to need 68% of the total absorbed photons for biomass and maintenance. The

constrained model predicted LL excitation energy partitioning between PSI and PSII to be similar

to those predicted in HL. However, only 19% of absorbed quanta were dissipated upstream of PSII

resulting in a predicted ETR of 5.4x10-11 µmol electrons cell-1 s-1 (Table 5.9). AEF accounted for

only 1% of total QF. Quantum yields for CO2 and O2 were 2.2-fold higher in the LL condition

(Table 5.9).
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Table 5.9: Predicted excitation energy flow in C. vulgaris and P. tricornutum acclimated to low
and high light. Values are for simulations constrained to account for 100% of absorbed quanta.
ΦCO2 : quantum yield of net carbon fixation, ΦO2 : quantum yield of net oxygen evolution.
Abbreviations: QF: quantum flux, ETR: electron transport rate, PSII: photosystem II, PSI:
photosystem I, CEF: cyclic electron flow, AEF: alternate electron flow, Y(NO): unregulated
excitation energy dissipation, NPQ: non-photochemical quenching.

Fraction of absorbed quanta

QF1 ETR2 Quantum demand3 PSII PSI AEF Y(NO)+NPQ PSI/PSII ΦCO2
4 ΦO2

4

C. vulgaris
High light 6.1x10-10 2.4x10-10 10.2 0.37 0.39 0.19 0.24 0.95 0.029 0.035
Low light 1.8x10-10 0.7x10-10 10.3 0.39 0.35 0.16 0.26 0.90 0.029 0.035

P. tricornutum
High light 6.0x10-10 1.5x10-10 16.0 0.25 0.33 0.09 0.41 1.3 0.019 0.029
Low light 1.5x10-10 0.5x10-10 11.1 0.36 0.46 0.01 0.19 1.3 0.043 0.064

1 µmol photon cell-1 s-1
2 µmol electron cell-1 s-1
3 QF × (0.25 × ETR)-1; mol photon mol-1 O2
4 µmol × µmol-1 photon

Model-driven analysis of ROS impact on C. vulgaris growth rate

We explored the metabolic cost of reactive oxygen species (ROS) detoxification on the

predicted growth rates for C. vulgaris acclimated to high light in an attempt to account for the

difference between experimental and predicted growth rates (Fig. 5.15C). The C. vulgaris HL

samples stood out as the one condition where the model overestimated growth. We hypothesized

the high ETR of C. vulgaris at high light could result in increased ROS generation resulting in a

metabolic penalty. As the detoxification reactions are present in the genome-scale model, we set

the lower bounds of these reactions to non-zero values and assessed the impact on growth rate

predictions.

The first mechanism we explored was protein repair. Photosystem subunits, such as the

D1 protein of PSII, become damaged during charge separation and must be replaced. The de

novo biosynthesis of a new protein requires chemical energy in the form of ATP and GTP to

polymerize the amino acids at the ribosome. The model predicted an ATP consumption rate of

7.0x10-11 µmol cell-1 s-1 would be required to reduced the bicarbonate spiked growth rate of 0.121

h-1 down to the experimental growth rate (Table 5.10). A hallmark of this damage mechanism was
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a decrease in the ratio of oxygen evolved to carbon uptake (photosynthetic quotient) which was

predicted to drop to 0.82 (Table 5.10). Additionally, the model predicted increase mitochondrial

ATP production to satisfy the chemical energy requirement for de novo protein biosynthesis. The

malate valve [259] from the chloroplast to the mitochondria was the predicted cross-compartment

reductant pathway.

The next mechanism we investigated was detoxification of peroxide via ascorbate per-

oxidase. This detoxification mechanism requires reductant (e.g. NADPH) to regenerate the

ascorbate in a glutathione-mediated manner. Identical to the protein repair mechanism, the

model predicted an NADPH consumption rate of 7.0x10-11 µmol cell-1 s-1 would be required to

reduced the bicarbonate spiked growth rate of 0.121 h-1 down to the experimental growth rate.

However, at this level the oxygen evolution rate was only 65% of the maximum, which is in

conflict with the observed rates from the PO vs. QF curves. When we restricted the minimum

oxygen evolution rate to 90% of the maximum, the lowest predicted growth rate for the peroxide

damage mechanism was 0.097 h-1. Thus, while peroxide detoxification may contribute to the pre-

dicted versus experimental growth rate discrepancy the model predictions suggest it was likely

not the sole contributor.

The last mechanism we explored was singlet oxygen generation upstream of PSII. We

modeled this as a direct reaction of ascorbate with singlet oxygen producing hydrogen peroxide

and dehydroascorbate [260]. The model predicted if 4.5% of the unregulated excitation energy

dissipation flux (Y(NO)) generated singlet oxygen, the growth rate would decrease to the observed

value. This damage mechanism was characterized by a significantly higher PSI/PSII ratio and

increased cyclic electron flow (Table 5.10).
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Table 5.10: Metabolic cost of reactive oxygen species detoxification in C. vulgaris acclimated
to high light. Required flux represents the rate necessary for the given damage mechanism to
reduce the growth rate from the predicted value to the experimental value. Abbreviations: PSII:
photosystem II, PSI: photosystem I, CEF: cyclic electron flow.

Fraction of absorbed quanta

Damage mechanism Predicted growth rate1 Required flux2 PSII PSI CEF PSI/PSII Photosynthetic quotient3

Protein repair (ATP) 0.086 7.0x10-11 0.41 0.38 0.0 0.93 0.82
Peroxide (NADPH) 0.097 5.0x10-11 0.38 0.36 0.0 0.95 1.08
Singlet oxygen 0.083 0.6x10-11 0.53 0.28 0.27 1.89 1.04

1 h-1

2 µmol cell-1 s-1
3 µmol O2 evolved x µmol-1 Ci fixed

5.2.2 Discussion

In this study we characterized photoautotrophic metabolism through integrated chloro-

phyll fluorescence measurements and genome-scale modeling. The results suggest distinct pho-

toacclimation strategies between P. tricornutum and C. vulgaris. Analysis of photon capture and

PAM fluoremetry showed C. vulgaris had variable quantum flux and physical cell properties but

consistent photophysiology at PSII, while the opposite was the case for P. tricornutum (Table

5.8). Constraining the genome-scale model (GEM) with the photon uptake rate and oxygen evo-

lution rate resulted in accurate predictions of growth rate for all species and conditions with the

exception of C. vulgaris acclimated to HL. The addition of chlorophyll fluorescence measurements

as constraints allowed for predictions of species and condition-specific excitation energy routing

through the photosystem and a quantification of alternate electron flows (AEF). Finally, we

generated actionable hypotheses for investigating the possibility reactive oxygen specied (ROS)

affect the growth rate of C. vulgaris at high photon fluxes.

Both species responded to decreased PAR by increasing cellular pigment levels, consistent

with previous observations in C. vulgaris [256] and P. tricornutum [208]. Unlike the observations

by Wilson et. al., we observed light-dependent growth rates in C. vulgaris with the doubling
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time of the LL acclimated cells 5-fold higher than the HL acclimated culture. These growth

rates were consistent with those reported for C. vulgaris grown in sinusoidal and fluctuating

light regimes [237]. Additionally, we observed a decrease in the chlorophyll-specific absorption

coefficient between the two light regimes (Fig. 5.9B), in contrast to observations in sinusoidal

and fluctuating light [237]. The increased pigment content coupled with a lower mean cell volume

at LL likely reduced the light harvesting efficiency due to pigment packaging effects [212]. Our

chlorophyll fluorescence parameters were largely consistent with previous studies [237,256]. PAM

vs. QF plots for C. vulgaris were similar at both acclimated conditions (Fig. 5.11A, B; Fig.

5.12A, B). This similarity suggests photoacclimation mechanisms are driving cell photophysiology

back to a homeostatic point.

Our observations in P. tricornutum were consistent with photophysiology under fluctu-

ating and sinusoidal light [237] and photoacclimation [208]. P. tricornutum exhibited efficient

photoacclimation with the quanta absorbed per pigment remaining consistent between low and

high light (Fig. 5.7D). Dissipation of excitation energy via NPQ was not observed in P. tricor-

nutum at the experimental QF values (Fig. 5.11C, D). For the HL conditions, this lack of NPQ

was coupled with an effective quantum yield of PSII (Y(II)) value of 0.32 (Table 5.8) suggesting

the presence of non-dissipative mechanisms, such as cyclic electron flow around PSII [261]. NPQ

has been shown to be an important excitation-energy dissipation mechanism in fluctuating light

conditions [209, 237]; however, our results suggest other dissipative mechanisms are sufficient to

prevent photoinhibition under less dynamic light environments. In both LL and HL conditions,

NPQ was initiated once the fraction of open reaction centers, qL dropped below 0.4 (Fig. 5.11C,

D; Fig. 5.12C). This qL trigger point is consistent with chlorophyll fluorescence observations in

P. tricornutum cultured under a sinusoidal light regime [209].
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Translating the QF to a photon uptake constraint and the PO into an oxygen evolution

constraint in the genome-scale model resulted in highly accurate predictions of photoautotrophic

growth (Fig. 5.14). The HL condition in P. tricornutum was slightly underestimated; however,

this was likely due to the beginning of carbon limitation in the sample during analysis (Fig.

5.13D). The predicted growth rate for C. vulgaris acclimated to HL stood in contrast to the

accurate predictions for the other conditions (Fig. 5.14). After accounting for the possibility of

carbon limitation in the sample via bicarbonate addition, the predicted growth rate was 150%

higher than the experimental value. It’s possible the bicarbonate addition resulted in photosyn-

thetic rates not achievable under growth with air alone. The other possibility we explored was a

metabolic cost associated with photo-oxidative damage repair.

Contextualizing photophysiology and chlorophyll fluorescence measurements with

genome-scale modeling enabled mechanistic investigations into the observed phenotypes. The

model quantified the ROS damage that would account for the difference in observed versus ex-

perimental growth rate for C. vulgaris at HL (Table 5.10). Additionally, characteristics of the

different damage repair mechanisms to include the photosynthetic quotient, PSI/PSII ration and

cross-compartment reductant shuttles were predicted. These hypotheses serve as the starting

point for experimental investigations into the observed discrepancy.

Constraining GEMs with QF and PO automatically predicts relevant photosynthetic pa-

rameters in a manner similar to previous investigations [201, 237]. Our predictions of AEF in

P. tricornutum were similar to those calculated under sinusoidal and fluctuating light condi-

tions (0.01 and 0.09 at LL and HL versus 0.03 and 0.07 at FL and SL, respectively) [237]. An

advantage to performing this analysis in the GEM is the model predicts the optimal routing

of excitation energy between PSI and PSII. For P. tricornutum, our simulations predicted an
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increase in excitation energy routed to PSI (Table 5.15). This results in a calculated ETR that

differs from methodologies that assume equal excitation energy routed to both photosystems,

resulting in a lower predicted quantum demand for P. tricornutum at experimental QF values

(Table 5.8). Our predictions for the quantum efficiency of oxygen evolution and carbon uptake

were consistent with recently published experimental values in P. tricornutum [262] suggesting

the model predictions represent biologically realistic values.

Taken together, the results show integrating photophysiology measurements with genome-

scale models results in quantitative predictions of species and condition specific phenotypes.

5.2.3 Methods

Culture conditions

Chlorella vulgaris UTEX 395 wild type, purchased from the University of Texas at Austin

Culture Collection of Algae, was cultured at 25◦C in 400 mL Bold’s Basal medium in 1 L Roux

flasks. Flasks were bubbled with air under continuous illumination in a temperature controlled

incubator. Cultures were light acclimated (low light (n=3) at 60 µmol photons m-2 s-1, high light

(n=3) at 400 µmol photons m-2 s-1) for 72 hours, diluted and grown until mid-exponential phase

before being harvested.

Phaeodactylum tricornutum CCAP 1055/1 was grown axenically in silicon-free Instant

Ocean artificial seawater (salinity 35%). Nutrients were added according to the stoichiometry

described in [263] but at 2.3 fold higher concentrations to avoid nutrient limitation. Cells was

cultured at 18◦C in 400 mL medium in 1 L Roux flasks. Flasks were bubbled with air under

continuous illumination in a temperature controlled incubator. Cultures were light acclimated

(low light (n=3) at 60 µmol photons m-2 s-1, high light (n=4) at 600 µmol photons m-2 s-1) for
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72 hours, diluted and grown until mid-exponential phase before being harvested.

Cell physiology measurements

Cell densities for C. vulgaris were manually determined using an improved Neubauer

hemocytometer. Cell densities for P. tricornutum were determined using a BD Accuri C6 flow

cytometer as described in [209]. Growth rates were determined based on the change in cell

counts from innoculation to harvest. Cell dry weight was determined by taking 50 mL of culture

(n=3) and filtering it onto a GF/C glass microfiber filter (diameter: 47mm). Filters containing

cellular biomass and media controls (n=3) were dried at 95◦C overnight. Cellular dry weight was

determined by subtracting the post-filtration mass from the pre-filtration mass, after normalizing

to the media control.

Determination of cell dimensions

To 1 mL of culture, 1 µL of Lugols solution was added and then stored at 4◦C until

analysis. For imaging, thin pads of 1% (wt/vol) agarose were prepared using Mini-PROTEAN R©

Tetra Cell Casting Module. From this gel, 1-2 cm square pads were cut and placed onto a

microscope slide and 2-5 ul cell culture liquid was added to the pad and let dry. Then a microscope

slide cover was gently placed onto of the agarose pad and cells were imaged using a DeltaVision

inverted epifluorescence microscope (Applied Precision, Issaquah, WA). Images were captured

using a CoolSnap HD charge-coupled device (CCD) camera (Photometrics, Tucson, AZ). Cell

length and width were determined using the straight line tool in ImageJ [249]. For high light

(P. tricornutum: n=95; C. vulgaris: n=160) and low light (P. tricornutum : n=45; C. vulgaris:

n=180) acclimated cells the mean and standard deviation were determined and the mean ± 2
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standard deviations was used to determine cell volume. C. vulgaris was modeled as a sphere. P.

tricornutum was modeled as a core ellipse with two cones extending away from the core ellipse.

The core ellipse was calculated according to the following equation:

V ol =
4

3
π
(
Smaj × S2

min

)
(5.6)

and:

Smaj = (l − 2w) (5.7)

and:

Smin = w/2 (5.8)

where l is the cell length and w is the cell width.

The cones were calculated according to the following equation:

V ol =
1

3
π
(

(r2)2 + (r2r1) + (r1)2
)
h (5.9)

where r2 is equal to w/4, r1 is equal to 1 µm and h the cell width.

Pigment extraction

Cells (4 mL culture) were collected by centrifugation at 10,000 x g at 5◦C for 15 minutes.

The supernatant was discarded and the cell pellet was frozen at -80◦C until processed. Chloro-

phyll was extracted with 50 µL DMSO and 1950 µL of methanol for P. tricornutum and 1950 µL

of ethanol for C. vulgaris, incubated in the dark for 30 minutes, and centrifuged at 10,000 x g at

5◦C for 15 minutes. The pigment containing supernatant was transferred to a 1 cm path length
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cuvette. Absorbance spectra were collected used a Cary 60 UV-Vis Agilent spectrophotometer

in scan mode (350-800 nm, scan interval of 1 nm). Chlorophyll concentrations were determined

using the equations for the appropriate solvent [126].

Cellular absorption coefficients

Cellular absorption coefficients were determined based on published protocols [251]. Ap-

proximately 5x107 cells were collected by filtration onto a GF/A glass microfiber filter (21 mm

diameter). Cell counts differed by species and by light acclimation condition. The filter was cut

to fit in a 1 cm path length cuvette and placed against the inside of the cuvette. Absorbance spec-

tra were collected used a Cary 60 UV-Vis Agilent spectrophotometer in scan mode (350-800 nm,

scan interval of 1 nm). A total of 4 technical replicates were collected per sample and averaged.

To decrease the noise from the filter, the absorbance spectra were smoothed using a savgol filter

(width= 17 nm, polynomial = 2nd order) as implemented in SciPy [264].The resulting spectra

were blank subtracted against the appropriate media and normalized to an OD750 value of 0.

The wavelength specific absorption coefficient was determined, along with correcting for filter

amplification according to the following equation:

aλ = 2.303
(
A (ODλ) +B

(
OD2

λ

))
(5.10)

where ODλ is the absorbance at a given wavelength and A and B are species-specific coefficients

for the β-factor correction (0.388 and 0.616 for P. tricornutum [265]; 0.392 and 0655 for C.

vulgaris [266]).

The cell normalized absorption coefficient (a*cell, units: cm2 cell-1) and the pigment

normalized coefficient (a*pigm, units: cm2 µg-1 pigments) were determined by dividing aλ by
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either the total number of cells deposited on the filter or the total pigment mass, respectively,

and then multiplying the resulting value by the filter area onto which the cells were deposited

(2.1 cm2 for the 21 mm diameter GF/A filter).

Simultaneous oxygen evolution and chlorophyll fluorescence parameters

Rapid light curves (RLCs) were performed as outlined in [209]. A Walz Dual PAM 100

fluorometer in a temperature controlled custom cuvette holder and a FireSting Optical Oxygen

Meter were used for the simultaneous measurement of chlorophyll fluorescence and oxygen evo-

lution. Approximately 30 mL of culture was removed and cells were pelleted by centrifugation

(3000 x g, 10 minutes at the experimental temperature). Cell pellets were resuspended in fresh

media to the target cell density (P. tricornutum HL: 2x107 cells mL-1, LL: 1x107 cells mL-1; C.

vulgaris HL: 1.5x107 cells mL-1, LL: 1x107 cells mL-1) and kept in the dark for 10 minutes prior

to analysis. For select experiments, the cells were reconstituted in fresh media supplemented with

5 mM sodium bicarbonate. Dark respiration rates were collected for approximately 10 minutes

prior to running RLCs. A red actinic light (635 nm) was used to provide a saturating pulse (600

ms, 10,000 µmol photons m-2 s-1 for fluorescence measurements. Cells were illuminated for 1 min

steps at the following increasing intensities:

P. tricornutum

HL: 0, 8, 24, 43, 75, 109, 146, 195, 259, 339, 435, 547, 674, 844, 1033, 1565, 2386, 2924

LL: 0, 8, 24, 43, 75, 109, 146, 195, 259, 339, 435, 547, 844, 1565, 2386

C. vulgaris

HL: 0, 8, 43, 109, 259, 435, 674, 1033, 1267, 1926, 2386

LL: 0, 8, 43, 75, 109, 195, 259, 339, 435, 547, 674, 1033, 1926
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The chlorophyll fluorescence parameters Fv/Fm, Y(II), qP and NPQ were determined as

described [252] [253]. Net oxygen evolution rates were normalized to cell count. Shading in the

round cuvette was accounted for by calculating the attenuation across the cuvette path length

according the following equation:

QFIo = 2

∫ λ=700

λ=400

∫ y=r

y=0
Ioλ (λ)− Ioλ (λ) e−a

∗
cell(λ)·c·2(r2−y2)

1
2
dy dλ (5.11)

where QFIo is the quantum flux in µmol photons m-2 s-1 at a given PAR value (Io), λ is the

wavelength, Ioλ (λ) is the fraction of the PAR at a given wavelength λ, r is the radius of the

cuvette (0.56 cm), a∗cell is the wavelength-specific absorption coefficient in cm2 cell-1, and c is

the cell density in cells cm-3. QF was converted to µmol photons cell-1 s-1 by multiplying QFIo

by the rectangular surface area of the cuvette (width = 0.56 cm, height = 1.15 cm), converted

to m2 and dividing by the total number of cells in the cuvette. This QF value was used as the

independent variable in plots of oxygen-based photosynthesis (Po) versus QF.

Genome-scale metabolic modeling

We used the P. tricornutum genome-scale model (GEM) iLB1025 [211] and the C. vulgaris

GEM iCZ843 [224]. Simulations were performed in a similar manner to [222]. The biomass

objective function was updated to account for differences in pigments between the low and high

light conditions (Table 5.6). A demand reaction was added to allow dissipation of excitation

energy upstream of PSII to assess the minimum quantum requirement of biomass production.

DM photon c : photon c→ (5.12)

Photoautotrophic growth was simulated for a 12 hour time period broken into 20 minute psuedo-
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steady-state segments, with the exception of C. vulgaris at HL which was simulated for the entire

26 hour experimental growth period. Light was modeled coming from the side of the flask. The

Roux flasks had approximately 375 mL of culture at the time of the experiments which resulted

in a light-facing surface area of 80 cm2 and a path length of 4.7 cm. At the beginning of each

simulation, the appropriate constraints were updated. First, the total biomass in the culture was

divided by the cell dry weight to determine the total cells in the culture. Next, the photon uptake

rate was determined by dividing the culture into 50 slices along the 4.7 cm path length. These

slices were considered thin enough that cell shading was assumed to be negligible. Thus, we used

the spectral distribution of photon flux for the given light source at the experimental irradiance

(I0(λ)), the cell specific spectral absorption coefficient (a∗λ), and the cell count, to determine the

photon uptake flux (Ia) in units of µmol photons (time interval)-1 using the following equation:

Ia =
cell

SA

∫ 700

400
I0(λ)a∗cell(λ)dλ (5.13)

where cell is the total number of cells in the slice and SA is the light-facing surface area of the

slice. Light attenuated in one slice was removed from I0(λ) for the subsequent slices, accounting

for shading along the culture path length. A running total of the absorbed light was used to set

the reaction bounds of the photon exchange reactions in the GEM.

The PO vs. QF curves were fit to a Platt [128] equation for photosynthesis prediction

(P), using quantum flux as the independent variable.

P = Pmax(1− e−
α×QF
Pmax )e−

β×QF
Pmax (5.14)

Pmax is the maximum photosynthetic rate, α and β are the parameters that describe the initial

slope of the curve, and the photoinhibition (if present), respectively. The respiration rate was

added to all values prior to generating the fit since the Platt curve is forced through the origin.
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The respiration rate was then subtracted from the fit to return the curve to the gross oxygen

evolution rate. These curves were used to determined the oxygen evolution rate at each slice.

The total oxygen evolution across the culture path length was used to set the bounds of the

oxygen exchange reaction in the GEM (reaction ID: EX o2 e).

Non-growth associated maintenance (NGAM) was calculated from the experimental dark

respiration rate. This value was set as the lower bound for an fictional plastoquinone oxidase

(reaction ID: NGAM), which forces a minimal amount of reductant mediated oxygen consumption

consistent with the observed dark respiration rate.

The simulation was performed by maximizing the BOF reaction using the parsimonious

FBA function [129] as implemented in COBRApy [118]. The flux through this reaction is equal

to the biomass accumulation in milligrams over the 20 minute time interval. This biomass was

added to a running total of the total culture biomass and used to parameterize the next 20 minute

simulation interval. The upper bound for the simulated growth rate was determined by setting

the photon uptake to the mean +1 SD of the a*
cell values, the mean -1 SD of the cell dry weight

to determine the cell count at each time interval, and the oxygen evolution rate parameterized

with a Platt fit through the mean +1 SD of the oxygen evolution data. The lower bound was

set using -1 SD of the a*
cell, +1 SD of the cell dry weight, and a Platt fit through the -1 SD of

the oxygen evolution data. For the bicarbonate spiked simulation the mean values were used for

all parameters except the oxygen uptake rate which was parameterized using a Platt fit through

the bicarbonate spiked PO vs. QF curve. All calculations and simulations were performed using

in-house scripts developed in IPython [119].
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Quantifying alternate electron flows via genome-scale modeling

The simulations were performed as above for a single 20 min interval. The unconstrained

model was simulated by setting the upper bound of the DM photon c reaction to 10000 (uncon-

strained) and maximizing growth. The reaction flux through the photosystem II reaction was

equal to the electrons required to generate biomass and satisfy maintenance requirements. For

the constrained simulations, the photon metabolite was split into metabolites specific for PSI and

PSII. The PSII metabolite was further bifurcated into a Y(II) metabolite, which was allowed to

perform photochemistry at PSII, and an NPQ fraction. During simulations, the photon uptake

rate (QF) was used to determine the Y(II) from Fig. 5.11. This value was set to the stoichiome-

try of the Y(II) metabolite while 1-Y(II) was set to the NPQ fraction. The reaction fluxes were

normalized to the total QF, exported and visualized using Escher [198]. AEF was determined as

follows:

AEF = PSIIconstrained - PSIIunconstrained (5.15)

5.3 Conclusions

Engineering of cyanobacteria shows promise for generating energy-dense products with

minimal input requirements. In this study we presented an in silico methodology for accurately

characterizing photoautotrphic metabolism. These experimentally accessible constraints enable

phototrophic genome-scale engineering equivalent to classical heterotrophic in silico design. Cou-

pling genome-scale modeling-driven in silico design with 13C metabolic flux analysis experimental

validation is a promising strategy to accelerate the bioprocess design of light-driven metabolic

engineering strategies.
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Chapter 6

Computing Multi-scale Dyanmics of

Photoautotrophy

6.1 Governing constraints on photoautotrophy

The governing constraints are a minimal subset of inputs that characterize the system.

The success of heterotrophic genome-scale modeling has been rooted in the accessibility of their

governing constraints: carbon source and oxygen uptake rates. These constraints accurately

characterized reaction fluxes in E. coli and yeast under a variety of experimental conditions [235].

A barrier to transferring the success of GEMs from heterotrophs to phototrophs has been the

lack of governing constraints that characterize photoautotrophy.

The accuracy of empirical growth rate models that incorporate light capture and photo-

synthetic rates [267] suggested these inputs are important constraints on phototrophic growth.

Successful incorporation of the optical absorption cross-section and oxygen evolution rates with

a genome-scale model of the cyanobacteria S. elongatus sp. PCC 7942 accurately characterized
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photoautotrophic growth [222]. The results included an accurate prediction of growth rate to

include the transition to a linear growth curve induced by self-shading in the culture.

The constraints were further refined by plotting typical photophysiology parameters using

photon uptake (quantum flux) as the independent variable. This conversion increased the quan-

titative accuracy of predicted growth rates and was successfully applied to cyanobacteria, green

algae and diatoms. Additionally, by properly constraining photon uptake and oxygen evolution,

intracellular flux predictions were consistent with known phenotypes in these species.

6.2 Accounting for non-steady state processes

A lingering critique of applying genome-scale modeling and flux balance analysis to pho-

totrophs is the steady-state assumption. In particular, circadian dynamics are put forward as

an inherently dynamic process central to phototrophs that is non-steady state. However, the

prerequisite for FBA is not steady-state on infinite timescales. The methodology can be applied

assuming psuedo-steady state on a timescale consistent with the biological processes that govern

the system.

Circadian dynamics include changes in the available light intensity (assuming sinusoidal

light regime consistent with natural sunlight conditions). Additionally, cell physiology to include

cell cycle progression and biomass partitioning have distinct circadian dynamics [209]. We suc-

cessfully incorporated these dynamics into a circadian growth model of the diatom Phaeodactylum

tricornutum. These dynamics change on the timescale of hours; thus, we divided the simulation

into 20 minute pseudo-steady state intervals. Using the experimental data from Jallet et. al. [209]

we decomposed the biomass partitioning dynamics into a dynamic biomass objective function

with the necessary resolution in the time domain. At the beginning of each simulation interval
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the biomass objective function, photon availability and uptake, and oxygen evolution rate were

updated and growth was simulated. This process was repeated over the 12-hour light period

with the beginning of each simulation capturing the changes in the light environment and the

biomass composition predicted by the previous interval. The resulting simulation recapitulated

the observed, dynamic biomass accumulation over the light period.

One remaining challenge in simulating circadian dynamics is the dark period. For our

simulations in P. tricornutum, the total biomass allocated to carbon storage compounds in the

form of triacylglycerides and carbohydrate were made available to the model during the dark

period to satisfy maintenance requirements. However, the rate of consumption is unknown and

assumptions had to be applied. Additionally, there is evidence the metabolic processes active in

the dark are much more dynamic than simply satisfying maintenance energy requirements. Thus,

there are open biological questions that need to be addressed regarding dark period metabolism.

Model-driven analysis of experimental data is an ideal platform for exploring these questions.

6.3 A platform for discovery and engineering

Deriving the governing constraints that characterize photoautotrophy opens a broad suite

of computational tools for discovery and engineering. The genome-scale network reconstruction

has already shown its value in contextualizing species-specific metabolic capabilities. We eluci-

dated a truncated TCA process in S. elongatus and quantified the fitness impact of the incomplete

cycle [222]. The reconstruction also identified gaps in nucleotide metabolism in this species. The

metabolic reconstruction of P. tricornutum predicted a unique ornithine-mediated redox shuttle

between the chloroplast and mitochondria [211]. This shuttle was consistent with experimental

cross-compartment coupling in diatoms [179] and was predicted to be a photoprotective mech-
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anism dissipating excess excitation energy at high light. With the number of available genome

sequences increasing exponentially, genome-scale reconstructions will continue to be an ideal

platform for discovery.

Proper constraints results in accurate intracellular flux predictions. Accurate flux predic-

tions enable in silico metabolic engineering. Applying photophysiology constraints to the S. elon-

gatus genome-scale model generated flux predictions in good agreement with 13C metabolic flux

analysis. This was an important validation of these constraints and provides confidence that this

methodology generates accurate predictions. These constraints are relevant for industrial-scale

engineering efforts. Process monitoring and control parameters are critical for robust bioengineer-

ing. These governing constraints represent process parameters to be optimized during bioprocess

development and to be monitored at industrial-scale to ensure batch-to-batch consistency.

6.4 Conclusions

In this dissertation we identified and closed key gaps in the application of genome-scale

modeling to photoautotrophic metabolism. Starting from high-quality metabolic reconstructions,

we determined the governing constraints of photoautotrophy and applied them to characterize

photoautotrophic growth in cyanobacteria, green algae and diatoms.

In Chapter 2 we uncovered unique aspects of cyanobacterial metabolism through a

genome-scale metabolic reconstruction. Combining the reconstruction process with a dense RB-

TNseq knockout library resulted in a high-quality genome-scale model that accurately charac-

terized gene essentiality in this species. We uncovered an incomplete TCA cycle in S. elongatus

and determined, quantitatively, there was no fitness impact by having this process not be cyclic.

Additionally, we developed the initial iteration of the photophysiology constraints that allow for
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accurate characterization of photoautotrophic growth and intracellular fluxes.

In an effort to extend this methodology to eukaryotic phototrophs, we initiated a model-

ing effort in the model diatom P. tricornutum. This reconstruction effort, outlined in Chapter 3,

shows the value in metabolic reconstructions of phylogenetically distant organisms. The unique

evolutionary history of diatoms was contextualized in species-specific metabolic capabilities to

include an ornithine-mediated redox shuttle between the chloroplast and mitochondria. This

model was leveraged in an iterative improvement to the photophysiology constraints in Chap-

ter 4. These improved constraints accurately charaterized phototrophic growth in P. tricornutum

acclimated to four light intensities spanning and order of magnitude. Combining these constraints

with the metabolic model predicted photoprotective alternate electron flows in this species to

include the ornithine redox shuttle, branched-chain amino acid metabolism and photoprotection.

Finally, in Chapter 5 we validated the constraints in three phototrophic clades. Intracellu-

lar flux predictions in the cyanobacteria S. elongatus were highly accurate compared to recently

published 13C metabolic flux analysis results. The constraints accurately predicted photoau-

totrophic growth in the green algae Chlorella vulgaris and the diatom P. tricornutum. Addition-

ally, by combining the photophysiology constraints with chlorophyll fluorescence measurements,

we characterized the fraction of excess excitation energy dissipated upstream of photosystem

II versus the fraction that is dissipated by metabolic processes downstream of the photosys-

tems. These efforts validated the photophysiology parameters as the governing constraints on

photoautotrophic metabolism. The resulting modeling framework is generally applicable to all

phototrophs and facilitates discovery and engineering in these globally important organisms.
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[196] Saier MH, Reddy VS, Tamang DG, Västermark A (2014) The transporter classification
database. Nucleic acids research 42: D251–8.

211



[197] Schellenberger J, Park JO, Conrad TM, Palsson BØ (2010) BiGG: a Biochemical Genetic
and Genomic knowledgebase of large scale metabolic reconstructions. BMC Bioinformatics
11: 213.
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