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ABSTRACT
Computational models of metabolism and regulation can provide insights into not only
existing cellular processes, but also serve as a platform for developing strain design strategies to
achieve a desired goal. The work discussed here focuses on the development of models for
organisms with native capabilities that make them appealing candidates for industrial application,
most notably cyanobacteria. Cyanobacteria are photosynthetic prokaryotes that have been
explored for the production of a wide variety of compounds, but suffer from several drawbacks as
compared to existing industrial strains including a limited knowledgebase and slower growth
rates. The first part of this dissertation focuses on expanding that knowledgebase through the
development of genome-scale metabolic models for several model cyanobacteria and the
introduction of a semi-automated model generation workflow to expedite accurate model
development. This workflow is then applied to Synechococcus UTEX 2973, a fast growing
cyanobacterium, in order to better understand possible causes for its fast-growth phenotype.
The regulatory response of an organism to its environment is an important factor in
understanding an organism. The second part of this dissertation targets the incorporation of gene
expression data into metabolic models to refine flux predictions, as well as the development of
regulatory networks for several cyanobacteria over the diurnal cycle. The CoreReg method
applies additional constraints based on gene expression data on a genome-scale metabolic model,
and allows for the identification of specific reactions, the effects of whose regulation propagates
throughout the larger network. These reactions can be targeted to alleviate the effects of a stressor
on the organism’s metabolism. The creation of regulatory networks over the complete diurnal
cycle facilitates the identification of transcription factors native to an organism that can be
coopted to control other processes. This was done to select several transcription factors to control
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processes in the model cyanobacterium Synechocystis 6803 to accommodate the introduction of
nitrogen fixation.
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Chapter 1

Introduction
As the understanding of individual biological components such as metabolic pathways
and regulatory interactions increases, the ability to model and design the overall system has
become a focal point for ongoing research. The work discussed here focuses on new approaches
for developing metabolic networks and the application of metabolic and regulatory networks for
rapid strain characterization and design. These models are built upon the foundation of
experimental data and provide a platform for further interrogation of the system as well as
exploration of possible design strategies. Several organisms are discussed in this dissertation, all
of which have industrially compelling native capabilities. The majority of this work is focused on
cyanobacteria, which are photoautotrophic prokaryotes capable of growing without complex
carbon or nitrogen sources that do not compete with crops for arable land.

Computational Modeling of Biological Processes
Metabolic networks are analogous to a network of water pipes, where the metabolic flux
is the water, and the pipes are the defined set of reactions. Closing off certain pipes will have
wide reaching ramifications, as water is rerouted throughout the network. A similar cause and
effect relationship can arise with gene knockouts and metabolic flux. These networks and the
effects of perturbations on them can be interrogated by applying algorithms to Genome-Scale
Metabolic (GSM) models, which contain the metabolic repertoire of an organism. GSM models
have three main components; the reaction set, a biomass equation, and the gene-protein-reaction
(GPR) relationships [1, 2]. The set of reactions in the network are those known or predicted to
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exist in the organism based on gene homology. The biomass equation is an artificial reaction
containing the experimentally determined stoichiometric amounts of biomass precursors for the
organism. These precursors represent all components required for the cell to grow, such as amino
acids, lipids, and nucleic acids. Finally, GPR relationships allow for the application of
information learned from the network toward future experimental work. Each GPR relationship is
a Boolean logic statement describing which genes must be expressed in order for an enzyme to be
present that can catalyze the reaction. Boolean logic allows for the consideration of protein
complexes, where all genes in the complex must be expressed, and isozymes, where only one
must be expressed. Construction of a GSM model requires gene annotations, which can be
retrieved from numerous sources [3-5], and biomass measurements, which can be taken from
literature, estimated from related organisms or measured for the target strain [6-8]. Model
development methods fall on a spectrum from completely manual to entirely automated, with
trade-offs on both sides. Manual construction involves the selective inclusion of reactions after
individual inspection, and can provide a unique and developed model. Manual curation is
particularly beneficial when the required information is not standardized or collected, but comes
at the cost of greatly extending the required time investment. Automated model generation
automates every step beginning with genome annotation, and while there is an immense reduction
in time investment, the resulting metabolic models are commonly more generalized, lacking
reactions and pathways specific to certain taxa [9]. Semi-automated approaches seek to mitigate
both of these drawbacks, reducing time required while having select steps performed manually to
avoid over-generalizing the network [9, 10]. Semi-automated approaches, such as the workflow
presented in Mueller et al., combine information from a number of curated sources and rely on
manual resolution of any conflicting information (Figure 1.1) [9]. Upon completion of the model,
additional available experimental data can be used to further refine the model. This involves
testing in silico predictions, such as gene essentiality, against in vivo results.
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Once a GSM model is completed, potential flux distributions can be estimated using Flux
Balance Analysis (FBA) [1]. This linear program requires two main assumptions. The first
assumption is that the organism is in the logarithmic growth phase (i.e. the objective function for
the algorithm is the maximization of flux through the biomass reaction). The second assumption
is that all metabolites have equal production and consumption rates; this ensures that the only
metabolites that accumulate are those directed to biomass. These two assumptions form the
objective function and main constraint in FBA. Flux variability analysis (FVA) can be performed
to identify all feasible values for a reaction flux under defined constraints. These flux ranges aid
in several areas including strain design [11], the comparison of metabolic capabilities between
different organisms [9], and the prediction of product yields [12]. Omics data can be incorporated
as additional constraints in an effort to improve the fidelity of the flux predictions [13].
Algorithms for strain design using GSM models have also been developed [11, 14].
A stoichiometric metabolic model assumes that an organism can freely distribute flux to
any reactions in order to maximize its biomass. In reality the genes that are expressed, and
therefore the enzymes that are present within the organism, can be heavily influenced by
environmental factors including stressors [12, 15], nutrient availability [16], and current light
availability [17]. The organism uses transcription factors to modulate the expression levels of
different genes in order to achieve a desired response to external stimulus [18-22]. The
measurement of these gene expression levels can be used to place additional constraints on a
stoichiometric metabolic model to imitate limitations placed on metabolism by these regulatory
mechanisms [23-25]. Alternatively transcriptomics data can be used to predict the network of
regulatory interactions between transcription factors and genes [26, 27]. The development of
these networks can be facilitated by first simplifying the system by clustering genes based on
their gene expression profile across measured conditions [28-30]. Once the set of regulatory
relationships are identified, these networks can be used for either discovery or strain design [28].

Cyanobacteria as a Potential Platform for Bioproduction
The work discussed in this dissertation focuses on organisms with native capabilities that
make them appealing as bioproduction platforms. The majority of this work is centered on
photosynthetic prokaryotes, known as cyanobacteria. Along with not requiring complex carbon
substrates, cyanobacteria do not compete with food or energy crops for arable land [31] with
different strains capable of growing in freshwater, marine, and wastewater environments [32-34].
Given these advantages, cyanobacteria have been explored as candidates for numerous
applications, including carbon dioxide sequestration [35, 36] and as a food source [37, 38].
Cyanobacteria have also been targeted as production platforms for chemicals ranging from
pharmaceuticals to biofuels [39-47]. While there are numerous promising aspects of
cyanobacteria, the main obstacles limiting large-scale implementation include; a limited
knowledgebase compared to industrial microbes, slower growth rates, and autotrophic growth
dependence on light availability.
This reliance on light availability for autotrophic growth is apparent in the diurnal cycle,
where gene expression levels for a number of pathways such as photosynthesis and amino acid
metabolism vary throughout the 24-hour period [17, 48]. The regulatory control in the diurnal
cycle is also crucial for certain nitrogen-fixing strains [49]. Nitrogenase is irreversibly inhibited
by oxygen [50], making nitrogen fixation and photosynthesis incompatible processes.
Diazotrophic cyanobacteria can be divided into two main subsets, those that spatially separate
nitrogen fixation from photosynthesis, and those that temporally separate the two processes.
Strains such as Anabaena spatially separate the two processes by differentiating select cells into
specialized nitrogen-fixers called heterocysts [51]. Temporal separation is performed by strains
such as Cyanothece ATCC 51142, which performs photosynthesis during the day and then
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produces glycogen, the main carbon storage compound in cyanobacteria [49]. In the early dark
period this glycogen is consumed to generate the energy and anaerobic environment necessary to
fix nitrogen [17]. The newly fixed nitrogen is stored in cyanophycin to be accessed by the
organism throughout the next light period [52].
While Cyanothece strains have been more recently sequenced [49, 53] a large portion of
research has been directed towards several non-diazotrophic strains including Synechococcus
7002, Synechococcus 7942, and Synechocystis 6803 [54, 55]. Synechocystis 6803 was the first
cyanobacteria sequenced [54] and has been widely studied [56-58]. While Synechocystis is the
model organism for cyanobacteria, its doubling time of 7-10 hours under optimal conditions is
much slower than industrial strains such as S. cerevisiae [59]. A more recently sequenced
cyanobacterium, Synechococcus UTEX 2973, has been shown to have a doubling time as low as
1.9 hours under optimal conditions [60]. This strain has a 99.8% sequence identity with
Synechococcus 7942 yet can grow 2.13 times faster under optimal light conditions at 38C [60].
Some of the differences between the two strains include 8.3 times greater glycogen production in
Synechococcus 7942 and 1.3 times greater amino acid production in Synechococcus 2973
(Mueller et al., in prep). Computationally guided derivation of strain design strategies is only
viable if the genetic systems exist to implement such proposed interventions. There are a variety
of existing methods to genetically engineer cyanobacteria [61], and more recent work has also
demonstrated success in using the CRISPR/Cas9 system in Synechococcus 2973 [62].

Native Capabilities with Potential Industrial Applications in Other Organisms
While cyanobacteria are targeted for their carbon and nitrogen fixing capabilities,
Clostridia species are targeted for their ability to consume a wide range of substrates [63-65] to
produce a number of products including alcohols and antibiotics [12, 66, 67]. Clostridium
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acetobutylicum has been a model organism for acetone-butanol-ethanol (ABE) fermentation [64].
ABE fermentation follows two main phases, the first being the production of acetate and butyrate
during exponential growth, termed the acidogenic phase [64]. The drop in pH drives the transition
towards the solventogenic phase and the generation of the ABE solvents [64]. Given the toxicity
of butyrate and butanol to the organism, work towards increasing solvent yields must improve the
understanding of the organism’s stress response at both the expression and metabolic levels [68,
69].
Similar to cyanobacteria and their ability to grow on carbon dioxide, methanotrophic
microorganisms are of particular interest given their ability to grow on methane. With the
increases in natural gas reserves due to the development of shale gas reserves [70, 71], the low
energy density of compressed natural gas [72], and the drawbacks to current gas-to-liquid (GTL)
technologies [72], a biological process could be developed into a promising alternative.
Anaerobic methanotrophic archaea (ANME) exist in a wide variety of environments across the
world [73-76] and are believed to utilize the reverse methanogenesis pathway to oxidize methane
[77-80]. Efforts to improve the understanding of these organisms are ongoing [81-85] and a more
detailed discussion of ANME is presented in the Appendix [86].

Dissertation Overview
The following chapters in this dissertation focus on the creation of a new method for
GSM model development, the implementation of GSM models for strain characterization, and the
creation and use of regulatory networks to suggest regulatory strategies to implement nitrogen
fixation in a non-diazotrophic cyanobacterium. Chapter 2 discusses the development of GSM
models for two model cyanobacteria, Synechocystis PCC 6803 and Cyanothece ATCC 51142.
The work focuses on comparing in vivo and in silico gene essentiality results for the developed
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iSyn731 and two previous GSM models for Synechocystis. In total 119 genes were tested with
iSyn731 having the greatest accuracy of the models tested, correctly predicting essentiality for
113 genes [7].
Chapter 3 introduces a rapid reconstruction workflow along with its implementation to
generate GSM models for five strains of Cyanothece. This workflow incorporates reviewed gene
annotations from multiple sources along with information from an existing GSM model, in this
case iCyt773 from Chapter 2, to quickly generate a GSM model. The differences in the models
reflect those differences observed between the strains. The GSM models were also used to
identify a number of pathways relevant to biofuel production existing in varying degrees of
completion within the organisms [9].
Chapter 4 discusses the implementation of the rapid reconstruction workflow for the
development of a GSM model for two closely related strains of cyanobacteria, Synechococcus
PCC 7942 and Synechococcus UTEX 2973. Synechococcus 2973 is of particular note because it
has an autotrophic growth rate comparable with the heterotrophic growth rate of Saccharomyces
cerevisiae. While it has 99.8% sequence identity with Synechococcus 7942, Synechococcus 2973
grows 2.13 times faster at optimal light conditions and 38C [60]. The GSM model was used to
identify a set of possible contributing factors to the increased growth rate, primary among them
being the increased CO2 uptake by Synechococcus 2973 (Mueller et al., in prep).
Chapter 5 focuses on understanding the effects of gene regulation in a different organism,
Clostridium acetobutylicum [12]. After constructing a new GSM model for C. acetobutylicum the
introduced CoreReg method was implemented to integrate gene expression data under two
different stressors, butanol and butyrate. CoreReg identified core sets of reactions that, when their
flux was restricted, reproduced flux and biomass formation ranges seen when all regulatory
constraints were applied. This identified a subset of reactions that must be targeted to alleviate the
effects of a stressor.
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Chapter 6 introduces regulatory networks for two cyanobacteria, Synechocystis 6803 and
Cyanothece 51142, and targets the development of strategies that would allow the nondiazotrophic Synechocystis to fix nitrogen [28]. The main challenge to incorporation of nitrogen
fixation is that oxygen irreversibly inhibits the nitrogenase enzyme. All regulation strategies must
therefore target the proper expression throughout the diurnal cycle of not only nitrogen fixation
genes but also several metabolic processes to ensure the required anaerobic environment. This led
to the selection of two transcription factors native to Synechocystis, LexA and Rcp1, that could
control nitrogen fixation and other metabolic processes respectively to create a diazotrophic
Synechocystis.
Chapter 7 provides a synopsis of the preceding chapters and describes potential future
directions for both the metabolic and regulatory work, along with avenues for the potential
combination of that work. The appendix contains an overview of methanotrophic archaea, a set of
organisms with the ability to anaerobically oxidize methane, which could provide an alternative
to current gas-to-liquids technologies [86].
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Figure 1.1: Semi-automated metabolic model generation workflow [9]. Procedure for
combining previously curated information from several sources including annotation databases
and existing GSM models to generate a model. Select steps are performed manually; the
workflow is explained in more detail in Chapter 3, this particular iteration of the workflow is
implemented in Chapter 4 for the construction of the Synechococcus models using iSyn731.
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Author contributions are specified at the beginning of each section

Abstract
Cyanobacteria are an important group of photoautotrophic organisms that can synthesize
valuable bio-products by harnessing solar energy. They are endowed with high photosynthetic
efficiencies and diverse metabolic capabilities that confer the ability to convert solar energy into a
variety of biofuels and their precursors. However, less well studied are the similarities and
differences in metabolism of different species of cyanobacteria as they pertain to their suitability
as microbial production chassis. Here we assemble, update and compare genome-scale models
(iCyt773 and iSyn731) for two phylogenetically related cyanobacterial species, namely
Cyanothece sp. ATCC 51142 and Synechocystis sp. PCC 6803. All reactions are elementally and
charge balanced and localized into four different intracellular compartments (i.e., periplasm,
cytosol, carboxysome and thylakoid lumen) and biomass descriptions are derived based on
experimental measurements. Newly added reactions absent in earlier models (266 and 322,
respectively) span most metabolic pathways with an emphasis on lipid biosynthesis. All
thermodynamically infeasible loops are identified and eliminated from both models. Comparisons
of model predictions against gene essentiality data reveal a specificity of 0.94 (94/100) and a
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sensitivity of 1 (19/19) for the Synechocystis iSyn731 model. The diurnal rhythm of Cyanothece
51142 metabolism is modeled by constructing separate (light/dark) biomass equations and
introducing regulatory restrictions over light and dark phases. Specific metabolic pathway
differences between the two cyanobacteria alluding to different bio-production potentials are
reflected in both models.

Background
Cyanobacteria represent a widespread group of photosynthetic prokaryotes [1]. By
contributing oxygen to the atmosphere, they played an important role in the precambrian phase
[2]. Cyanobacteria are primary producers in aquatic environments and contribute significantly to
biological carbon sequestration, O2 production and the nitrogen cycle [3-5]. Their inherent
photosynthetic capability and ease in genetic modifications are two significant advantages over
other microbes in the industrial production of valuable bioproducts [6]. In contrast to other
microbial production processes requiring regionally limited cellulosic feedstocks, cyanobacteria
only need CO2, sunlight, water and a few mineral nutrients to grow [6]. Sunlight is the most
abundant source of energy on earth. The incident solar flux onto the USA alone is approximately
23,000 terawatts which dwarfs the global energy usage of 3.16 terawatts [7]. Cyanobacteria
perform photosynthesis more efficiently than terrestrial plants (3–9% vs. 2.4–3.7%) [8]. The short
life cycle and transformability of cyanobacteria combined with a detailed understanding of their
biochemical pathways are significant advantages of cyanobacteria as efficient platforms for
harvesting solar energy and producing bio-products such as short chain alcohols, hydrogen and
alkanes [6].
The genus Cyanothece includes unicellular cyanobacteria that can fix atmospheric
nitrogen. Cyanothece sp. ATCC 51142 (hereafter Cyanothece 51142) is one of the most potent
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diazotrophs characterized and the first to be completely sequenced [9]. Studies show that it can
fix atmospheric nitrogen at rates higher than many filamentous cyanobacteria and also
accommodate the biochemically incompatible processes of photosynthesis and nitrogen fixation
within the same cell by temporally separating them [10]. Synechocystis sp. PCC 6803 (hereafter
Synechocystis 6803), the first photosynthetic organism with a completely sequenced genome
[11], is probably the most extensively studied model organism for photosynthetic processes [12].
It is also closely related to Cyanothece 51142 and shares many characteristics with all
Cyanothece [9]. The genome of Cyanothece 51142 is about 35% larger than that of Synechocystis
6803 mostly due to the presence of nitrogen fixation and temporal regulation related genes in
Cyanothece 51142 [9]. Synechocystis 6803 has been the subject of many targeted genetic
manipulations (e.g., expression of heterologous gene products) as a photo-biological platform for
the production of valuable chemicals such as poly-beta-hydroxybutyrate, isoprene, hydrogen and
biofuels [12-20]. However, genetic tools for Cyanothece 51142 are still lacking thus hampering
its wide use as a bio-production strain even though it has many attractive native pathways. For
example, Cyanothece 51142 can produce (in small amounts) pentadecane and other hydrocarbons
while containing a novel (though incomplete) non-fermentative pathway for producing butanol
[21, 22].
A breakthrough in solar biofuel production will require following one of two strategies:
1) obtaining photosynthetic strains that naturally have high-throughput pathways analogous to
those in known biofuel producers, or 2) creating cellular environments conducive for
heterologous enzyme function. Despite its attractive capabilities including nitrogen fixation and
H2 production [19], unfortunately genetic tools are not currently available to efficiently test
engineering interventions directly for Cyanothece 51142. Therefore, a promising path forward
may be to use Synechocystis 6803 as a ‘‘proxy’’ (for which a comprehensive genetic toolkit is
available) and subsequently transfer knowledge gained during experimentation with
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Synechocystis 6803 to Cyanothece 51142. This requires high quality metabolic models for both
organisms. Comprehensive genome-wide metabolic reconstructions include the complete
inventory of metabolic transformations of a given cyanobacterial system. Comparison of the
metabolic capabilities of Cyanothece 51142 and Synechocystis 6803 derived from their
corresponding genome-scale models will provide valuable insights into their niche biological
functions and also open up new avenues for economical biofuel production.
Genome-scale models (GSM) contain gene to protein to reaction associations (GPRs)
along with a stoichiometric representation of all possible biotransformations known to occur in an
organism combined with a set of appropriate regulatory constraints on each reaction flux [23, 24].
By defining the global metabolic space and flux distribution potential, GSMs can assess
allowable cellular phenotypes under specific environmental conditions [23, 24]. The first
genome-scale model for Cyanothece 51142 was recently published [25]. The authors addressed
the complexity of the electron transport chain (ETC) and explored further the specific roles of
photosystem I (PSI) and photosystem II (PSII). In contrast, Synechocystis 6803 has been the
target for metabolic model reconstruction for quite some time [12, 26-32]. Most of these earlier
efforts for Synechocystis 6803 focused on only central metabolism [26-28]. Knoop et al. [12] and
Montagud et al. [30, 31] developed genome-scale models for Synechocystis 6803, analyzed
growth under different conditions, identified gene knockout candidates for enhanced succinate
production and performed flux coupling analysis to detect potential bottlenecks in ethanol and
hydrogen production. A more recent model describes in detail the photosynthetic apparatus,
identifies alternate electron flow pathways and highlights the high photosynthetic robustness of
Synechocystis 6803 during photoautotrophic metabolism [32]. All these efforts have brought
about an improved understanding of the metabolic capabilities of Synechocystis 6803 and
cyanobacterial systems in general.
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This paper introduces high-quality genome-scale models for Cyanothece 51142 iCyt773
and Synechocystis 6803 iSyn731 (as shown in Table 2.1) that integrate all recent developments
[25, 32], supplements them with additional literature evidence and highlights their similarities and
differences. As many as 322 unique reactions are introduced in the Synechocystis iSyn731 model
and 266 in Cyanothece iCyt773. New pathways include, among many, a TCA bypass [33],
heptadecane biosynthesis [21] and detailed fatty acid biosynthesis in iSyn731 and comprehensive
lipid and pigment biosynthesis and pentadecane biosynthesis [21] in iCyt773. For the first time,
not only extensive gene essentiality data [34] is used to assess the quality of the developed model
(i.e., iSyn731) but also the allowable model metabolic phenotypes are contrasted against MFA
flux data [35]. The diurnal rhythm of Cyanothece metabolism is modeled for the first time via
developing separate (light/dark) biomass equations and regulating metabolic fluxes based on
available protein expression data over light and dark phases [36].

Materials and Methods

Measurement of Biomass Precursors
(Note: Experiments performed by B. Berla)
Growth conditions. Wild-type Synechocystis 6803 and Cyanothece 51142 were grown
for several days from an initial OD730 of ~0.05 to ~0.4. Synechocystis 6803 was grown in BG-11
medium [37] and Cyanothece 51142 in ASP2 medium [38] with (+N) or without (2N) nitrate. All
cultures were grown in shake flasks with continuous illumination of ~100 mmol photons/m2/sec
provided from cool white fluorescent tubes. Synechocystis was maintained at 30C and
Cyanothece at 25C. For Synechocystis, the illumination was constant and doubling time was ~24
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hours. Cyanothece alternated between 12 hours of light and 12 hours of darkness, with a doubling
time of ~48 hours.
Pigments. 1 mL of cells of both Synechocystis 6803 and Cyanothece 51142 (from light
and dark phases) was pelleted and extracted twice with 5 mL 80% aqueous acetone and the
extracts pooled. Spectra of this extract and of a sample of whole cells were taken on a DW2000
spectrophotometer (Olis, GA, USA) against 80% acetone or BG-11 media as a reference.
Chlorophyll a contents were calculated as reported [39] from the acetone extract. Total carotenoid
concentrations were also calculated from the acetone extract according to a published method
[40]. The relative amounts of different carotenoids included in the biomass equation were
estimated according to known ratios [41]. Concentrations of phycocyanin were estimated from
the spectra of intact cells [42]. All measurements were taken in triplicate.
Amino acids. Total protein contents were measured using a Pierce BCA Assay kit.
Amino acid proportions were determined according to published shotgun proteomics data for
both Cyanothece 51142 and Synechocystis 6803 across a range of conditions [43] according to
the following procedure: From peptide-level data, each mass spectral observation of a peptide
was taken as an instance of a particular protein. The amino acid composition of each protein was
taken from data in Cyanobase (http://genome. kazusa.or.jp/cyanobase) and thus the ‘proteome’
was taken to include all of the proteins whose peptides were observed in our data set, in
proportion according to how often their peptides were observed. Amino acid frequencies were
averaged across the proteome by a weighting factor of number of observations divided by the
number of amino acids in the protein, similar to RPKM normalization for next-gen sequencing
[44].
Other cellular components. The compositions of other cellular components of
Synechocystis 6803 and Cyanothece 51142 were estimated based on values in the literature. DNA
and RNA contents for Synechocystis 6803 were reported by Shastri and Morgan [27]. The
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remaining biomass components of Synechocystis 6803 (i.e., lipid, soluble pool and inorganic
ions) were extracted from the measurements carried out by Nogales et al. [32]. For Cyanothece
51142, biochemical compositions of macromolecules such as lipids, RNA, DNA and soluble pool
were extracted from the measurements reported by Vu et al. [25].

Model Simulations
(Note: Text written by R. Saha and A. Verseput)
Flux balance analysis (FBA) [45] was employed in both the model validation and model
testing phases. Cyanothece iCyt773 and Synechocystis iSyn731 models were evaluated in terms
of biomass production under several scenarios: light and dark phases, heterotrophic and
mixotrophic conditions. Flux distributions for each one of these states were inferred using FBA:
𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑒  𝑣!"#$%&&
Subject to
!

𝑆!" 𝑣! = 0, ∀  𝑖   ∈ 1, … , 𝑁

(1)

!!!

𝑣!,!"# ≤ 𝑣! ≤ 𝑣!,!"# , ∀  𝑗   ∈ 1, … , 𝑀

(2)

Here, Sij is the stoichiometric coefficient of metabolite i in reaction j and vj is the flux value of
reaction j. Parameters vj,min and vj,max denote the minimum and maximum allowable fluxes for
reaction j, respectively. Light and dark phases in Cyanothece 51142 are represented via
modifying the minimum or maximum allowable fluxes with the following constraints,
respectively:
𝑣!"#$% = 0   and 𝑣!"#$%& = 0

(3)
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𝑣!!! !" = 0  , 𝑣!"#$% = 0, 𝑣!"#!! = 0, 𝑣!" = 0

(4)

Here, vBiomass is the flux of biomass reaction and vGlytr, vGlyctr and vCO2tr are the fluxes of
glycerol, glycogen and carbon dioxide transport reactions and vlight and vcf are the fluxes of
light reactions and carbon fixation reactions. For light phase, constraint (3) was included in the
linear model, whereas for dark phase constraint (4) was included. Once the Synechocystis
iSyn731 model was validated, it was further tested for in silico gene essentiality. The following
constraint(s) was included individually in the linear model to represent any mutant:
𝑣!"#$%# = 0

(5)

Here, vmutant represents flux of reaction(s) associated with any genetic mutation. Flux variability
analysis [46] for the reactions (for which photoautotrophic 13C MFA measurements [35] were
available) was performed based on the following formulation:
𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑒/𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒  𝑣!
Subject to
!

𝑆!" 𝑣! = 0, ∀  𝑖   ∈ 1, … , 𝑁

(6)

!!!

𝑣!,!"# ≤ 𝑣! ≤ 𝑣!,!"# , ∀  𝑗   ∈ 1, … , 𝑀

(7)

!"#$%&&
𝑣!"#$%&& ≥ 𝑣!"#

(8)

Here, vBiomass min is the minimum level of biomass production. In this case we fixed it to be
the optimal value obtained under light condition for the Synechocystis iSyn731 model. CPLEX
solver (version 12.1, IBM ILOG) was used in the GAMS (version 23.3.3, GAMS Development
Corporation) environment for implementing GapFind and GapFill [47] and solving the
aforementioned optimization models. All computations were carried out on Intel Xeon E5450
Quad-Core 3.0 GH and Intel Xeon E5472 Quad-Core 3.0 GH processors that are the part of the
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lionxj cluster (Intel Xeon E type processors and 96 GB memory) of High Performance
Computing Group of The Pennsylvania State University.

Model Components

Biomass Composition and Diurnal Cycle
(Note: Analysis performed by R. Saha and A. Verseput)
The biomass equation approximates the dry biomass composition by draining all building
blocks or precursor molecules in their physiologically relevant ratios. Most of the earlier genomescale modeling efforts [12, 29, 30] of Synechocystis 6803 contain approximate biomass equations
completely or partially adopted from other species without direct measurements. This can
adversely affect the accuracy of maximum biomass yield calculations, gene essentiality
predictions and knockouts for overproduction.
Biomass composition for Synechocystis iSyn731 and Cyanothece iCyt773 models were
generated by defining all essential cellular biomass content values by experimental measurement
or collection from existing literature (see ‘Materials and Methods’ for detail). Macromolecules
present in both cyanobacteria such as protein, carbohydrates, lipids, DNA, RNA, pigments,
soluble pool and inorganic ions were assigned to their corresponding metabolic precursors (e.g.,
L-glycine, glucose, 16C-lipid, ATP, dGTP, betacarotene, coenzyme A and potassium
respectively). Based on the experimental measurements of precursor molecules needed to form a
gram of the biomass, stoichiometric coefficients were assigned. For Synechocystis 6803 we
measured compositions of proteins and pigments and extracted compositions of the remaining
biomass macromolecules from the model by Nogales et al. [32]. Thereby we developed biomass
equations for three different conditions: photoautotrophic, mixotrophic and heterotrophic.
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Experimental measurements (described in the Materials and Methods section) showed that
biomass composition (i.e., mainly pigments) varies for Cyanothece 51142 between light and dark
conditions and nitrogen supplementation. Since pigments such as chlorophyll, carotenoids and
phycocyanobilin play important roles in photosynthetic processes their quantities are
consequently higher under light conditions. In the presence of light Cyanothece 51142 uses
photosynthesis to store solar energy in the form of carbohydrates (i.e., glycogen), while in dark it
expends that energy to fix nitrogen. Surprisingly, no significant change was measured in the
carbohydrate pool between light and dark phases due to infinitesimal contribution of
photosynthetically stored carbohydrates to total carbohydrate content in the biomass of
Cyanothece 51142. Aggregate quantities of the remaining biomass macromolecules for
Cyanothece 51142 such as lipids, RNA, DNA and soluble pool were extracted from the most
recent Cyanothece 51142 model by Vu et al. [25] to develop biomass equations for light and dark
phases.
An earlier characterization study for Cyanothece 51142 revealed that 113 proteins are
expressed in higher abundance in the light phase while 137 are expressed in higher abundance in
dark conditions [36]. The constructed model spans 26 light-specific proteins, associated with 36
reactions mainly involved in fatty acid, pigment, and amino acid metabolism and 11 dark-specific
proteins accounting for 16 reactions from glycolysis, purine, pyrimidine, pyruvate, and amino
acid metabolism. Separate biomass equations as well as two regulatory structures for the model
were derived in order to represent diurnal metabolic differences for Cyanothece 51142. In
contrast, diurnal differences observed in Synechocystis 6803 [48] are less pronounced (i.e.,
observed for only 54 genes) and less well functionally annotated (i.e., 32 genes with ‘unassigned’
functions). When compared to existing biomass equations of Synechocystis 6803 [12, 30] we
found significantly lower values for the percent weight contribution of proteins towards the
biomass pool (i.e., 52% for Synechocystis 6803 and 53% for Cyanothece 51142 vs. 84% [12] and
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66% [30], respectively). The new protein biomass contribution is in better agreement with the
previously reported value of 55% for Cyanothece 51142 [49].

Identification and Correction of Network Gaps
(Note: Analysis performed by R. Saha and A. Verseput )
Upon ensuring biomass formation, GapFind [47] was applied to assess network
connectivity and blocked metabolites. By applying Gapfill [47] putative reconnection hypotheses
were identified for blocked metabolites. Only the suggested modifications that were
independently corroborated using literature sources and also did not lead to the introduction of
thermodynamically infeasible cycle were included in the model. For Synechocystis iSyn731
model, GapFind [47] identified 207 blocked metabolites. Note that there exist 125 blocked
metabolites in the iJN678 model [32]. GapFill [47] identified unblocking hypotheses for 138
blocked metabolites. However, 88 of them led to the generation of infeasible thermodynamic
cycles and thus were excluded. For only 5 blocked metabolites corroborating evidence for
reconnection was obtained by adding 10 reactions (i.e., 2 metabolic, 4 transport and 4 exchange
reactions). The added metabolic reactions have unknown gene associations while all 4 added
transport reactions involve passive diffusion and thus are not associated with any specific gene(s)
or protein(s). Ultimately, the 45 remaining blocked metabolites with GapFill suggested (but
unconfirmed) reconnection mechanisms along with 69 blocked metabolites with no reconnection
hypotheses were retained in the model iSyn731, while metabolites such as ubiquinone, which was
proposed as an alternate substrate for succinate dehydrogenase [32] was excluded from iSyn731.
For the Cyanothece iCyt773 model, 74 blocked metabolites were found after applying
GapFind [47]. Note that there are 66 blocked metabolites in iCce806 [25]. Two exchange
reactions were added to allow the uptake of glucose and thyaminose ensuring biomass production
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under heterotrophic or mixotrophic conditions. Four blocked metabolites directly adopted from
iCce806 (during the draft model creation phase) were linked to five reactions with spurious gene
associations and thus both metabolites and reactions were removed from iCyt773. GapFill [47]
suggested re-connection mechanisms for 52 blocked metaboloites (out of a total of 70). However,
for 12 blocked metabolites the re-connection model modifications led to the creation of
thermodynamically infeasible cycles and thus were discarded. Corroborating evidence for the
reconnection of 30 blocked metabolites was identified through the addition of 19 GapFill
suggested reactions (i.e., 8 metabolic, 7 transport and 4 exchange reactions). Of the eight added
metabolic reactions we found direct literature evidence for five, homology-based evidence for
one while two reactions are spontaneous. All seven added transport reactions are through passive
diffusion and thus are not connected with any specific gene(s) or protein(s). Ten remaining
blocked metabolites with GapFill suggested reconnection hypotheses (along with 22 with no
reconnection hypotheses) were left blocked in iCyt773 as no information to corroborate the
GapFill suggested changes was found in the published literature and databases. For example,
biotin is produced in Cyanothece 51142; however, there is no literature evidence to support the
presence of the initial step of the primary production pathway (i.e., conversion of pimeloyl-CoA
from pimelate) and the intermediate step (i.e., biotransformation of 7,8-diamino-nonanoate from
8-amino-7-oxononanoate). This indicates that Cyanothece 51142 may utilize a currently unknown
pathway for producing biotin. The six other blocked metabolites are involved in the
nonfermentative alcohol production pathway (as explained in model comparison section) known
to be incomplete in Cyanothece 51142. Table 2.2 summarizes the results related to connectivity
restoration of Synechocystis iSyn731 and Cyanothece iCyt773 models.

28
GPR Associations and Elemental and Charge Balancing
(Note: Analysis performed by R. Saha, A. Verseput, and T. Mueller)
GPR associations connect genotype to phenotype by linking gene(s) that code for the
protein(s) that catalyze a particular reaction. They are important to trace correctly as they provide
the means to target at the gene level any change in the network desired at the reaction level. This
is critical because genes may catalyze multiple reactions in multiple pathways. Many earlier
models for Synechocystis 6803 do not provide in detail complex GPR associations, rather list
only gene(s) and enzyme(s) involved in a specific reaction [12, 30, 31]. For both iCyt773 and
iSyn731 models, we included comprehensive GPR associations (see Table 2.1 for detail
information). All four intracellular compartments (i.e., periplasm, cytosol, thylakoid lumen and
carboxysome) were assumed to have the same pH (7.2) and subsequently, metabolites were
assigned appropriate protonation states corresponding to this pH and each reaction was
elementally and charge balanced.
Under high light intensity in photoautotrophic conditions, Cyanothece iCyt773 model
produces 0.026 mole biomass/mole carbon fixed whereas Synechocystis iSyn731 yields 0.021
mole biomass/mole carbon fixed. These yields are almost identical to the ones calculated using
the most recent models of Cyanothece 51142 [25] and Synechocystis 6803 [32]. Experimental
measurements of biomass yields are in the same order of magnitude with model predictions for
the two organisms (i.e., 0.072 [25, 38] and 0.082 mole biomass/mole carbon fixed [50]),
respectively.

Comparison of in silico and in vivo Flux Ranges
(Note: Analysis performed by R. Saha)
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We superimposed photoautotrophic flux measurements [35] for Synechocystis 6803 onto
iSyn731 model to assess if the measurements are consistent with the model and whether the
biomass maximization assumption correctly apportions fluxes to the metabolic network. For each
reaction that was assigned a flux we calculated the flux-range under the maximum biomass
assumption. Table 2.3 and Figure 2.1 summarize the obtained results for a basis of 100 millimole
of CO2 plus H2CO3 uptake [35]. In seven (out of thirty one) cases the measured flux is fully
contained within the model predicted ranges obtained upon maximizing biomass formation
implying model consistency with MFA measurements. In contrast, under the maximum biomass
assumption for thirteen fluxes the ranges underestimate and for four fluxes the ranges
overestimate the experimentally deduced flux ranges while for seven fluxes the model derived
flux ranges partially overlap with the experimental ones.
Perhaps the most informative discrepancy is for the CO2 fixing RuBisCO (RBC)
reaction, which has a measured flux range of (123.00 to 132.00) vs. the model-calculated range of
(102.49 to 106.33). In both cases the increased RBC flux (in comparison to the basis of 100
millimole of CO2 plus H2CO3 uptake) is needed to counteract the carbon loss due to the CO2
releasing reactions such as isocitrate dehydrogenase (ICD) and pyruvate dehydrogenase (PDH).
We find that flux ranges, under the maximum biomass production assumption, of reactions such
as glucose 6-phosphate dehydrogenase (G6PD), 6-phosphogluconolactonase (6PGL) and
phosphogluconate dehydrogenase (6PGD) in oxidative pentose phosphate (OPP) pathway are
negligible (0.00 to 0.03). In contrast, the experimentally derived range for OPP is (12 to 21). This
is approximately equal to the difference between the modelpredicted vs. experimentally deduced
RBC reaction range implying the persistence of OPP flux even under the photoautotrophic
condition [35] despite the presence of a more efficient NADPH production route through
photosynthesis as predicted by the model (under max biomass). The high values Young et al. [35]
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obtained for the OPP fluxes were surprising as OPP is not a very efficient route for cyanobacteria
to generate reducing power. This may reflect some inherent biological constraint that is not
captured by the optimality assumption.
Model predicted lower flux ranges for RBC are propagated to seven other reactions in the
Calvin cycle (i.e., phosphoglycerate kinase (PGK), glyceraldehyde-3-phosphate dehydrogenase
(13PDG), triose-phosphate isomerase (TPI), transketolase (TKT1), ribose-5-phosphate isomerase
(RPI), ribulose 5-phosphate 3-epimerase (RPE) and phosphoribulokinase (PRK). The remain- ing
six reaction fluxes with lower model predicted fluxes compared to measurements [35] are all in
the TCA cycle (i.e., citrate synthase (CS), aconitase (ACONT), isocitrate dehydrogenase (ICD),
succinate dehydrogenase (SUCD) and malic enzyme (ME1 and ME2) reactions). Even under the
max biomass assumption, SUCD is not required to carry any flux due to the presence of other
succinate dehydrogenases (as part of respiratory chain) in the iSyn731 model. Furthermore, in
contrast with experimental observations, under the maximum biomass assumption, the model
predicts no flux through the malic enzyme (ME) reactions presumably because it is a less energyefficient route (i.e., phosphoenolpyruvate R oxaloacetate R malate R pyruvate) for pyruvate
generation than the pyruvate kinase (PYK) reaction [35].
There are nine reactions with experimentally derived ranges completely subsumed within
the ones derived under the maximum biomass assumption. Five of them are in the Calvin cycle
(i.e., fructose-bisphosphate aldolase (FBA), fructose-bisphosphatase (FBP), Sedoheptulose 1,7bisphosphate D-glyceraldehyde-3-phosphate- lyase (SBGPL), sedoheptulose-bisphosphatase
(SBP) and bidirectional transaldolase (TAL)). The first four reactions are essential with
experimentally deduced flux ranges of (53.00 to 66.00) for FBA and FBP and (29.00 to 43.00) for
SBGPL and SBP. In contrast, the calculated flux ranges (20.08 to 73.17) for FBA and SBGPL
and (0.00 to 73.17) for FBP and SBP imply that they are in silico non-essential. As depicted in
Figure 2.1, these reactions are involved in the production of sedoheptulose 7-phosphate (S7P)
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from fructose 1,6-bisphosphate (FDP). An alternative production route for S7P is afforded in the
model through the bidirectional transaldolase (TAL) reaction from fructose 6-phosphate (F6P)
alluding to an explanation for the wider flux ranges derived using the model. Experimental and
model predicted flux ranges for TAL are (26.00 to 9.00) and (235.93 and 37.32), respectively.
Upon restricting the TAL flux ranges in the calculations to the ones found experimentally, the
flux variability analysis shrinks the flux ranges for FBA and FBP to (28.22 to 43.27) and (28.22
to 43.33) and for SBGPL and SBP to (29.82 to 44.87) and (29.82 to 44.87), respectively which
are very close to the experimentally measured ranges. This is indicative that in addition to the
maximization of biomass formation, additional restrictions (e.g., photosynthetic efficiency and
relative selectivity of RuBISCO for carboxylation over oxidation) limit the range of fluxes that
the aforementioned glycolytic fluxes may span in vivo. Note that the presence of experimentally
measured fluxes is important to test the model and the adopted maximization principle. We were
fortunate in this case to have access to such data as for most organisms they are absent.
Phosphoglycerate mutase (PGM) and enolase (ENO) reactions have very similar model
derived and experimentally obtained flux ranges. Model-predicted flux values of the remaining
two reactions, pyruvate kinase (PYK) and pyruvate dehydrogenase (PDH), could reach as low as
zero due to the metabolic flexibility that the iSyn731 model possesses by having alternate
enzymes with different cofactor specificities. The max biomass flux range of fumarase (FUM) is
found to be (27.26 to 1.49), compared to the experimentally measured (1.70 to 2.00). Therefore, it
appears that under the photoautotrophic condition, the forward direction is kinetically favorable.
By restricting the reaction to be irreversible the model predicted a FUM flux range of (0.00 to
1.49) which is close to the experimentally derived one (see Figure 2.1). However, contrary to
MFA measurements these reactions (FUM and ME) are dispensable for in silico biomass
production.
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Model Testing Using in vivo Gene Essentiality
(Note: Analysis performed by T. Mueller)
The quality of model iSyn731 for Synechocystis 6803 was tested using experimental data
on the viability (or lack thereof) of single gene knockouts. We used the CyanoMutants database
[34, 51] that includes in vivo gene essentiality data for 119 genes (i.e., 19 essential and 100
nonessential) with metabolic functions in iSyn731 model. Cases that were flagged with
incomplete segregation in the database were omitted in iSyn731 model comparisons. We
examined the feasibility of biomass production for the model iSyn731 by comparing the
maximum biomass formation upon imposing the gene knockout with the maximum theoretical
yield of the wild-type organism. A threshold of 10% of the maximum theoretical yield was used
as a cutoff [46]. Comparisons between in vivo and in silico results led to four possible outcomes,
as previously delineated by Kumar et al., GG, GNG, NGG and NGNG [46]. Initially, the model
correctly predicted 18 out of 19 essential genes (i.e., 18 NGNG and 1 GNG) and 74 out of 100
non-essential genes (i.e., 73 GG and 27 NGG). We next explored the causes of these
discrepancies and attempted to mitigate them whenever possible.
The single GNG case corresponds to mutant DchlAI exhibiting no growth under aerobic
conditions [52]. The ChlAI system is a Mg-protoporphyrin IX monomethylester (MPE) cyclase
system that is responsible for forming the isocyclic ring (E-ring) in chlorophylls under aerobic
conditions [52]. The model allowed for the BchE and ChlAII systems (alternate cyclase systems)
to complement for the loss of the ChlAI system leading to an in silico viable mutant. However,
the same literature source [52] suggested that both BchE and ChlAII systems are unlikely to be
active under aerobic conditions and thus rescue mutant DchlAI. This prompted the introduction of
a regulatory restriction in iSyn731 model where only ChlAI reactions were active under aerobic
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conditions as MPE while ChlAII and BchE system reactions were deactivated. Using these
regulatory restrictions resolves the single GNG inconsistency.
Twenty (out of 27) NGG cases were associated with Photosystem I (PSI), Photosystem II
(PSII) and other photosynthesis reactions. While reconstructing the model, we assumed that all
genes involved in photosynthetic reaction system were essential to the functioning of the overall
system. Published literature [53-57] suggests that genes involved in photosynthetic reactions form
complex interdependencies. We used NCBI COBALT multiple sequence alignment tool [58] to
construct a phylogenetic tree of the genes associated with each photosystem along with BLASTp
searches to identify putative complementation relationships between genes to explain the
inconsistencies between the predicted in silico and in vivo growth. Genes deemed homologous
(i.e., lie adjacent in the phylogenetic tree) were linked with ‘‘OR’’ GPR relations implying that
the loss of one gene can be complemented by the other. Seven out of twenty NGG cases (i.e.,
psaD, psaI and psbA2 for PSI and PSII and cpcC2, cpcC1, cpcD, and apcD for other
photosynthesis reactions) were resolved by modifying the corresponding GPR using an OR
relation [54, 56, 59-62]. However, no phylogenetically adjacent or related (or homologous) genes
were found for the remaining 13 NGG cases (psaE, psbD2, psbO, psbU, psbV, psb28, psbX,
psb27, petE, cpcA, cpcB, apcE, apcF) [53, 57, 59, 61, 63-66]. For these cases, the genes were
deemed nonessential to the functioning of the reactions in question (i.e., photosynthesis reactions)
and thereby the corresponding GPRs were modified to show an OR relation between each of
these genes and an ‘unknown gene’, similar to what was previously performed in the refinement
of the iMM904 model [67].
The remaining seven NGG cases are associated with a variety of metabolic functions.
One such case is the DmodBC mutant corresponding to the sole ABC molybdate transporter in
the model. Literature evidence [68] revealed that a related cyanobacterium, Anabaena variabilis
ATCC 29413, could continue to grow despite the loss of its molybdate ABC transporter due to
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the presence of another low affinity molybdate transporter or an inducible sulfate transport
system that can serve as a low affinity molybdate transporter when required. We found the same
gene coding for the sulfate transporter in A. variabilis (cysA) in the iSyn731 model allowing the
resolution of the discrepancy by adding a cysA-linked alternate molybdate transporter. Another
NGG case is mutant DcrtO that cannot produce echinenone (a biomass component) in iSyn731
with no effect on observed growth. Therefore, it appears that iSyn731 cannot capture the
flexibility of Synechocystis 6803 metabolism [69] when echinenone production is restricted. The
remaining five NGG cases are spread across many metabolic pathways. The DctaA mutant
eliminates the copper ABC transporter without affecting growth, which alludes to the existence of
another unknown mode of copper uptake not present in iSyn731 [70, 71]. The DmenG mutant
eliminates a reaction for the production of phylloquinone while mutant Dppd affects the
production of homogentisate, a precursor for both tocopherols and plastoquinone. Finally, the
Dvte3 mutant affects the production of both plastoquinone and atocopherol [72] and the viable
DccmA mutant restricts the production of chorismate (a precursor to aromatic amino acids) and
also restricts carboxysome formation [73-75]. These six inconsistencies between the model
predictions and growth data imply that the cyanobacterium can co-opt another metabolic process
to (partially) complement for the gene loss. Unlike the case of the DmodBC mutant, we have
found no plausible mechanism for the six remaining mutants.
After resolving the discrepancies, as described above, iSyn731 correctly predicted all 19
essential genes (i.e., 19 NGNG and 0 GNG) and 94 (out of 100) non-essential genes (i.e., 94 GG
and 6 NGG). Figure 2.2 shows our results and comparisons against two other available
Synechocystis 6803 models by Knoop et al. [12] and Nogales et al. [32]. We used the
CyanoMutants database [34] to identify 114 genes (i.e., 19 essential and 95 nonessential) having
metabolic functions in the iJN678 model by Nogales et al. [32]. Out of 114 genes the iJN678
model correctly predicted 18 essential genes (i.e., 18 NGNG and 1 GNG) and 69 non-essential
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genes (i.e., 69 GG and 26 NGG). The model by Knoop et al. [12] was tested for 51 mutants but
we found that only 43 (i.e., 7 essential and 36 non-essential) of them were reported to have
complete segregation [34]. Of these 43, Knoop et al.’s [12] model correctly predicted 5 essential
genes (i.e., 5 NGNG and 2 GNG) and 32 nonessential genes (i.e., 32 GG and 4 NGG). The
specificity and sensitivity of each of these three models were also calculated and displayed at the
bottom of Figure 2.2.
All 114 genes tested for iJN678 were also present in the iSyn731 model. 26 NGG and
one GNG cases present in iJN678 model correspond to NGG and GNG cases that were either
fixed or still present in iSyn731 as discussed before. Lethal mutant Dppa is correctly predicted as
NGNG in iSyn731 but deemed GNG in Knoop et al. [12] model. This was because ppa in
iSyn731 codes for the degradation of both triphosphate into diphosphate and diphosphate to
phosphate. Only the latter activity is linked to ppa in the Knoop et al’s model. Out of 4 NGG
cases in [12], two involve DcmpA and DcmpB mutants. Both these genes are involved in the
ABC transporter system for bicarbonate from periplasm to cytosol. iSyn731 avoids this
inconsistency as it contains an alternate sodium and bicarbonate co-transport system.

Model Comparisons
(Note: Analyses performed by R. Saha, A. Verseput, and T. Mueller)

Synechocystis 6803 Model Comparisons
The iSyn731 model integrates the description in the photosystems of the model presented
by Nogales et al. [32] and adds additional detail. One notable difference is that iSyn731 uses a
separate photon for each reaction center (i.e., PSI and PSII) as they are optimized for different
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ranges of wavelength [76], whereas iJN678 [32] uses a single photon shared by both photosystem
reactions. As many as 322 new reactions (see Figure 2.3A), are added in iSyn731 distributed
across many pathways. Most of the additions are in the lipid and fatty acid metabolism to support
the synthesis of measured fatty acids and lipids present in the biomass equation. This list includes
myristic acid (14-carbon saturated fatty acid) and lauric acid (12-carbon saturated fatty acid).
iJN678 [32] contained four reactions exhibiting unbounded flux (i.e., two duplicate glycine
cleavage reactions and two duplicate leucine transaminase reactions). They form a
thermodynamically infeasible cycle (see Figure 2.4A for leucine transaminase reactions) that was
resolved in iSyn731 by eliminating redundant functions. In addition, the glycine cleavage system
was recast in detail by abstracting the separate action of the four enzymes (named the T-, P-, L-,
and Hproteins) that ultimately catalyze the demethylamination of glycine.
iSyn731 improves upon iJN678 [32] by eliminating lumped reactions whenever a multistep description is available and expands the range of functions carried out with alternate
cofactors. As many as twelve reactions with an enoyl-[acyl-carrier-protein] reductase function
were linked with not only NADP but also with the more rare NAD cofactor specificity. Another
important difference between iSyn731 and iJN678 [32] is the cellular location of the CO2 fixation
(i.e., ribulose-1,5-bisphosphate carboxylase/oxygenase (RuBisCO) enzyme). Literature [77, 78]
shows that cyanobacteria possess a micro-compartment (i.e., carboxysome) encapsulating
RuBisCO and carbonic anhydrase (CA) enzymes. iSyn731 adds carboxysome as a cellular
compartment and also all necessary transport reactions [77, 78]. Recently, Zhang and Bryant [33]
hypothesized the existence of a functional TCA cycle in most cyanobacterial species using a 2ketoglutarate to succinate bypassing step. iSyn731 allows for a complete TCA cycle using the
bypassing step. In addition, iSyn731 contains an intact heptadecane biosynthesis pathway as
recently described [21] unlike earlier Synechocystis 6803 models [12, 29, 30, 32] (see Figure
2.5A for distribution of unique reactions in iSyn731).
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Cyanothece 51142 Model Comparisons
The iCyt773 model for Cyanothece 51142 improves upon the iCce806 model [25].
iCyt773 segregates reactions into the periplasm, thylakoid lumen, carboxysome, and cytoplasm
compartments thus introducing an additional 60 transport reactions compared to iCce806 [25].
Unlike iCce806 [25], iCyt773 does not track macromolecule synthesis for DNA, RNA, and
proteins to maintain consistency with the Synechocystis 6803 model. This difference accounts for
69 genes present in iCce806 [25] but absent from iCyt773. iCce806 [25] contained 15 reactions
which formed five cycles that could carry unbounded metabolic flux (i.e., thermodynamically
infeasible cycles). All these cycles were eliminated by restricting reaction directionality and
eliminating reactions that were linear combinations of others (coded by the same gene) (see
Figure 2.4B).
iCyt773 contains 43 unique genes and 266 unique reactions (including transport and
alternate cofactor utilizing reactions) as shown in Figure 2.3B. Figure 2.5B depicts the
distribution of the new reactions across different pathways. Most of the additions are found in
lipid and pigment biosynthesis pathways. The iCyt773 model captures in detail the lipid
biosynthesis pathway composed of 73 reactions and links as many as 28 biomass precursor lipids
(e.g.,

sulfoquinovosyldiacylglycerols,

monogalactosyldiacylglycerols,

digalactosyldiacyl-

glycerols, and phosphatidylglycerols) directly to the biomass equation. The porphyrin and
chlorophyll metabolism and carotenoid biosynthesis pathways were updated to include 24
reactions for the production of accessory pigments such as echinenone, an accessory pigment, and
(3Z)-phycocyanobilin, a phycobilin. Accessory pigments donate electrons to chlorophyll rather
than directly to photosynthesis. Phycobilins are adapted for many wavelengths not absorbed by
chlorophyll thus broadening the spectrum useful for photosynthesis. The variety of pigments in
cyanobacteria is well documented [79-81] providing so far untapped avenues for engineering
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increased efficiency in photosynthesis and control of electron transfer processes in biological
systems. Another new function in iCyt773 is L-Aspartate Oxidase. L-Aspartate Oxidase allows
the deamination of aspartate, forming oxaloacetate a key TCA-cycle metabolite and ammonia.
The impact of this addition to iCyt773 is not evident under the photoautotrophic condition but
becomes relevant for growth in a medium containing aspartate. iCyt773 also uniquely supports
the synthesis of pentadecane as documented by Schirmer et al. [21] and contains an (almost)
complete non-fermentative citramalate pathway as suggested by Wu et al. [22].
A number of lumped reactions in iCce806 [25] were recast in detail. For example,
pyruvate dehydrogenase (PDH) is a threeenzyme complex that carries out the biotransformation
of pyruvate to acetyl-CoA in three steps using five separate cofactors (i.e., TPP, CoA, FAD,
lipoate, and NAD). Similar detail was used for lumped steps in the metabolism of glycine,
histidine, and serine. All additions to the list of reactions in iCyt773 were corroborated using
genome annotations [9] or published literature [20-22, 82] with the exception of ten enzymes,
whose function in the lipid and pigment biosynthesis pathways was required for biomass
production.
A shift in biomass composition was observed under light, dark, and nitrate supplemented
(light and dark) conditions. These differences were captured in four separate biomass descriptions
present in iCyt773. In addition, we used data from Stockel et al. [36] on the diurnal oscillations
for approximately 20% of proteins in Cyanothece 51142 to identify regulatory reaction
shutdowns in our metabolic model. As expected, the nitrogenase genes cce_0559 and cce_0560,
known to be active in the absence of light, exhibited low spectral counts under light conditions. In
contrast, photosystem II gene cce_1526, showed no spectral count under dark conditions.
Unexpectedly, the data suggested that the Mehler reactions associated gene (cce_2580), known to
be active in Synechocystis 6803 [83] and expected to be active in Cyanothece 51142, exhibited
lower expression in light than in dark conditions.
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iSyn731 and iCyt773 Models Comparison
Figure 2.3C illustrates the total number of common and unique reactions and metabolites
between iSyn731 and iCyt773 models. The Cyanothece 51142 genome [9, 84] is 1.5 times larger
than the one for Synechocystis 6803 [11], nevertheless iCyt773 is smaller than iSyn731 due to
differences in the level of detail of annotation and biochemical characterization. As many as 670
reactions and 596 metabolites are shared by both models corresponding to 47% and 63% of the
total reactome and metabolome, respectively (see Figure 2.3C). The higher degree of
conservation of metabolites (as opposed to reactions) across the two cyanobacteria suggests that
lifestyle adaptations tend to usher new enzymatic activities that most of the time make use of the
same metabolite pool without introducing new metabolites. There are 486 reactions that are
unique to iSyn731 with no counterpart in iCyt773. These reactions are not preferentially allotted
to a handful of specific pathways. Instead they are spread over tens of different pathways.
Primary metabolism reactions dispersed throughout fatty acid biosynthesis, lipid metabolism,
oxidative phosphorylation, purine and pyrimidine metabolism, transport and exchange reactions
account for 295 reactions. Secondary metabolism including chlorophyll and cyanophycin
metabolism, folate, terpenoid, phenylpropanoid and flavonoid biosynthesis accounts for the
remaining 191 iSyn731-specific reactions. Interestingly, the 276 iCyt773-specific reactions span
the same set of diverse pathways implying that the two organisms have adopted unique/divergent
biosynthetic capabilities for similar metabolic needs. Fifty-eight span primary metabolism
pathways such as purine and pyrimidine metabolism, fatty acid and lipid biosynthesis, amino acid
biosynthesis. The remaining 218 reactions describe secondary metabolism such as terpenoid
biosynthesis, chlorophyll and cyanophycin biosynthesis, plastoquinone and phyloquinone
biosynthesis. The much larger set of unique iSyn731-specific reactions compared to iCyt773
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reflect more complete genome annotation and biochemical characterization rather than
augmented metabolic versatility.
A number of distinct differences in metabolism between the two organisms have been
accounted for in the two models. For example, iCyt773 does not have the enzyme threonine
ammonialyase, which catalyzes the conversion of threonine to 2-ketobutyrate and as a
consequence lacks the traditional route for isoleucine synthesis. Instead it employs part of the
alternative citramalate pathway for isoleucine synthesis with pyruvate and acetyl-CoA as
precursors. Follow up literature queries revealed the existence of this alternative pathway in
Cyanothece 51142 [22]. Ketobutyrate, an intermediate in the citramalate pathway, can be readily
converted to higher alcohols, such as propanol and butanol, via a nonfermentative alcohol
production pathway. Using the iCyt773 model, we determined that only 2-ketoacid decarboxylase
is missing from these three-step processes. In contrast, iSyn731 was found to have only the
traditional route for isoleucine production with the citramalate pathway completely absent (see
Figure 2.6A). In another example, the fermentative 1-butanol pathway is known to be incomplete
in both organisms. By querying the developed models we can pinpoint exactly which steps are
absent. Specifically, the conversion between 3-hydroxybutanoyl-CoA and butanal is missing in
both models. In addition to higher alcohols, higher alkanes (C13 and above) are important biofuel
molecules as the main constituents of diesel and jet fuel [21]. Recently reported [21] novel genes
involved in the biosynthesis of alkanes in several cyanobacterial strains were incorporated in the
models. Metabolic differences in Cyanothece 51142 and Synechocystis 6803 lead to the
production of different alkanes (e.g., pentadecane in Cyanothece 51142 and heptadecane in
Synechocystis 6803) (see Figure 2.6B).
Model iCyt773, in contrast to iSyn731, does not have a complete urea cycle as it lacks the
enzyme L-arginine aminohydrolase catalyzing the production of urea from L-arginine. Literature
sources [84, 85] support this finding and explain the absence of a functional urea cycle as a
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consequence of the nitrogen-fixation ability of Cyanothece 51142 [86, 87]. Because Cyanothece
51142 can fix nitrogen directly from the atmosphere and produce ammonium via the enzyme
nitrogenase, genes corresponding to the activity of L-arginine aminohydrolase and urease (for
breaking down urea) become redundant, explaining why they are not present in its genome [87].
In addition to nitrogen metabolism, iCyt773 and iSyn731 models reveal marked differences in
anaerobic metabolic capabilities. Unlike iSyn731, iCyt773 includes a L-lactate dehydrogenase
activity that enables the complete fermentative lactate production pathway. On the other hand,
iSyn731 contains the anaerobic chlorophyll biosynthetic pathway using enzyme protoporphyrin
IX cyclase (BchE) that is absent in iCyt773. Other differences in metabolism include lipid and
fatty acid synthesis, fructose-6-phosphate shunt and nitrogen fixation. Model iSyn731 traces the
location of the double bond for unsaturated fatty acid synthesis pathways, as two separate isomers
of unsaturated C18 fatty acids are part of the biomass description. iCyt773 allows for the shunting
of fructose-6-phosphate into erythrose-4-phosphate along with acetate and ATP using the
fructose-6-phosphate phosphoketolase activity. Finally, both iSyn731 and iCyt773 contain
multiple hydrogenases allowing both to produce hydrogen. However, only the latter has a
nitrogenase activity that can fix nitrogen while simultaneously producing hydrogen.

Estimation of Product Yields
(Note: Analysis performed by R. Saha, A. Verseput, and T. Mueller)
We tested the recently developed models iSyn731 and iCyt773 by comparing the
predicted maximum theoretical product yields with experimentally measured values for two very
different metabolic products: isoprene and hydrogen. Isoprene, a volatile hydrocarbon and
potential feedstock for biofuel, is mostly produced in plants under heat stress [13]. Cyanobacteria
offer promising production alternatives as they can grow to high densities in bioreactors and
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produce isoprene directly from photosynthesis intermediates [13]. It was reported [13] that
Synechocystis 6803 has all but one gene (encoding isoprene synthase) in the methyl-erythritol-4phosphate (MEP) pathway for isoprene synthesis from dimethylallyl phosphate (DMAPP). Upon
cloning the isoprene synthase from kudzu vine (Pueraria montana) into Synechocystis 6803
isoprene production was demonstrated using sunlight and atmospheric CO2 of 4.361024 mole
isoprene/mole carbon fixed [81]. We calculated the maximum isoprene yield using iSyn731 to be
3.6361025 mole isoprene/mole carbon fixed upon adding the isoprene synthase activity to the
model and simulating the conditions described in [50] under maximum biomass production.
Similar isoprene yields were obtained with iJN678 [32] while earlier models of Synechocystis
6803 [12, 29-31] lack the MEP pathway (partially or completely) and thus do not support
isoprene production. The underestimation of the experimentally observed isoprene yield by the
model predicted maximum yield may be due to sub-optimal growth of the production strain,
differences in the list of measured biomass components, missing isoprene-relevant reactions from
the model or more likely a combination of the above factors.
Both Cyanothece 51142 and Synechocystis 6803 produce hydrogen by utilizing
nitrogenase and hydrogenase activities, respectively [19]. Under subjective dark conditions [19]
whereby (i) stored glycogen acts as a carbon source, (ii) photosynthesis harnesses light energy,
and (iii) nitrogenase activity is not restricted, hydrogen production yield for Cyanothece 51142
was measured at 49.67 mole/mole glycogen consumed. Simulating the same conditions in
iCyt773 and iCce806 [25] leads to maximum theoretical yields for hydrogen production of 48.43
mole/mole glycogen and 102.4 mole/mole glycogen, respectively. The entire amount of hydrogen
produced in iCyt773 is due to the nitrogenase activity. In contrast, the predicted doubling of the
maximum hydrogen yield in iCce806 is due to the utilization of the reverse direction of two
hydrogen dehydrogenase reactions without any nitrogenase activity. Utilization of the nitrogenase
reaction requires the use and recycling of more ATP than simply running the dehydrogenase
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reactions in reverse. However, it has been reported that hydrogen production in Cyanothece
51142 is primarily mediated by the nitrogenase enzyme [19] in the dark phase. This lends support
to the irreversibility of the dehydrogenase reactions (under dark condition) as present in the
iCyt773 model. Experimental results for Synechocystis 6803 support up to 4.24 mole/mole
glycogen consumed [19, 88] of hydrogen production. iSyn731 predicts a maximum hydrogen
theoretical yield of 2.28 mole/mole glycogen consumed while iJN678 [32] yields a value of 2.00
mole/mole glycogen consumed. Again the factors outlined for isoprene production may explain
the lower theoretical yields predicted by the two models. The small difference between the model
predicted yields is due to the presence of one step lumped biotransformation between isocitrate
and oxoglutarate via isocitrate dehydrogenase in iJN678 [32]. iSyn731 describes this
biotransformation in two steps (isocitrate R oxalosuccinate R oxoglutarate) [89] generating an
additional NADPH and subsequently more hydrogen via the hydrogenase reaction.

Conclusions
In this paper, we expanded upon existing models to develop two genome-scale metabolic
models (Synechocystis iSyn731 and Cyanothece iCyt773) for cyanobacterial metabolism by
integrating all available knowledge available from public databases and published literature. All
metabolite and reaction naming conventions are consistent between the two models allowing for
direct comparisons. Systematic gap filling analyses led to the bridging of a number of network
gaps in the two models and the elimination of orphan metabolites. Two separate biomass
equations as well as two different versions of Cyanothece iCyt773 models were developed for
light and dark phases to represent diurnal regulation. The development of two separate models for
Cyanothece 51142 (i.e., light and dark) provides the two ‘‘end-points’’ for the future
development of dynamic metabolic models capturing the temporal evolution [36, 43, 90, 91] of
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fluxes during the transition phases DFBA [92]. Comparisons against available 13C MFA
measurements for Synechocystis 6803 [35] revealed that the iSyn731 model upon biomass
maximization yields flux ranges that are generally consistent with experimental data.
Discrepancies between the two identify metabolic nodes where regulatory constraints are needed
in addition to biomass maximization to recapitulate physiological behavior. The ability of
iSyn731 to predict the fate of single gene knock-outs was further improved (specificity of 0.94
and sensitivity of 1.00) by reconciling in silico growth predictions with in vivo gene essentiality
data [34]. Similar analyses could also be carried out for Cyanothece iCyt773 model once such
flux measurements and in vivo gene essentiality data become available.
It is becoming widely accepted that focusing on a single pathway at a time without
quantitatively assessing the system-wide implications of genetic manipulations may be
responsible for suboptimal production levels. By accounting for both primary and some
secondary metabolism pathways, the Cyanothece iCyt773 model can be used to explore in silico
the effect of genetic modifications aimed at increased production of useful biofuel molecules. By
taking full inventory of Cyanothece 51142 metabolism (as abstracted in iCyt773), and applying
available strain optimization techniques [93, 94] optimal gene modifications could be pursued for
a variety of targets in coordination with experimental techniques. In particular, the availability of
a microaerobic environment in Cyanothece 51142 at certain times during the diurnal cycle can be
exploited for the expression of novel pathways that are not usually found in oxygenic
cyanobacterial strains that largely maintain an aerobic environment. However, the use of
Cyanothece 51142 as a bio-production platform is currently hampered by the inability to
efficiently carry out genetic modifications.
By systematically cataloguing the shared (and unique) metabolic content in iSyn731 and
iCyt773, successful genetic interventions assessed experimentally for Synechocystis 6803 can be
‘‘translated’’ to Cyanothece 51142. For example, it has been reported [95, 96] that
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overproduction of fatty alcohols can be achieved in Synechocystis 6803 upon cloning a fatty acylCoA reductase (far) from Jojoba (Simmondsia chinensis) and the over-expression of gene slr1609
coding for an acyl-ACP synthetase. By using models iSyn731 and iCyt773 we can infer that in
addition to cloning far from Jojoba, over-expression of gene cce_1133 coding for a native acylACP synthetase would be needed to bring about the same overproduction in Cyanothece 51142.
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Table 2.1: Synechocystis 6803 iSyn731 and Cyanothece 51142 iCyt773 model statistics

47

Table 2.2: Summary of connectivity restoration in Synechocystis 6803 iSyn731 and
Cyanothece 51142 iCyt773 models

48
Table 2.3: Comparison of 13C MFA flux measurements vs. model-predicted ranges

49

Figure 2.1: Comparison of model derived and experimentally measured fluxes for
Synechocystis 6803 under the maximum biomass condition. Basis is 100 millimole of CO2
plus H2CO3

50

Figure 2.2: Comparison of gene essentiality/viability data with predictions by a number of
Synechocystis 6803 models. (A) Tabulated growth (i.e., G) or non-growth (i.e., NG) predictions
and experimental data. The first number denotes the number of GG, GNG, NGG and NGNG
combinations whereas the second number signifies the number of experimentally observed lethal
(or viable) mutants, and (B) Definition and comparison of specificity and sensitivity of all three
models. Note that GG denotes both in silico and in vivo growth, NGG represents no growth in
silico but in vivo growth. NGNG implies no growth for either in silico or in vivo, whereas GNG
marks growth in silico but no growth in vivo.
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Figure 2.3: Venn diagram depicting (common and unique) reactions and metabolites
between (A) iJN678 and iSyn731 (B) iCce806 and iCyt773 (C) iSyn731 and iCyt773 models

52

Figure 2.4: Schematics that illustrate the thermodynamically infeasible cycles and
subsequent resolution strategies. (A) Cycles present in iJN678, and (B) Cycles present in
iCce805. Blue colored lines represent the original reaction directionality whereas green ones
denote modified directionality to eliminate cycle.
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Figure 2.5: List of added reactions across pathways. (A) iSyn731 compared to iJN678, and (C)
iCyt773 compared to iCce806.
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Figure 2.6: Examples of pathways that differ between the two cyanobacteria. (A)
Nonfermentative alcohol production pathway highlighting the present and absent enzymes in
Cyanothece 51142 and Synechocystis 6803, and (B) Alkane biosynthesis pathways in Cyanothece
51142 and Synechocystis 6803.
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Chapter 3

Semi-Automated GSM Model Development Workflow
This chapter is published as:
Mueller, T. J., Berla, B. M., Pakrasi, H. B., and Maranas, C. D. (2013) Rapid
construction of metabolic models for a family of Cyanobacteria using a multiple source
annotation workflow, Bmc Syst Biol 7.

Abstract
Cyanobacteria are photoautotrophic prokaryotes that exhibit robust growth under diverse
environmental conditions with minimal nutritional requirements. They can use solar energy to
convert CO2 and other reduced carbon sources into biofuels and chemical products. The genus
Cyanothece includes unicellular nitrogen-fixing cyanobacteria that have been shown to offer high
levels of hydrogen production and nitrogen fixation. The reconstruction of quality genome-scale
metabolic models for organisms with limited annotation resources remains a challenging task.
Here we reconstruct and subsequently analyze and compare the metabolism of five
Cyanothece strains, namely Cyanothece sp. PCC 7424, 7425, 7822, 8801 and 8802, as the
genome-scale metabolic reconstructions iCyc792, iCyn731, iCyj826, iCyp752, and iCyh755
respectively. We compare these phylogenetically related Cyanothece strains to assess their bioproduction potential. A systematic workflow is introduced for integrating and prioritizing
annotation information from the Universal Protein Resource (Uniprot), NCBI Protein Clusters,
and the Rapid Annotations using Subsystems Technology (RAST) method. The genome-scale
metabolic models include fully traced photosynthesis reactions and respiratory chains, as well as
balanced reactions and GPR associations. Metabolic differences between the organisms are
highlighted such as the non-fermentative pathway for alcohol production found in only
Cyanothece 7424, 8801, and 8802.

63
Our development workflow provides a path for constructing models using information
from curated models of related organisms and reviewed gene annotations. This effort lays the
foundation for the expedient construction of curated metabolic models for organisms that, while
not being the target of comprehensive research, have a sequenced genome and are related to an
organism with a curated metabolic model. Organism specific models, such as the five presented
in this paper, can be used to identify optimal genetic manipulations for targeted metabolite
overproduction as well as to investigate the biology of diverse organisms.

Background
Genome-scale models (GSMs) are the collection of gene to protein to reaction
associations (GPRs), charge and elementally balanced reactions, and constraints on molecular
functions found within a cell [1-4]. The constraints placed on molecular function define the
possible phenotypes of an organism under specific conditions [2]. There are a number of
applications for GSMs beyond the prediction of wildtype phenotypes in varying environments.
These include the identification of optimal gene and medium modifications, non-native routes for
metabolite production, and lethal gene deletions [5-9]. A genome-scale model of Cyanothece
ATCC 51142, iCyt773, was recently published [10]. It contains 4 compartments, with 811
metabolites and 946 charge and elementally balanced reactions. iCyt773 is an improvement upon
the previously published iCce806 model [11], and contains 43 genes and 266 reactions unique
from iCce806 [10]. Further comparison of the two models can be found in the work by Saha et al
[10]. iCyt773 also models the diurnal rhythm of the Cyanothece metabolism. Since Cyanothece
ATCC 51142 is closely related to all five Cyanothece species discussed in this paper [12], it was
used in the development of the reconstructions for five organisms, Cyanothece PCC 7424, 7425,
7822, 8801, and 8802, as iCyc792, iCyn731, iCyj826, iCyp752, and iCyh755 respectively. All
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models were named using their associated KEGG organism code. The objective of this study is to
expediently generate models for a collection of members of a genus, using as a foundation an
existing high-quality metabolic model for a representative member of the genus, while integrating
information from a range of available sources.
The genus Cyanothece belongs to the phylum of Cyanobacteria. Cyanobacteria have a
number of properties that make them ideal candidates for bio-production. Photosynthetic
cyanobacteria bypass the need for sugar carbon substrates while having higher solar energy
conversion efficiencies (i.e., 3-9%) than C3 (2.4%) and C4 plants (3.7%) [13]. Cyanothece
generate not only hydrogen [12, 14-16] but also fix atmospheric nitrogen by temporally
segregating the photosynthesis and nitrogenase activities [17, 18]. In addition, Cyanothece
possess the potential to grow in air and can be easily fixed to solid matrices [19]. All five species
discussed in this paper are capable of fixing nitrogen and producing hydrogen, while Cyanothece
PCC 7425 is the only species that is not capable of accomplishing this task in an aerobic
environment [12]. 7425 also varies in a number of physical characteristics, enough so that it has
been suggested that it should be reclassified to another genus pending further review [20].
Cyanothece PCC 7424, 7425, 7822, 8801, and 8802, were all sequenced following the
promising discoveries made concerning the metabolic capabilities of Cyanothece ATCC 51142
[12]. These five species exhibit unique metabolic characteristics that motivated the development
of five separate reconstructions. Fragments of a butanol producing pathway have been postulated
to exist in all strains through an inspection of the Cyanothece genomes [21]. Metabolic
capabilities such as the alkane biosynthetic pathway and alternative pathways for breaking down
arginine across species [12] have been hypothesized to exist as well. Given differences in
metabolism, developed genetic systems [22], and variations in growth characteristics, phenotype,
and rhythms of nitrogen fixation and respiration [23], it is important to globally assess the
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metabolic repertoire of each strain separately.
There exist numerous databases devoted to gene annotations for a wide variety of
organisms [24-27]. However, the number of gene annotations is skewed towards a handful of
extensively studied organisms. Escherichia coli K-12, the strain modeled in the iAF1260
metabolic reconstruction [28], has approximately 16 times the number of reviewed annotations
(4,326) in the Universal Protein Resource (Uniprot) compared to Cyanothece PCC 7424 (271)
[24]. For most (microbial) organisms Uniprot contains only a small subset of required gene
annotations (i.e., 200-300).

Faced with this paucity of organism-specific gene annotation

information, most metabolic reconstructions rely on a single database (i.e., typically KEGG) from
which to pull gene annotations [24, 29-31]. This may introduce errors in the reconstruction as
absent functionalities could be included in the model due to permissive homology cutoffs or
errors in the original annotation source. In addition, specific and non-specific references to the
same metabolite (e.g. D-Glucose vs. α-D-Glucose) and generic or unbalanced reactions [30] may
also affect the consistency of the reconstruction. Integrating and contrasting information from
multiple databases can remedy many of these shortcomings.
A systematic workflow is put forth that addresses the aforementioned challenges. It
allows for the parallel reconstruction of genome-scale models for organisms that have a
sequenced genome and are closely related to a species with a curated genome-scale model. Using
this workflow, reconstructions were developed for all five Cyanothece species using iCyt773 and
reviewed annotations from Uniprot [24], NCBI Protein Clusters [32], and the Rapid Annotations
using Subsystems Technology (RAST) method [33]. These annotations were used to retrieve
charge and elementally balanced reactions from both the iCyt773 model and the SEED database
[34] for the construction of draft models. No reconciliation between the iCyt773 and SEED
reactions or metabolites was required as iCyt773 was initially constructed using SEED notation
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when possible. The five models are all capable of producing biomass using the iCyt773 biomass
equations under diverse nutrient conditions. All five models are free of thermodynamically
infeasible cycles, and the fractions of reactions mapped to specific genes (i.e., GPRs) are within
the range of manually curated reconstructions. The use of multiple annotation sources helps to
mitigate errors that may arise from a single source. Unlike automated draft models (i.e., Model
SEED [35]), organism-specific metabolites such as pigments are included in the biomass equation
and light reactions are fully traced. This workflow is also more adept at excluding metabolites
present in related species but absent in the reconstructed organism. For example, menaquinone
and ubiquinone are known to not exist within Cyanothece [36], but are often pulled into draft
models generated by automated software.

Model Comparisons and Validation

Model Comparisons
The five models were developed by combining reactions from the curated metabolic
model, iCyt773, with reactions taken from the SEED database whose presence in that organism
were confirmed by reviewed annotations. The statistics for the five developed models are shown
in Table 3.1. The model development workflow identified reactions that are in some cases unique
to each reconstruction. However, closely related Cyanothece 8801 and 8802 have no unique
reactions though they do contain a set of 30 reactions that are not found in any other
reconstruction. All five models contain four compartments; cytosol, periplasm, thylakoid lumen,
and carboxysome. The number of genes present in each reconstruction is similar to the number of
open reading frames (ORFs) associated with the iCyt773 and iSyn731 models. The percent of
non-exchange reactions without associated genes falls within ranges comparable to those of
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numerous manually curated models (see Figure 3.1) [10, 11, 28, 37]. Biomass yields were also
calculated for each of the five models using the same photoautotrophic conditions used to
calculate the biomass yield for iCyt773 [10]. All five models had an identical yield of 0.026 mole
biomass / mole carbon fixed.
Figure 3.2 shows the number of reactions shared between iCyt773 and each one of the
models. A total of 922 reactions from iCyt773 are shared with at least one of the five models
while 169 reactions have been added to all five models during the SEED reaction retrieval step of
the workflow. The removal of these 169 reactions only affects biomass production in iCyn731. It
does not grow when the reactions are removed since one of the reactions is essential as it is the
only Fe(II) oxidoreductase present within iCyn731. The other four models contain another Fe(II)
oxidoreductase.. The number of reactions shared between each of the five models and iCyt773
(Figure 3.2A) generally matches the phylogenetic relationships between the organisms [12].
Cyanothece 7425, which is the farthest removed of the five species from Cyanothece 51142, also
has the fewest identified homologs with Cyanothece 51142. The two most closely related pairs,
Cyanothece 7424/7822, and 8801/8802, have the highest reaction similarities (see Figure 3.2B)
while the farthest removed species, Cyanothece 7425, has the lowest similarity. This divergence
lends support to the possibility of reclassification [20].

Model Validation Using Published Findings
The effect of a gene knockout on an organism’s phenotype is frequently used in assessing
GSM quality [10, 38]. However, unlike the CyanoMutants database for Synechocystis PCC 6803
[39, 40], none of the five species have a detailed repository of known mutants. The ΔnifK mutant
for Cyanothece 7822 was shown to not be able to grow without the presence of combined
nitrogen (nitrate) [22]. This finding implies the critical involvement of nifK in the fixation of
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nitrogen. In iCyj826 this gene is involved in the GPR of the nitrogen fixation reaction present
within the model. Given that the GPR describes nifK as one of three critical subunits of the
enzyme, its deletion results in the inability for that reaction to carry flux. Upon its removal from
iCyj826, the model is unable to grow without the addition of nitrate or ammonium, showing that
the model reacts to the knockout in the same manner as the organism does in vivo.
Despite the many similarities between the 5 species, significant differences also exist
[12]. Genes that code for isocitrate lyase and malate synthase (glyoxylate shunt) are present only
in Cyanothece 7424 and 7822 as reflected in the models. 2-oxoglutarate decarboxylase and
succinic semialdehyde dehydrogenase, found in many cyanobacteria, complete the TCA cycle
despite the absence of 2-oxoglutarate dehydrogenase [41]. Both of the enzymes in the alternate
pathway are present within iCyt773, and were transferred to all five models. The associated genes
are also bidirectional best hits with the two genes in Synechococcus PCC 7002 that are associated
with the aforementioned enzymes [41]. iCyn731, iCyp752, and iCyh755 all contain an alkane
biosynthetic pathway similar to what is present within iCyt773. While iCyt773 contains the
pathway that enables the production of pentadecane from Hexadecenoyl-ACP, Schirmer et al
have measured heptadecane but not pentadecane production from Cyanothece 7425 [42]. iCyn731
contains only heptadecane production, while iCyp752, and iCyh755 contain pathways for both
pentadecane and heptadecane (no specific literature evidence neither in support nor in conflict
with this was found). The two enzymes required, Hexadecenoyl-ACP reductase and Hexadecenal
decarbonylase (EC 1.2.1.80 and 4.1.99.5 respectively per iCyt773), have no corresponding
annotations or orthologous genes in Cyanothece 7424 or 7822 [42].
Polyhydroxyalkanoates (PHAs) are a complex family of polyesters that can be
synthesized by a wide variety of bacteria [43]. Cyanothece 7424, 7425 and 7822 all contain the
enzymes keto-thiolase and acetoacetyl-CoA reductase, which are necessary for the synthesis of
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polyhydroxyalkanoic acids [43-45]. There are RAST and unreviewed Uniprot annotations that
identify genes within each of these three organisms associated with a PHA synthase. The nonfermentative pathway for higher alcohols exist in the 7424, 8801, and 8802 strains [12]. The same
pathway has been seen in E. coli [46, 47] after the addition of the kivD gene from Lactococcus
lactis [48] and the adh2 gene from Saccharomyces cerevisiae [49]. The pathway uses the 2-keto
acid intermediates of amino acid biosynthesis and diverts them towards the synthesis of alcohols
[46]. The kivD gene codes for a 2-keto acid decarboxylase that acts on a wide range of substrates
and enables the conversion of the 2-keto acids into aldehydes. The workflow identified genes in
Cyanothece 7424, 8801 and 8802 which are bidirectional best hits with the kivD gene from
Lactococcus lactis, and also annotated as being associated with the same EC number as kivD. An
alcohol dehydrogenase, such as adh2, then converts these aldehydes into alcohols. The adhA gene
(slr1192) in Synechocystis PCC 6803 has been found to have wide substrate specificity that
includes the aldehydes associated with butanol and propanol [50]. All five species contained a
gene that was a bidirectional best hit with slr1192. While both the forward and reverse BLAST
searches for Cyanothece 7425 had e-values in the order of 10-28 and percent identities of 30%, the
searches, both forward and reverse, for the other four organisms had e-values ranging between 10138

and 10-153 with percent identities ranging from 58 to 61%. The presence of orthologs to both a

2-keto acid decarboxylase and alcohol dehydrogenase with wide ranges of specificity in
Cyanothece 7424, 8801, and 8802 provides annotation evidence for the hypothesized presence of
non-fermentative higher alcohol pathways [12].
Significant variations in nitrogen metabolism between the five species have been
documented [12]. Arginine decarboxylase is present in all 5 reconstructions, but differences arise
in the subsequent agmatine catabolism. Cyanothece 51142 does not contain the associated genes
for the conversion of agmatine to putrescine, and this is reflected in the iCyt773 model [10, 12] as
these reactions are absent. Both iCyc792 and iCyj826 contain agmatinase and urease. The
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proposed pathway for agmatine breakdown into putrescine in Cyanothece 7425, 8801, and 8802
is through N-carbamoylputrescine. The two reactions required for this degradation can be found
in all 3 associated models. Finally, as predicted by Bandyopadhyay et al [12], iCyc792, iCyj826,
iCyp752, and iCyh755 contain the reactions required to break putrescine down into spermidine
and spermine.

Model Reconstruction Workflow Validation

Validation of Proposed Reconstruction Workflow
Additional reactions retrieved using reviewed annotations have provided a number of
insights into the five species that would not have been either found or confirmed if reactions were
only pulled from iCyt773. The diverging nitrogen metabolism reactions were retrieved using
SEED, as agmatine is the preferred polyamine for Cyanothece 51142 [12]. An alternative butanol
pathway is present in varying stages of completion in the five models. While butanol can be
produced from a 2-keto acid as previously discussed, it can also be produced through the
coenzyme A dependent pathway [51, 52]. The coenzyme A dependent pathway was found to
exist within a Clostridium species [53, 54]. Figure 3.3 shows the comparative level of completion
of the fermentative butanol pathway within each of the 5 species. Cyanothece 7425 is the only
organism to contain the complete pathway. The alcohol dehydrogenase exists within the models
given the identification of homologs to the Synechocystis adhA gene [50]. The 7424/7822 and
8801/8802 pairs have the same enzymes. Figure 3.3 also shows e-values for the BLAST searches
between the genes and the genes in the fermentative butanol pathway of Clostridium
acetobutylicum ATCC 824. Given the lower e-value for Butanoyl-CoA dehydrogenase, it is the
gene most likely to not be present or functional within Cyanothece 7425. The enzymes present in
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the five pathways mirror the phylogenetic relationship trends of the five species in a manner
comparable to what was initially seen in the reaction similarities from Figure 3.2, as well as with
the glyoxylate shunt and nitrogen metabolism.
The proposed workflow also served to complete unfinished pathways from iCyt773. All
five models are capable of converting galactose-1-phosphate to fructose-6-phosphate as in
iCyt773. Three of the models, iCyn731, iCyj826, and iCyh755, also include the reaction that
converts galactose into galactose-1-phosphate, enabling them to process galactose in the
glycolysis pathway. Tetrahydrobiopterin (BH4) is a pteridine compound that acts as a cofactor for
nitric oxide synthases and aromatic amino acid hydrolases in higher animals [55]. Pteridine
glycosides have been found in cyanobacteria, although their function is still unknown [56], and
the first isolated pteridine glycosyltransferase from Synechococcus PCC 7942 acted on BH4 [57].
Even though iCyt773 does not contain the complete BH4 pathway as described by Thony et al
[55], our workflow completed the pathway in all five species, identifying a gene that is a
bidirectional best hit with the gene in Synechococcus PCC 7942. The reaction was not included in
the models, as it does not exist within the SEED reaction database.
Reactions not transferred from iCyt773 offer insight into divergences between the
metabolism of the new organism and the reference model. Two of the reactions that were not
transferred from iCyt773 to the models for Cyanothece 7424 and 7822 are responsible for the
conversion of hexa- or octadecenoyl-ACP to n-hepta or pentadecane. As previously mentioned it
is accepted that the alkane biosynthetic pathway does not exist in these organisms [42]. Another
compound that is generally not found in the 5 species is xanthine, a purine base involved in the
breakdown of purine ribonucleotides such as inosine-5’-phosphate and xanthosine-5’-phosphate,
into uric acid. iCyt773 can produce xanthine from either hypoxanthine or xanthosine, iCyc792
only contains the reactions for production from xanthosine and cannot break xanthine down into
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uric acid. iCyn731 only contains the reactions for production from hypoxanthine, but can convert
xanthine into uric acid. The other three species do not contain any reactions involving xanthine
and thus cannot process purine ribonucleotides through this pathway. Six reactions involved in
transporting metabolites between the cytoplasm and periplasm or extracellular space were not
transferred, such as molybdate transport via the ABC system. Given the likelihood that such
reactions still exist within the other Cyanothece strains, it is possible that the associated GPR in
iCyt773 should be reevaluated for these reactions.

Comparisons with Other Model Development Methods
Current model development methods can be generally characterized as manual, semiautomated, or automated. The workflow presented in this paper is best classified as semiautomated. This workflow allows for more expedited model development while avoiding some of
the sources of error plaguing automated model generation and allowing for a wide range of
customization. This workflow can be adapted for use with any models, annotation sources, and
additional reaction sets given annotation availability and user preferences.
Many draft models are nowadays generated through the identification and comparison of
homologs with the GPRs of curated models [58-61]. Hamilton et al identified the possibility for
bidirectional BLAST searches to identify false positive ortholog pairs [61]. The E-value cutoff for
the searches performed for the test was 10-5. Here we use a more conservative cutoff of 10-30 to
safeguard against such instances. When the cutoff was relaxed from 10-30 to 10-5 for the
bidirectional BLAST between Cyanothece 51142 and the five species there were between 280
and 403 additional best hit pairs for each of the organisms. The number of these pairs that
involved genes present in iCyt773 varied between 15 for Cyanothece 7424 and 8801, and 26 for
Cyanothece 7425. The reliance of manually constructed models on reviewing every annotation
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and manually curating the model greatly increases the time spent on development. This workflow
helps to mitigate the need for manual review of each annotation by only using annotations that are
reviewed or are derived from reviewed sources. Manual curation can then be reserved for certain
key steps. Some of these models only include additional reactions beyond those retrieved from
the curated models if the reactions are required for biomass production [58, 60, 61]. This restricts
the inclusion of reactions unique to either that organism or a subset of organisms that the
reference models do not belong to. This introduces the risk of not including secondary
metabolism pathways, which could be of great interest. The workflow presented here aims to
overcome this through the use of outside annotations to retrieve SEED reactions.
There are a number of approaches for the automated development of metabolic
reconstructions [35, 62-64] affording significant gains in development time, however, at the
expense of some omissions and erroneous additions. The Cyanothece models created using the
MIRAGE method contain generalized lipids along with a non-specific acceptor metabolite [64].
Both the KBase and MIRAGE models constructed for Cyanothece 7424 contain menaquinone
and ubiquinone, compounds shown to not exist within that organism [36]. Conversely, there are a
number of metabolites present in the biomass composition of the five reconstructed models that
do not exist within either in the KBase or MIRAGE models (i.e., 22 specific lipid metabolites, 4
pigments and cyanophycin). The model produced through KBase also does not contain the
pigment β-carotene. Many of these models do not have specified compartments apart from
cytoplasm and extracellular space [35, 62, 64]. Automated model development can exclude
unique metabolic pathways if they are absent from the training set of models. Specifically, both
the MIRAGE and KBase models generally lack light reactions.
Other methods that combine manual and automated steps provide their own distinct
approach to model reconstruction. The RAVEN toolbox [65] allows for the curation of a

74
reconstruction from models of related species using homologs identified through BLAST
bidirectional best hits, and additional unique functions supplied through annotations taken from
KEGG Orthology [26]. This method was employed for the construction of the Penicillium
chrysogenum model iAL1006 [65]. Our workflow can currently pull from up to three sources,
with the ability to quickly expand the number of sources sampled, resulting in more identified EC
numbers with higher confidence.

Conclusions
In this paper we presented a workflow that was used to rapidly develop curated models
for five Cyanothece strains using the previously published iCyt773 model and reviewed
annotations from numerous sources. The comparisons between these five models line up with the
established phylogenetic relationships between the species. Specific reactions that were both kept
from being taken from iCyt773 or added from the SEED database demonstrate the efficacy of this
workflow and provide insights into the metabolism of the five species, as well as suggesting areas
for further curation in the iCyt773 model. This workflow can easily be adapted to work with other
metabolic models, annotation sources, and reaction databases. All five models (iCyc792,
iCyn731, iCyj826, iCyp752, and iCyh755) are included in the supplementary material.

Reconstruction Workflow

Draft Model Development
Draft models for the five organisms were developed using the workflow shown in Figure
3.4, which uses a combination of reviewed gene annotations and identified homologs between the
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new organism and Cyanothece 51142. Reactions that were determined to exist in both
Cyanothece 51142 and the organism being modeled were transferred from iCyt773 to the draft
model. This reaction sharing was established through a comparison of homologs between the two
genomes. These homologs were determined using a bidirectional BLAST search between the
genomes of Cyanothece 51142 and the organism, using an E-value cut off of 10-30 and the
requirement of mutual best hits. The Boolean logic given by each GPR in iCyt773 was evaluated
using these bidirectional hits. If the organism contained the homologs required to satisfy the logic
and encode the protein, the reaction was transferred to the draft model. This only requires one
isozyme to be present within the organism (i.e. if the associated genes for a reaction are listed as
“gene A OR gene B OR gene C”, only one of the three genes must have a homolog), yet requires
that all genes that code for an essential protein complex have a homolog. These identified
reactions were added to the draft model with the GPRs modified to reflect the homologs present
in the organism. Both the homology searches and identification of reactions to be included in the
model were automated steps.
Reviewed annotations retrieved from Uniprot [24], NCBI Protein Clusters [32], and
RAST [33], are used to support the inclusion of additional reactions into the draft models. An
automated process was used to retrieve annotations that reference specific enzyme commission
(EC) numbers, along with the EC numbers associated with the reactions retrieved using
bidirectional BLAST. Only specific EC numbers were used to avoid the inclusion of unnecessary
reactions. For some genes the annotations are inconsistent. These discrepancies are resolved
through a manual multi-step procedure shown in Figure 3.4. First the EC numbers are checked to
confirm that they have not been transferred to a new number. An example of this transfer of EC
numbers can be seen with the annotations for the Cyanothece 7424 gene, PCC7424_1895. Both
Uniprot and NCBI Clusters assigned the EC 2.5.1.75 to the gene, whereas the RAST method
assigned the EC number 2.5.1.8. Despite the apparent mismatch, EC 2.5.1.8 had previously been
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transferred to 2.5.1.75, resolving any conflict between the annotations. If the enzymes are
uniquely classified, a search of literature, specifically the InterPro database [66], is then
performed to validate their existence (or non-existence) in the organism. The Cyanothece 7424
gene, PCC7424_2477 has an associated annotation of 1.1.1.29 from iCyt773, whereas RAST
assigns both 1.1.1.26 and 1.1.1.81 to the gene. InterPro states that the 1.1.1.26 enzyme belongs to
a protein family that is found in hyperthermophilic archaea, thus ruling out its existence in
Cyanothece 7424. After using the InterPro information to rule out a possible associated enzyme,
the annotation is resolved through order of confidence (described below), and 1.1.1.29 is
attributed to the gene. Next, any enzymes that are associated with generic metabolites, or
metabolites known to not be found within the organism, are removed. Such filtering can be seen
with the Cyanothece 7425 gene Cyan7425_1569. Both the model and RAST annotation suggest
that succinate dehydrogenase (1.3.99.1) is associated with this gene. However NCBI Protein
Clusters suggests enzyme 1.3.5.1, which is a succinate dehydrogenase specific to ubiquinone. As
ubiquinone is not present within Cyanothece [36], this conflict is resolved. If discrepancies still
exist, annotation resolutions are made based on a confidence order of iCyt773, Uniprot, NCBI,
and RAST. The order of confidence is derived from the likelihood that a source has been
manually reviewed and is applicable to the individual gene in question. iCyt773 GPR
relationships were curated specifically for a Cyanothece model. Uniprot reviewed annotations are
manually annotated individually [24], while the protein cluster annotations used in this study are
curated as a group of related genes [32], and RAST annotations are developed using the manually
curated FIGfams [33, 67]. Lower confidence is placed in these annotations, as it is possible that
the automated RAST program could improperly assign annotations in some cases. If all of the
enzymes proposed by the other annotation sources are contained within the list of enzymes found
to relate to the gene through inspection of iCyt773, the annotation is not listed as conflicting and
the enzymes from the model are used. There were on average between 40 and 50 genes with
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conflicting annotations. Between 55 and 70% of conflicts required order of confidence to resolve.
Using multiple sources allows for the identification of probable errors in the databases. These
annotations can also reveal errors in other databases not used in the model development. One
such example is gene PCC7424_2817 in the Cyanothece 7424 genome. All sources used in this
paper, along with KEGG Orthology [27], indicate that the enzyme associated with this gene is 2succinyl-5-enolpyruvyl-6-hydroxy-3-cyclohexene-1-carboxylic-acid synthase (EC 2.2.1.9). Both
the KEGG and REFSEQ [68] annotations list the same enzyme name, but list the EC number as
4.1.1.71 (associated with 2-oxoglutarate decarboxylase).
Subsequently, this resolved list of EC numbers is referenced against the iCyt773 model.
Reactions with a matching EC number are retained, and the remaining EC numbers are used to
retrieve reactions from the SEED database [34]. Reactions are only taken from the subset used by
the SEED service for GapFilling [69], as these reactions are confirmed to be charge and
elementally balanced. All duplicate reactions retrieved from iCyt773 are removed while the
remaining reactions necessary for photosynthesis are included. These reactions are known to exist
within the organisms, as they can grow autotrophically. Any oxidative phosphorylation reactions
or diffusion transport reactions that had not previously been added to the model are appended
given their obvious essentiality. This set of reactions constitutes the draft model. All steps in draft
model development are automated except for the EC annotation reconciliation. The time required
to complete this step is reduced as more models are developed, and results can be applied to
related organisms.

Biomass and Removal of Thermodynamically Infeasible Cycles
The four biomass descriptions developed for the iCyt773 model were used in the 5
models [10]. Initially, all draft models were not capable of producing biomass. A subset of
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reactions from iCyt773 needed to be included in the draft models to allow for the generation of
biomass. A mixed integer linear program was used to determine the minimal set of additional
reactions required for the production of biomass. All alternative solutions within two reactions of
the global minimum were found, and every reaction was examined for evidence suggesting its
existence within the organism. Given the necessity of their inclusion for biomass production even
reactions with no identified evidence were included in the models. In situations with several
alternate solutions, the solution that contained the most reactions with evidence for their inclusion
was chosen. Necessary reactions, which could not have previously been included in the models as
they did not have associated enzymes or genes, were added at this point. Between 3 and 8
reactions with a GPR in iCyt773 that did not have direct literature or annotation evidence were
included in order to produce biomass. A substantial number of these reactions did not have both a
gene and enzyme associated in iCyt773, which would lower their chance to be included during
the initial stages of draft model development. While the initial reaction set was generated for the
production of 1% of the maximum biomass when all iCyt773 reactions were included, the
inclusion of two reactions expected to be present in all models, the exchange reaction for oxygen
and the diffusive transport of carbon dioxide between the periplasm and cytoplasm, allowed for
biomass production exceeding 90% of the maximum. The 7425 model requires an additional two
reactions to produce maximum biomass, but the other four models are capable of such production
with the addition of the carbon dioxide transport and oxygen exchange reactions. This process
was performed for both autotrophic and heterotrophic growth conditions. For autotrophic growth,
16 reactions were added to iCyc792, 24 to iCyn731, and 18 to iCyj826, iCyp752, and iCyh755.
The same approach was used for heterotrophic growth, where only iCyn731 required the
inclusion of one reaction to grow under heterotrophic conditions.
The models were further modified to avoid the presence of thermodynamically infeasible
cycles. Flux variability analysis was performed to identify unbounded reaction fluxes. Given the
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absence of thermodynamically infeasible cycles within iCyt773, added reactions from SEED
were solely responsible for the creation of any cycles. The number of SEED reactions present in
cycles varied between 39 in iCyh755 and 51 in both iCyn731 and iCyj826. Three steps were
taken to modify the SEED reactions involved in the cycles. First the Gibbs free energy values
provided by SEED were examined. Any reactions where the entire free energy value range,
factoring in error, was more than 4 kcal/mol removed from zero was restricted to the
directionality specified by Gibbs free energy. Any SEED reactions whose fluxes still hit the
bounds were restricted to the direction opposite of the cycle. The annotations of the few SEED
reactions that were still involved in cycles were inspected. All of these reactions were supported
solely by RAST annotations. Given this lower confidence due to the single-source annotation, the
reactions, (between 4 and 10 for each model) were removed.

GPR Development
GPR relationships were primarily derived from either the previous bidirectional blast
analysis of iCyt773 reactions or the analysis of retrieved annotations. Bidirectional best hits were
previously used to evaluate the presence of each reaction in the new organism. If a reaction is
added to the model, the GPR for every isozyme or complete subunit that is present is translated to
the list of genes for the new organism.
The GPR relationships for reactions retrieved from SEED were developed by applying
the Autograph method [70]. All genes that were linked to an enzyme through an annotation were
used for the GPR for each reaction associated with that enzyme. If there are RAST annotations
for each of these genes with the correct EC annotation, then they are used for the comparison. For
all five species there were no ECs for which this was not the case. Genes that shared the same
annotation designation were determined to be isozymes while those with different names were
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seen to be subunits of a protein. There is a small subset of reactions in the models that were taken
from iCyt773 because of either proof of their existence (e.g. photosynthetic reactions) or their
requirement for biomass production. Many of these GPR relationships are missing a small
number of bidirectional best hits. For these genes the BLAST cutoff was reduced to 10-10. These
few additional best hits aided in the resolution of many of the remaining reactions, leaving
between 6 and 13 of the reactions without a transferred GPR.

Model Simulations and Analysis
Flux balance analysis [71] was used in both the model development and model validation
phases to determine flux distribution under varying conditions.
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Where Sij is the stoichiometric coefficient for metabolite i in reaction j, vj,min and vj,max
denote the minimum and maximum flux values for reaction j, while vj represents the flux value of
reaction j. N and M denote the total number of metabolites and reactions respectively.
A mixed integer linear program was used in the determination of a minimal set of
reactions necessary for biomass production using the following formulation.
!

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒  

𝑦!   
!
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Subject to
!

𝑆!" 𝑣! = 0, ∀  𝑖   ∈ 1, … , 𝑁

(3)

!!!

𝑣!,!"# 𝑦! ≤ 𝑣! ≤ 𝑣!,!"# 𝑦! , ∀  𝑗   ∈ 1, … , 𝑀

(4)

!"#
𝑣!"#$%&& ≥ 𝑣!"#$%&&

(5)

All reactions were assigned a binary variable yj, which when equal to zero eliminates flux
through reaction j. The value of y for all reactions present in the draft model was fixed at one.
Biomass production was fixed at greater than 1% of the maximum value when all iCyt773
reactions were included, and the number of included reactions was minimized.
Flux variability analysis was used for identification of reactions present within cycles,
and used the following formulation.
𝑀𝑎𝑥 𝑀𝑖𝑛   𝑣!
𝑆𝑢𝑏𝑗𝑒𝑐𝑡  𝑡𝑜
!

∀  𝑗   ∈ 1, … , 𝑀

𝑆!" 𝑣! = 0, ∀  𝑖   ∈ 1, … , 𝑁

(6)

!!!

    𝑣!,!"# ≤ 𝑣! ≤ 𝑣!,!"# , ∀  𝑗   ∈ 1, … , 𝑀    

(7)

No constraints were placed on the biomass growth so as to identify all possible cycles
within the model. This analysis was performed iteratively after each series of modifications was
made to the reactions present within the cycles.
The reaction similarity between any two models is calculated using the following
formula,

𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 =   

𝐴!
𝐴+𝐵 𝐴+𝐶

(8)
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A denotes the total number of shared reactions between the two organisms, whereas B
and C represent the number of unique reactions in each model.
CPLEX solver (version 12.3 IBM ILOG) was used in the GAMS (version 23.3.3, GAMS
Development Corporation) environment for solving the optimization models. All computations
were carried out on Intel Xeon X5675 Six-Core 3.06 GHz processors that are a part of the lionxf
cluster, which was built and operated by the Research Computing and Cyberinfrastructure Group
of The Pennsylvania State University. All codes used in model development were written using
the Python programming language.
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Table 3.1: Statistics for the five developed models: genes, reactions, and metabolites for each of
the five models are listed, along with reactions that are unique to that reconstruction

Reactions
Metabolites
Genes
Unique Reactions

7424 iCyc792
1242
1107
792
41

7425 iCyn731
1306
1160
731
149

Strain - Reconstruction
7822 8801 iCyj826
iCyp752
1258
1172
1110
994
826
752
40
0

8802 iCyh755
1161
973
755
0
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Figure 3.1: Comparison of the percentage of non-exchange reactions without associated
genes between the five models and five curated models: iCyt773, iSyn731, iCce806, iAF1260,
and the Synechocystis PCC 6803 model developed by Knoop et al. The model-organism
correlations are iCyt773 and iCce806: Cyanothece ATCC 51142, iSyn731 and Knoop et al.:
Synechocystis PCC 6803, and iAF1260: Escherichia coli K-12 MG1655.
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Figure 3.2: Comparison of reaction similarity to phylogenetic relationships. A) Venn diagram
comparing the number of reactions each model shares with the iCyt773 model B) Similarity
matrix for the five models. See Methods for description of the similarity calculation done to
compare reactions between two models. Both model names and organism numbers are included.
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Figure 3.3: Comparison of fermentative butanol pathway enzymes present in each of the
five species. The enzymes highlighted are present in the organism’s reconstruction along with the
associated reaction. Listed e-values are for BLAST searches between the genes of the five species
and the associated gene in Clostridium acetobutylicum and the adhA gene in Synechocystis 6803.
EC-gene relationships: 2.3.1.9: CA_C2873, 1.1.1.36: CA_C2708, 4.2.1.17: CA_C2712, 1.3.99.2:
CA_C2711, 1.2.1.10: CA_P0035, 1.1.1.-: slr1192.
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Figure 3.4: Workflow for development of draft models. These models are developed from a
sequenced genome and curated genome-scale model of a related organism. The right hand side
outlines the steps required to evaluate the reactions in iCyt773 for their presence in the other
organisms. The steps to retrieve gene annotations and resolve any conflicts are shown on the left
hand side. The steps in gray were automated, whereas the manually performed step, the resolution
of conflicting annotations, is shown in white.
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Chapter 4

GSM Model Development to Characterize a Fast-Growing Cyanobacteria
This chapter is in preparation as:
Mueller, T. J., Ungerer, J., Pakrasi, H. B., and Maranas, C. D. (2016) Identifying Causes of a
Fast-Growth Phenotype in Synechococcus UTEX 2973

Abstract
The photosynthetic capabilities of cyanobacteria make them intriguing candidates for
industrial bioproduction given their reliance on a renewable energy source. One obstacle to largescale implementation of cyanobacteria is their limited growth rates as compared to industrial
mainstays such as E. coli or S. cerevisiae. Synechococcus UTEX 2973, a strain closely related to
Synechococcus PCC 7942, was recently identified as having the fastest measured growth rate
among cyanobacteria. To facilitate the development of 2973 as a model organism we developed
the genome-scale metabolic model iSyf687. The gene-protein-reaction (GPR) relationships were
refined by testing in silico predictions of gene essentiality against a Synechococcus 7942
transposon library. Experimental data was used to define CO2 uptake rates as well as the biomass
compositions for each strain. The inclusion of constraints based on experimental measurements of
CO2 uptake resulted in a growth rate ratio of 2.03, which nearly recapitulates the in vivo growth
rate ratio of 2.13. This identified the difference in carbon uptake rate as the main factor
contributing to the divergent growth rates. Comparisons against more established cyanobacterial
strains identified a unique subset of genes, many associated with regulatory mechanisms that
should be targeted for further study.
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Background
Cyanobacteria are a morphologically and geographically diverse group of photosynthetic
prokaryotes that have adapted to a wide variety of environmental niches including fresh, sea, and
wastewater [1-3]. These organisms therefore do not compete for arable land with food and energy
crops [4]. Cyanobacteria have been explored as candidates for numerous applications, including
carbon dioxide sequestration [5, 6] and as a food source [7, 8]. In recent years, cyanobacteria
have become the targets of synthetic biology for use as platforms for the production of a variety
of industrially relevant chemicals [9, 10]. These include both biochemically active products [11,
12], as well as a number of biofuel products such as hydrogen [13], butanol [14] and polymer
precursors including 2,3-butanediol [15, 16] and isoprene [17].
Despite the inherent advantage of not requiring a reduced carbon substrate, cyanobacteria
are still limited by growth rates lower than industrial mainstays such as E. coli and
Saccharomyces cerevisiae. The model cyanobacterium Synechocystis PCC 6803 has a maximum
doubling time of 7-10 hours under optimal conditions [18]. However a recently discovered
cyanobacterium, Synechococcus UTEX 2973 has been shown to have the lowest doubling time
among cyanobacteria at 1.9 hours [19]. This organism is closely related to Synechococcus PCC
7942, with a total of 55 single nucleotide polymorphisms and insertion-deletions, including a
188.6 kb inversion and a deletion of six open reading frames that are present in 7942 [19].
Despite the small differences, the growth rate for 2973 is 2.13 times greater than that of 7942
under their optimal illumination conditions at 38C [19]. This rapid growth rate and recent
development of additional genetic tools [20] makes Synechococcus 2973 an attractive candidate
for bioproduction. Developing Synechococcus 2973 as a platform requires a more thorough
understanding of its metabolic network and capabilities.
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Genome-scale metabolic (GSM) models provide a blueprint for tracing all possible routes
for utilizing carbon substrates in the context of the overall metabolism. They contain the set of
metabolic reactions catalyzed within the organism, the gene-protein-reaction (GPR) relationships,
and reaction directionalities [21, 22]. These models also have a biomass equation, which contains
the experimentally measured stoichiometric amounts of biomass precursors for the specific
organism. GSM models are created using the sequenced genome for the organism along with
available literature evidence. Semi-automated model generation balances the significant time
investment required for de novo model development with the risk of losing details specific to
certain organisms associated with completely automated development [23]. The workflow
introduced and implemented in Mueller et al. uses an available curated model and reviewed gene
annotations to expedite the development of a GSM model [23]. The GSM models required for
semi-automated model development of cyanobacteria strains already exist, as models have been
developed for a number of cyanobacteria including Synechocystis PCC 6803 [24, 25], Cyanothece
ATCC 51142 [24], and Synechococcus PCC 7002 [26].
Once a GSM model is created, flux balance analysis (FBA) can be used to estimate the
maximum theoretical biomass yield by maximizing the flux through the biomass equation [27].
Flux variability analysis (FVA) can then be used to determine the feasible ranges for each
reaction flux at maximum growth conditions. GSM models can also be used to predict differences
in pathways between organisms [23], product yields [28] and the effect of genetic interventions
[29]. GPR relationships enable the modeling of gene knockout phenotypes. This can be used not
only for model refinement [30] but also to facilitate organism design by suggesting genetic
manipulations to reapportion fluxes to obtain a desired phenotype [29].
In this paper we describe the development of a composite GSM model for both
Synechococcus 7942 and Synechococcus 2973 using a previously defined workflow [23], the
sequenced genomes, and the iSyn731 GSM model [24]. Using experimental measurements,
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biomass compositions were determined for both organisms and the models were compared
against available experimental data [31]. Using experimental measurements for CO2 uptake as
constraints on the model, the in silico growth rate ratio of 2.03 is close to the in vivo ratio of 2.13,
identifying differing carbon uptake rates as the main contributing factor to the fast-growth
phenotype. Additional comparisons highlight biomass composition and percentage of carbon
allocated to biomass as influences on the growth rate ratio. Specific SNPs and their possible
effects on metabolism and the fast-growth growth phenotype are discussed. Genomic
comparisons between the Synechococcus strains and several subsets of organisms identify genes
and functionalities exclusive to the two strains.

Composition and Genomic Differences Between Strains

Model Composition and Testing
This work resulted in the creation of a composite GSM model for two closely related
cyanobacteria strains, Synechococcus PCC 7942 and Synechococcus UTEX 2973 (hereafter
referred to as Synechococcus 7942 and Synechococcus 2973). The composite model contains
1,178 reactions and 1,028 metabolites. GPRs were developed for both strains, with the
Synechococcus 2973 GPRs containing 683 genes and the Synechococcus 7942 GPRs containing
687 genes. This difference in gene number is due to four pairs of Synechococcus 7942 genes that
each map to a single Synechococcus 2973 gene. The composite model contains 150 reactions not
present in iSyn731, the original Synechocystis model used in the model generation workflow. 145
reactions were not transferred from iSyn731 to the composite model. 93 of these reactions have a
GPR and did not have the necessary homologs to transfer.
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607 of the 687 genes in iSyf687 have in vivo essential/nonessential verdicts from the
transposon library by Rubin et al. [31]. In silico predictions of these gene knockouts correctly
predicted 232 of 268 non-essential genes and 234 of 395 essential genes (Figure 4.1). All
refinements made to the Synechococcus 7942 GPR were mapped to the Synechococcus 2973 GPR
as well. Currently only one gene in Synechococcus 2973, zwf has been knocked out. Both in vivo
and in silico results indicate that zwf, which codes for glucose-6-phosphate 1-dehydrogenase in
the oxidative pentose phosphate pathway, is not an essential gene for growth under autotrophic
conditions.

Composition and Genomic Differences Between Strains
Measurements for each strain were obtained for amino acids, lipids, glycogen, and
chlorophyll and used in the formulation of strain specific biomass equations (see Materials and
Methods for a full description of biomass equation development).

The most pronounced

difference between the strains is in the glycogen levels, with Synechococcus 7942 generating 8.3
times the amount produced by Synechococcus 2973. This supports the observations made by Yu
et al. on the number of electron-dense bodies between the two strains [19]. Another significant
difference is between amino acid levels, with 53.0% of Synechococcus 2973 biomass by weight
composed of amino acids, as compared to 40.9% for Synechococcus 7942. Both strains have
similar weight percentages of lipids, although measurements for C18:0 and C18:1 fatty acid
chains are an order of magnitude higher in Synechococcus 7942. The weight percentage of
chlorophyll a in the two strains is also quite similar, with 2973 having only 1.05 times the amount
of the pigment found in 7942. These measured components sum to 755.46 and 743.89 mg/gDW
for Synechococcus 7942 and Synechococcus 2973, respectively. Therefore, the unmeasured
biomass components (e.g. nucleic acids) account for similar fraction of biomass.
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Yu et al compared the Synechococcus 7942 and 2973 genomes and identified 26 SNPs in
21 genes and six open reading frames (ORFs) present in Synechococcus 7942 that were not found
in Synechococcus 2973. The six ORFs not found in Synechococcus 2973 are five hypothetical
proteins and a chromophore lyase, none of which are present within the Synechococcus 7942
GPR. Of the 21 genes with SNPs, 11 are found within the Synechococcus 7942 GPR. Seven of
these genes are essential for carrying out 22 different reactions within the model. 12 of these
reactions are associated with long-chain fatty acid CoA ligase. Nine of the ten remaining
reactions can carry flux at experimental biomass, two of which are in nucleic acid synthesis and
salvage pathways, two are ATP synthase reactions located at the thylakoid lumen and periplasm
respectively, and five are in amino acid biosynthesis pathways (Table 4.1). SNPs in these genes
could result in an increase to the kinetic parameters associated with the enzyme and contribute to
a higher production of corresponding biomass components. When examining flux ranges
standardized by carbon uptake for both strains at experimental growth rates, four ORFs with
SNPs (M744_01335, M744_06650, M744_06850, and M744_12285) have associated reactions
with higher achievable fluxes in Synechococcus 2973. This implies that these locii code for
enzymes that may have different kinetic constants between the two strains. This calls for
enzymology studies of the enzymes with SNPs and kinetic modeling to assess the effect of kinetic
parameter tune-up on growth rate.
The remaining 10 genes with SNPs are not present in the GSM model and are associated
with a diverse group of GO categories. Several SNPs imply potential effects that cannot be
captured with a GSM model. Specifically, several SNP’s in RNA polymerase 23S ribosomal
RNA could result in higher rates of translation, which may explain the higher amino acid content
in Synechococcus 2973 biomass as compared to Synechococcus 7942 (Figure 4.2). Another SNP
is in M744_13540, annotated as the Photosystem 1 assembly protein Ycf4. The ycf4 knockout has
been shown to be essential for PSI activity in Chlamydomonas reinhardtii [32] and inactivation of
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an ycf4 homolog in Synechocystis 6803 increases the PSII-PSI ratio [33]. Comparing the flux
through the photosystem reactions under limiting light and maximum biomass production,
Synechococcus 7942 has a higher PSII-PSI ratio than Synechococcus 2973, a difference that could
correlate to an increased activity from M744_13540. While the effects of these changes cannot be
captured with stoichiometric modeling they provide a starting point for further exploration with
models that capture in detail more biological processes.

Identification of Causes for Fast-Growth Phenotype
Under their optimal illumination conditions at 38C, the growth rate ratio of
Synechococcus 2973: Synechococcus 7942 is 2.13 [19]. The GSM model can aid in the
identification of a set of contributing factors to this difference. The varying biomass composition
for the two strains implies different yields per mmol of CO2 taken up. The required moles of
carbon for one theoretical mole of biomass was calculated by multiplying biomass stoichiometric
coefficients by the number of carbon atoms in each precursor. Synechococcus 2973 requires
0.502 g carbon per g biomass as compared to 0.497 for Synechococcus 7942. When supplied
equal amounts of CO2 the ratio of biomass yields per mol of carbon of Synechococcus 2973 to
Synechococcus 7942 is 0.98 implying that Synechococcus 2973 requires slightly more carbon per
gDW of biomass. Experimental measurements have shown that under their optimal conditions,
Synechococcus 2973 takes up CO2 at a rate 2.06 times that of 7942. Using these measurements as
a constraint on the exchange fluxes on the model resulted in an in silico growth rate ratio of 2.03.
This is close to recapitulating the experimental ratio of 2.13. Therefore, clearly the difference in
the rates of CO2 uptake is a primary contributing factor to the different growth rates seen for the
two Synechoccocus strains. The minimum required photons for both strains were calculated by
minimizing the sum of photons taken up for both photosystems at maximum biomass. Flux
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variability analysis (FVA) was used to calculate the flux ranges for both strains at max biomass
with minimum required photons. When the flux ranges are standardized by the amount of CO2
taken up the reactions with non-overlapping ranges are dictated by the biomass composition, with
2973 having a higher flux through the amino acid biosynthetic pathways and 7942 having a
higher flux through the biosynthesis pathways for glycogen as well as C18:0 and 18:1 lipids
(Figure 4.3). Other notable differences include the aforementioned ratio of photon use between
photosystems 1 and 2, and a higher flux through photorespiration in Synechococcus 2973.
Photorespiration, the photosynthetic oxygenation of ribulose 1,5-bisphosphate (RuBP), competes
with the carboxylation of RuBP and generates 2-phosphoglycolate (2PG). Eisenhut et al.
previously showed that 2PG metabolism is essential for organisms such as cyanobacteria that
perform oxygenic photosynthesis [34], and similar requirements for flux through the
photorespiration reaction at optimal growth rates has been seen in other in silico models [35]. The
higher flux through photorespiration in Synechococcus 2973 could be due to the production of
glyoxylate, a precursor to glycine, serine, and cysteine, from the photorespiration pathway and
the increased requirements for amino acids in Synechococcus 2973.
With the supplied CO2 flux, both models can achieve growth rates higher than
experimentally reported, with Synechococcus 2973 achieving a growth rate of 0.4569 hr-1 as
compared to its experimentally reported optimal rate of 0.3014 hr-1, and Synechococcus 7942 with
a growth rate of 0.2256 hr-1 as compared to the experimental value of 0.1415 hr-1. When the flux
through the biomass reaction was fixed to the experimentally reported values, the model
identified the main destinations of excess carbon as TCA cycle intermediates or metabolites that
are several reactions removed from the TCA cycle (i.e. pyruvate, acetate, and glutamate). In total
33.4% of the carbon taken up is exported for 2973 and 37.2% is exported for 7942. This increased
fraction of carbon allocated to biomass in 2973 could in part contribute to the divergent growth
rates.
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Comparing Synechococcus with Model Organisms
Given Synechococcus 2973’s potential as a production strain, it is important to compare
its capabilities with that of industrial strains as well as model cyanobacterial strains. Pairwise
genome-wide BLAST comparisons, with reduced requirements for a BLAST hit in order to
account for the greater phylogenetic distance between the species, were made between
Synechococcus 7942 and representative strains of industrial organisms, specifically Escherichia
coli K-12 MG1655 and Bacillus subtilis PY79 [36] (See Materials and Methods). Synechococcus
7942 was used in lieu of Synechococcus 2973 given the previously discussed genomic similarities
along with the larger number of readily available annotations. A BLAST comparison between
Synechococcus 7942 and these two strains identified 158 genes in the Synechococcus 7942 GPR
without satisfactory hits. This subset of genes is essential for a total of 112 reactions within the
iSyf687 model that can carry flux under experimental growth rate conditions. 44 of these
reactions are associated with photosynthesis and carbon fixation, processes that do not exist in the
other strains. An additional 33 reactions are associated with lipid metabolism, and the synthesis of
lipids such as digalactosyldiacylglycerol (DGDG), a galactolipid found in higher plants and
cyanobacteria that plays a role in stabilizing the oxygen evolving complex in photosystem II [37].
The remaining 35 reactions are spread across 21 other pathways.
Comparisons were also made with several model cyanobacteria, with pairwise genomewide BLAST comparisons performed between Synechococcus 7942 and Synechocystis PCC
6803, Synechococcus PCC 7002, Cyanothece ATCC 51142, Anabaena PCC 7120, and Anabaena
variabilis. A set of 696 genes in 7942 does not have satisfactory hits in the other five genomes
(See Materials and Methods for BLAST hit criteria). 47 of these genes are in the 7942 GPR
relationships and are essential for 21 reactions that can carry flux at max biomass production.
These reactions are spread across a variety of pathways including amino acid and
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deoxyribonucleotide

biosynthesis.

These

minimal

metabolic

differences

between

the

Synechococcus strains and the other most common cyanobacterial strains imply that the insights
gained into the metabolism of these strains to inform work in the fast-growing strain. Expanding
past metabolism, gene ontology (GO) terms provide a means to contextualize the remaining
genes. Of these 696 genes, 304 have annotations including GO terms in the Uniprot database.
This fraction of genes with GO terms (43.7%) is much lower than that of the entire 7942 genome
(70.7%), following a trend seen in the percent of reviewed annotations (3.3% in the subset
compared to 18.1% overall) and percent of genes annotated as uncharacterized (70.4% in the
subset and 39.2% overall). Two GO terms have at least ten genes in the subset and greater than
50% of the genes in the organism with that GO term within the subset. There are 14 genes within
this subset annotated with the term GO:0000155 – phosphorelay sensor kinase activity, and 10
genes annotated with the term GO:0043565 – sequence specific DNA binding. This suggests that
most of the differences between these strains are related to the response to external stimuli and
transcription regulation. These differences are consistent with the comparison of a number of
thioredoxins involved in light dependent protein regulation [38]. The BLAST search identified
three homologs in Synechococcus 7942 in contrast to four and eight thioredoxin genes in
Synechocystis 6803 and Anabaena 7120 [39].
Another key difference between cyanobacterial strains is the classification of some
organisms as obligate photoautotrophs. Schmetterer et al. showed that the deletion of a three gene
cytochrome c oxidase (coxBAC) operon from Anabaena variabilis ATCC 29413 resulted in a
strain capable of unhindered photoautotrophic growth but which was no longer capable of
chemoheterotrophic growth [40]. BLAST searches were performed between A. variabilis 29413’s
five operons and seven other cyanobacteria with information on their ability to grow
heterotrophically. An independent annotation search of each organism was also performed, which
identified the same operon sets for each organism as were identified through the BLAST search.
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Table 4.2 shows the results of these comparisons, with obligate photoautotrophs all having a
single operon, as compared to two or more for each organism capable of heterotrophic growth.
However, organisms capable of nitrogen fixation have at least three operons while the nondiazotrophic heterotrophs are restricted to two operons. Several specialized roles have been
identified for specific coxBAC operons including an operon required for growth on sugar [40] and
separate operons that are heterocyst specific and required for nitrogen fixation [41]. These roles
suggest a possible cause for the varying number of operons across cyanobacterial strains, and
provide a promising avenue for further comparison between cyanobacteria.

Conclusions
In this paper we presented a GSM model for both Synechococcus 7942 and
Synechococcus 2973 with GPR relationships that were tested and refined using gene essentiality
data for Synechococcus 7942. This model was used to compare the two strains and identify
possible reasons for the diverging fast-growth phenotype. The GSM model allowed for the
identification of the pathways where flux was allocated to differing levels between the two strains
along with proposed metabolic impacts of identified SNPs. Several quantitative factors for the
fast-growth phenotype were proposed, the most prominent being the difference in carbon uptake
rates as well as the different fraction of carbon allocated to biomass. Finally, a genomic
comparison between Synechoccocus 7942 and model organisms highlighted both biological
processes that are markedly different in strain 7942 and capabilities that do not exist in industrial
strains.
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Materials and Methods

GSM Model Generation
The composite model was generated using the workflow previously described in Mueller
et al. [23]. This workflow integrates and prioritizes information from both a curated GSM model
of a related organism and reviewed gene annotations to expedite the generation of a GSM model
for the organism of interest. The iSyn731 model of Synechocystis PCC 6803 [24] was used as the
reference GSM model for both organisms. The workflow uses homolog pairs between
Synechocystis and the Synechococcus strains to identify which reactions should be transferred to
the new GSM model. To identify homolog pairs a bidirectional BLAST search between each
organism pair was performed using an e value cutoff of 10-2. A result was determined to be a hit
if the alignment length was at least 75% of the length of both the query and target genes, and if
the raw score was at least 25% of the self-hit score of the query gene. A homolog pair was
identified if both genes had only each other as a hit [42]. This process was repeated to identify
homologs between Synechococcus 7942 and 2973. Given that the organisms are closely related,
the score cutoff was increased to 75% of the self-hit score. This reduced the number of
occurrences of multiple hits for a gene and identified only the best hit, increasing the number of
homolog pairs from 2274 to 2538. These homolog pairs were used to map reviewed annotations
from Synechococcus 7942 to Synechococcus 2973. For the comparison with current industrial
strains the requirements for a BLAST hit were reduced in order to account for the greater
phylogenetic distance between the species (i.e. 10% of self-hit score, 50% of length).
The biomass equation previously developed for the iSyn731 model was updated for the
Synechococcus strains using experimental measurements for both strains. These measurements
were used to determine biomass equation stoichiometric coefficients for lipids, glycogen, amino
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acids, and chlorophyll. The coefficients for the unmeasured precursors were updated by scaling
the coefficients from the iSyn731 biomass equation so that all biomass precursors added up to 1 g
per gDW of biomass. This standardization facilitates comparison between the two strains. All
biomass measurements for both strains were taken from Abernathy et al. (Abernathy et al., in
prep).

Experimental Measurements of Carbon Dioxide Uptake
(Note: Carbon dioxide uptake experiments were performed by J. Ungerer)
Experiemental measurements of the rate of carbon dioxide uptake were taken for both
strains. Both Synechococcus strains were grown in a MC-1000 multicultivator (Photon Systems
Instruments) at 38C, and supplemented with 3% CO2 to an OD720 of 1.0. Synechococcus 2973
was grown at 500 µE·m-2·s-1 light and 7942 was grown at 300 µE·m-2·s-1 light, based on previous
comparative studies [19]. Two 1mL samples were sealed in 13mL hungate tubes with rubber
septa and sparged with 3% CO2 for 5 minutes. One tube was placed on its side on a shaker under
500 µE·m-2·s-1 white LED illumination at 38C for 1 hour after which time total CO2 was
measured. The second tube was measured immediately. Total CO2 was calculated as the sum of
the dissolved + gaseous CO2 within a sealed system. Total CO2 of the system was determined
after injecting 100uL 10N HCl into the tube to gas out dissolved CO2, followed by quantification
of the headspace CO2 content on a HP 5980 gas chromatograph under the following conditions:
porapak N column; temperature, 100 "C; carrier gas, helium at a flow rate of 40 ml min-1; and
TCD detector. These uptake rates were given as umol CO2 mg-1 chl hr-1. Using the molecular
weight and the biomass stoichiometry (mmol chl gDW-1) of chlorophyll A these rates were
converted to the units of CO2 uptake flux within the model (mmol CO2 gDW-1 hr-1).
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GSM Model Implementation
FBA was performed as described by Orth et al [27] to determine maximum flux through
the biomass equation. The carbon dioxide uptake fluxes calculated from the experimental data
were used as constraints on the exchange flux for carbon dioxide. Flux variability analysis (FVA)
was used to identify the flux ranges of each reaction by iteratively minimizing and maximizing
the flux of a single reaction subject to the FBA constraints, along with constraints on biomass and
photon uptake. In the context of the model, photons are treated as two separate metabolites
consumed by photosystems 1 and 2. The minimum required photons to achieve a biomass level
were determined by fixing biomass, retaining the FBA constraints, and minimizing the sum of the
exchange fluxes for photons for photosystems 1 and 2.
In order to compare in silico and in vivo essentiality, the GPR for each reaction was
reviewed upon the removal of each individual gene. If the GPR logic statement was no longer
true (i.e. if the gene was an essential subunit of a protein complex or the gene did not have any
homologs) then the reaction was not allowed to carry flux for the in silico mutant. If the model
could not produce at least 10% of the wild-type biomass the mutation was classified as lethal.
Gene knockouts were performed in silico for every gene in the model. The in vivo results were
taken from those genes that were identified as essential or non-essential from the transposon
library of Synechococcus 7942 published by Rubin et al. [31]. These results were categorized
using the GrowMatch terminology, where either the in silico and in vivo results for growth or no
growth match (i.e. GG and NGNG) or conflict (i.e. GNG and NGG) [30].
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Table 4.1: Compilation of ORFs with SNPs that are essential to GSM model reactions

Locus Tag
M744_1335
M744_3965
M744_6650
M744_6850
M744_11685
M744_12130
M744_12285

Protein Annotation
ATP	
  synthase	
  F0F1	
  
subunit	
  alpha
ABC-‐transporter	
  
substrate-‐binding	
  
protein
CTP	
  synthetase
Chorismate	
  mutase
Anthranilate	
  
synthase,	
  
component	
  I
Long-‐chain-‐fatty-‐
acid	
  CoA	
  ligase
Glutamate	
  
synthase

Number of
Reactions Gene is
Essential For

Pathway containing reaction(s)

2

ATP synthesis

1

Adenine salvage

2
1

CTP synthesis
Phenylalanine/Tyrosine biosynthesis

2

Tryptophan biosynthesis

1

Fatty acid metabolism

1

Glutamate biosynthesis
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Table 4.2: Number of cytochrome c oxidase operons in model cyanobacteria
Organism
Anabaena 29413
Nostoc punctiforme
Anabaena 7120
Cyanothece 51142
Synechocystis 6803
Synechococcus 7002
Synechococcus 7942
Synechococcus 6301
Synechococcus 6312

Obligate
Photoautotroph?
No
No
No
No
No
No
Yes
Yes
Yes

Capable of Fixing
Nitrogen?
Yes
Yes
Yes
Yes
No
No
No
No
No

Cyt C Oxidase
operons present
5
4
3
3
2
2
1
1
1
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Figure 4.1: Categorization of in silico gene knockout predictions in Synechococcus 7942 as
compared to in vivo data.
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Figure 4.2: The weight percentages of the main categories for the biomass equations of both
Synechococcus strains. A) Weight percentages for Synechococcus 7942 B) Weight percentages
for Synechococcus 2973. Color-Category relationship: orange – glycogen, red – lipids, green –
amino acids, purple – nucleic acids, blue – other.
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Figure 4.3: Percentages of select pathways with non-overlapping flux ranges between the
Synechococcus strains. Pathway annotations from iSyn731 and SEED were used. All flux ranges
were standardized by the amount of carbon taken up. Grey represented the percentage of
reactions with that pathway annotation whose flux ranges overlapped. Blue and green represent
the percentage of reactions with non-overlapping ranges where Synechococcus 7942 and
Synechococcus 2973 had higher flux respectively.
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Chapter 5

Incorporating a Regulatory Perspective into GSM Models
This chapter is published as:
Dash, S., Mueller, T. J., Venkataramanan, K. P., Papoutsakis, E. T., and Maranas, C. D. (2014)
Capturing the response of Clostridium acetobutylicum to chemical stressors using a regulated
genome-scale metabolic model, Biotechnol Biofuels 7.
Note: All computational work and analyses were performed by both S. Dash and T. Mueller

Abstract
Clostridia are anaerobic Gram-positive firmicutes containing broad and flexible systems
for substrate utilization, which have been used successfully to produce a range of industrial
compounds. In particular, Clostridium acetobutylicum has been used to produce butanol on an
industrial-scale through the acetone–butanol–ethanol (ABE) fermentation. A genome-scale
metabolic (GSM) model is a powerful tool for understanding the metabolic capacities of an
organism and developing metabolic-engineering strategies for strain development. The
integration of stress-related specific transcriptomics information with the GSM model provides
opportunities for elucidating the focal points of regulation.
We describe here the construction and validation of a GSM model for C. acetobutylicum
ATCC 824, iCac802. iCac802 spans 802 genes and includes 1137 metabolites and 1462 reactions,
along with gene-protein-reaction associations. Both 13C-MFA and gene deletion data in the ABE
fermentation pathway were used to test the predicted flux ranges allowed by the model. We also
describe the CoreReg method, introduced in this paper, to integrate transcriptomic data and
identify core sets of reactions that, when their flux was selectively restricted, reproduced flux and
biomass-formation ranges seen under all regulatory constraints. CoreReg was used in response to
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butanol and butyrate stress to tighten bounds for 50 reactions within the iCac802 model. These
bounds affected the flux of tens of reactions in core metabolism. The model, incorporating the
regulatory restrictions from CoreReg under chemical stress, exhibited an approximate 70%
reduction in biomass yield for most stress conditions.
The regulation placed on the model for the two stresses using CoreReg identified
differences in the respective responses, including distinct core sets and the restriction of biomass
production similar to experimental observations. Given the core sets predicted by CoreReg
method, remedial	
  actions	
  can	
  be	
  taken	
  to	
  counteract	
  the	
  effect	
  of	
  stress	
  on	
  metabolism.	
  For	
  
less	
  well	
  known	
  systems,	
  plausible	
  regulatory	
  loops	
  can	
  be	
  suggested	
  around	
  the	
  affected	
  
metabolic	
  reactions	
  and	
  the	
  hypotheses	
  can	
  be	
  tested	
  experimentally.

Background
The organisms of the genus and class Clostridium, anaerobic Gram-positive firmicutes,
contain broad and flexible systems for substrate utilization [1]. Their inherent ability to use
simple and complex carbohydrates, gases, and many other chemicals as substances to produce a
wide range of products, such as carboxylic acids and various alcohols, underscores their unique
potential as platform organisms for the production of chemicals and fuels [2]. In particular,
Clostridium acetobutylicum has been the model organism for the production of butanol on an
industrial-scale through the acetone-butanol-ethanol (ABE) fermentation [1].
The ABE fermentation is biphasic in nature, the acidogenic, exponential-growth phase is
characterized by the production of butyric and acetic acids, while the solventogenic stationary
phase is characterized by the production of the ABE solvents. Production of acids and the
resulting drop in the culture pH during the acidogenic phase drives the transition towards
solventogenesis [1, 2]. These metabolites, notably butyric acid and butanol, are toxic to the cells
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that produce them and affect their ability to function and eventually to survive. While several
studies have been carried out to understand the changes during stress at various levels such as
transcription [3-7] and translation [8], the impact of stress remains poorly understood at the
systems levels in the context of the detailed cellular metabolism.
An important asset for understanding the metabolic capacity of an organism and deciding
on metabolic engineering interventions is a genome-scale metabolic model (GSM) [9]. These
models are network representations of the metabolic repertoire of an organism and are derived
from

genome-annotation

information,

metabolomic/fluxomic

data,

and

biochemical

characterizations. Advanced GSM models account for reaction stoichiometry and directionality,
gene to protein to reaction (GPR) associations, reaction localization, transporter information, and
biomass composition. They form a structured, multi-layered framework for the integration and
interpretation of experimental data and computational studies. These models computationally can
direct engineering interventions in microbial strains for targeted overproduction of chemicals [1013] and for elucidating the organizing principles of metabolism [14-17].
One of the earliest metabolic reconstructions was, in fact, a model of C. acetobutylicum
[18]. A small stoichiometric model including core glycolytic, acidogenic, and solventogenic
pathways was later generated [19]. These early models were used to examine how C.
acetobutylicum produces butanol and byproducts such as acetate and butyrate. More recently, two
GSM models of C. acetobutylicum ATCC 824 have been developed [20, 21]. These models
contain approximately 450 genes (i.e., 1/6th of the number of genes coded on its genome). The
Senger and Papoutsakis model [21] has recently been updated to include 242 additional reactions
and contains a total of 490 genes along with thermodynamic constraints on the reversibility of
reactions [22]. A larger, automatically-generated model containing reactions associated with
nearly 1000 genes was constructed as part of the Model SEED effort [23]. All these models
include only metabolic pathways without any information regarding metabolic changes in
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response to stressors. It is important to note that the activity and directionality of metabolic
pathways under different conditions continue to be unraveled for C. acetobutylicum. The TCA
cycle, known to operate in a non-cyclic bifurcated manner, was recently shown to use Re-citrate
synthase to produce α-ketoglutarate via citrate [24]. More recently it has been shown based on
13

C-MFA data that both α-ketoglutarate dehydrogenase (α-KGDH) and succinate dehydrogenase

(SDH) are inactive during the acidogenic phase [25]. In contrast, the reaction that converts
succinate to succinyl-CoA can carry flux in both directions [25]. While, GSM models alone are
quite useful for determining the metabolic potential of an organism, determination of the
metabolic phenotype under various stress conditions requires the incorporation of additional
information, such as transcriptomic data, which for now at least, are the most comprehensive, and
genomically complete, sets of genomic data that can be acquired.
A number of approaches have been proposed to incorporate regulatory information into
GSMs. Regulatory flux balance analysis (rFBA) introduces Boolean constraints for gene
expression into flux balance analysis (FBA) by linking the regulators to their targets in an
iterative fashion [26, 27]. The approach termed steady-state regulatory flux balance analysis (SRFBA) combines the regulatory and metabolic models and solves the problem as a mixed-integer
linear program [28]. GeneForce identifies incorrect regulatory rules and gene-protein-reaction
associations in integrated metabolic and regulatory models [29]. PROM uses a probabilistic
description of gene states and gene–transcription factor interactions while integrating
heterogeneous high-throughput data [30]. The GIM3E method penalizes the flux for reactions
whose associated genes have low expression levels in the transcriptome [31]. The recently
proposed MTA method identifies minimal transformation rules from one metabolic state to
another based on transcriptomic data [32] as in OptForce [33]. E-Flux modifies the maximum and
minimum flux bounds of reactions as a function of the associated gene expression values [34]. All
the aforementioned methods attempt to throttle back the flux in reactions associated with genes
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that are differentially expressed at a lower level. They differ in the use of penalty terms or bound
contraction, threshold values for down-regulation and the use of the parsimony criterion. CoreReg
is fundamentally different as it aims to explain the observed flux redirections as the consequence
of bound contraction of a small set of reactions (i.e., core set). A hierarchy of core sets is
identified (primary, secondary, tertiary, etc.) by eliminating from consideration the dominant
focal point of regulation and looking for additional modalities. This is analogous to the FORCE
sets in the OptForce procedure [35]. For each one of the stress conditions we identify the minimal
number of reaction fluxes (core set) whose change is sufficient to reproduce the flux ranges seen
in the model when all regulatory constraints are imposed. The regulatory effect by the core set is
propagated through stoichiometry throughout the model recapitulating the experimentally
observed changes. The method is described in detail in the methods section.
In this paper, we describe the construction of a second generation genome-scale
reconstruction of C. acetobutylicum ATCC 824, iCac802, validation with experimental data. New
reactions and pathways absent in earlier models include an updated TCA cycle, a completed fatty
acid synthesis pathway, and additions in purine, pyrimidine and cobalamin biosynthetic
pathways. We also describe the use of CoreReg method to integrate gene-expression data into
iCac802 and predict nexus points of regulation, that underlie cellular response to the
physiological stressors butanol and butyrate [3].

Model Comparisons and Testing

Model Comparisons
The GSM model iCac802 for C. acetobutylicum ATCC 824 spans 802 genes and includes
1137 metabolites participating in 1462 reactions. All reactions present are elementally and charge
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balanced. GPR associations were determined from the available functional annotation
information and homology predictions accounting for monofunctional proteins, multifunctional
proteins, isozymes, and protein complexes. The model was curated to remove any
thermodynamically infeasible cycles, as detailed in the methods section. The iCac802 model
statistics and those of all other published models for C. acetobutylicum are shown in Table 5.1.
iCac802 has 64% more genes and 84% more reactions than the McAnulty et al. model [22].
iCac802 contains a citrate synthase leading to a partial & bifurcated TCA cycle (based on the
findings by Au et al. [25]), which is absent in the GSM by Lee et al. [20]. The latter model also
does not predict the change from acidogenic phase to solventogenic phase under CO gassing
conditions due to lack of internal protons [36] as reaction participants. This change is correctly
predicted by iCac802 as described in the model testing section. In addition, the GSM by Lee et al.
suggests that Δadc is lethal for cell growth due to coupling of succinate production with
acetoacetyl-CoA production contrary to experimental observations [37] and iCac802 predictions.
While all previous models contained an aggregate reaction for the production of hexadecanoylacp and hexadecanoyl-CoA from acetyl-acp and crotonyl-CoA respectively, iCac802 includes all
participating reactions in fatty acid synthesis and metabolism pathways building up to these
metabolites. iCac802 also contains additional reactions from purine, pyrimidine metabolism, and
cobalamin biosynthesis pathways.

Model Testing
The model was extensively tested to ascertain that it is capable of replicating flux ranges
and phenotypes that have been documented for the wild type (WT) organism and its mutants.
Model predicted flux ranges were compared with experimental flux values from
flux analysis (13C-MFA) [25].

13

13

C-metabolic

C-MFA data revealed that four reactions (pyruvate carboxylase
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(PC), fumarate hydratase (FH), pyridoxal phosphate synthase (PLPS), and alanine-glyoxylate
(AGT)), which were originally removed to eliminate thermodynamically infeasible cycles, carried
flux in the organism, and therefore, they were re-inserted in the model. The cycles were instead
eliminated by removing three alternate reactions (malate synthatase (MS), succinate
dehydrogenase (SDH), and malate dehydrogenase (MDH)) and by modifying the directionality of
two others: succinyl coenzyme A synthetase (SCS) was made reversible, and aspartate ammonialyase (ASPA) was restricted to the production of fumarate from aspartate. Figure 5.1C shows one
of these cycles. ASPA was initially removed to fix the cycle due to a lack of literature evidence
(Figure 5.1D), however subsequently MFA results indicated that this reaction carried flux
whereas the MDH did not. Figure 5.1E shows how the addition of ASPA (directionally restricted)
and removal of MDH avoids the formation of thermodynamically infeasible cycles while
agreeing with experimental data.
After these changes in the model, flux variability analysis (FVA) was performed on the
core carbon metabolism reactions, and the flux ranges were compared to the values obtained by
the
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C-MFA analysis [25]. These experiments were carried out with a chemically defined

medium that results in slower growth and lower biomass yields. First, all fluxes were normalized
for glucose uptake of 10 mmol gDW-1 h-1. FVA was performed while constraining growth rate to
the WT value of 0.32 h-1 for C. acetobutylicum grown in complex media [38]. The comparison
showed that the flux ranges of only four reactions (catalyzed by enolase (ENO), hexokinase
(HK), pyruvate kinase (PYK), phosphotransacetylase (PTA), and phosphofructokinase (PFK))
encompassed the reported experimental values as shown by Figure 5.2A. This is because C.
acetobutylicum was grown in defined media by Au et al. [25], exhibiting significantly slower
growth than in complex media [38]. In addition, the 13C-MFA data [25] was collected during the
late growth phase with small amounts of solvents being produced, resulting in a reduced growth
rate. Matching the FVA results with MFA data we identified a growth rate value of 0.07 h-1.
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Upon reapplying FVA with biomass yield constrained to 0.07 h-1 (see Figure 5.2B) all reactions
except for HK, and PC had flux ranges that encompassed experimental values. The two reaction
experimental flux values differed from the model predicted range by only a value of 0.02 mmol
gDW-1 h-1. It can be observed that, under these slow growing conditions, the TCA cycle reactions
carry less flux and lie near the lowest end of predicted flux range in Figure 5.2. The remaining
flux is directed towards production of acids and solvents through pyruvate. This causes the flux of
glycolytic reactions to lie near the high end of predicted flux ranges. (as shown by FVA
predictions in Figure 5.2).
Following the model updates and comparisons with 13C-MFA data, the model’s responses
to gene knockouts and varying environmental conditions were also tested. The model was used to
analyze the effect of increasing the size of the NADH pool on the production of various acids and
solvents. It has been shown experimentally that an increase in the level of NADH leads to a
concomitant increase in butyrate, solvents, and hydrogen production (Figure 5.3) [39]. Allowing
for the free conversion between NAD and NADH resulted in an increase in their production with
the exception of acetate whose production was, as expected, found to be independent of reducing
equivalent availability.
The model was also queried with respect to the ability to co-utilize glycerol. Glycerol as a
highly reduced carbon source (i.e., degree of reduction of 4.67 compared to 4.0 for glucose)
allows for the generation of more reducing equivalents which drive the production of butyrate and
alcohols (i.e., butanol and ethanol). While C. acetobutylicum does not have the inherent ability to
grow on glycerol as the sole carbon source, co-utilization of glycerol with glucose has been
shown to result in a largely homo-butanol fermentation (i.e., a fermentation where butanol is the
predominant solvent produced) in C. acetobutylicum [40]. It is interesting to note that the glycerol
uptake (CAC1319) and utilization (CAC1322) genes have been found to be upregulated under
butanol stress [3, 5]. Based on this information, a glycerol uptake reaction was added to iCac802

122
in order to test the impact of glycerol as a carbon source. The increased availability of reducing
equivalents show a similar affect, as having no redox constraint in the model by allowing for free
interconversion between NAD+ and NADH or NADP+ and NADPH resulted in an increase in
butyrate, solvents, and hydrogen production as seen in Table 5.2.
The model was further tested by showing that it can predict results from experiments
examining the impact of CO gassing on product formation and cell growth [36]. CO gassing
affects the cellular metabolism of C. acetobutylicum by forcing the transition from acidogenic to
solventogenic fermentation (i.e. initiating the uptake of butyrate and leading to the production of
butanol and ethanol). CO inhibits the hydrogenase arresting H2 production (Figure 5.3) [36].
Therefore the hydrogenase reaction flux was set equal to zero in the presence of CO. Since the
organism has been shown to uptake butyrate during the CO sparging period [36], butyrate was
supplied as an additional nutrient for the model. Using these additional constraints, the model
predicted alcohol production (Table 5.3) during the acidogenic phase in accordance with
experimental findings [36].
Experimental data from fermentations using cell recycle were also examined using the
GSM model. Cell-recycle conditions result in limited ammonia and phosphate uptake by the cells
and an increase in overall alcohol production along with a reduction in biomass yield [41, 42].
These conditions were simulated by restricting the flux bounds of ammonia and phosphate uptake
reactions to an assumed 80% of their maximum allowable ranges determined by FVA [41, 42].
The model showed a reduction in biomass yield and an increase in solvents yield as shown in
Table 5.4.
Further model testing was performed by comparing experimental data of solvent yields
for a number of C. acetobutylicum mutants [43] with in silico results. Mutants involving gene
deletions affecting acid and solvent production in the ABE pathway were used to test iCac802.
Biomass was constrained to the reported growth rate values for the respective experiments.
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Reaction fluxes associated with a deleted gene were set to zero. FVA was performed to determine
the possible range of solvent production. FVA was first performed with biomass constrained to
the reported growth rate to evaluate the flux ranges for the produced acids and solvents. The
identified flux ranges of solventogenic nutrients (glucose, acetate, butyrate, and carbon dioxide)
were subsequently calculated by fixing both the growth rate and restricting the acids/solvents to
the FVA calculated maximum and minimum values. Yield ranges were determined by evaluating
the ratio of acids/solvents to the corresponding minimum nutrient flux. Mutants ∆ack and ∆ptb
reduce (but do not eliminate) acetate and butyrate production by removing acetate kinase (ACK)
and phosphotransbutyrylase (PTB) activities, respectively (Figure 5.3) [38, 44]. For the two
mutant strains, as well for the WT strain, the model predicts a broad range of yields for the three
solvents (butanol, acetone and ethanol), as shown in the 3-D phenotypic solution space (Figure
5.4). This increased solvent production is also observed in experimental work by Jang et al. along
with a reduction in acetate and butyrate production [45]. The study by Jang et al. also
demonstrates that the butanol molar yield per glucose mole fed increases by 55% [45]. iCac802
predicts that incorporation of these two knock-outs results in an increase in butanol production by
63.6%. An earlier GSM by Lee et al. [20] predicts an increase in butanol production but by a
larger value of 86% due to lack of internal protons in the model.	
   In the case of mutant strains
∆adc and ∆hbd, acetone and butanol production is impaired [37, 46], by knocking out
acetoacetate decarboxylase (ADC) and hydroxybutyryl-CoA dehydrogenase (HBD), respectively
(see Figure 5.5).

In all cases the experimental yield is within the model based calculated

allowable yield for mutant phenotypes.
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Modeling Metabolic Stressors using CoreReg
iCac802 is a metabolic model and does not include any regulatory information. This
section describes model regulation under various conditions by using transcriptomic data.
Regulation was implemented in order to better describe the metabolism of C. acetobutylicum
under butyrate and butanol stress and to pinpoint the reactions where flux changes are needed to
explain the observed impact on biomass formation (i.e., growth inhibition). Regulatory
constraints on the iCac802 model were imposed using the transcriptomic data from Wang et al.
[3] in the form of modified reaction flux bounds for each of the stress conditions using the
CoreReg method (see methods section for full description).
When regulation was imposed on the model, the biomass yield decreased by
approximately 70% for all stress conditions except for the low-level butyrate stress where the
biomass yield was unaffected. For each one of the stress conditions we identify the reactions
(core set) for which the application of regulatory constraints is sufficient to reproduce the flux
ranges seen in the model when all regulatory constraints are imposed. Core sets of reactions were
identified for each of the stress conditions by comparing flux bounds of the regulated model with
the imposed regulatory constraints (Step 4 in Figure 5.6). The core sets represent likely nexus
points of regulation under stress conditions as they can broadly propagate the regulatory effect to
the stress affected pathways through model stoichiometry. When regulatory bounds were imposed
exclusively on the core set of reactions, the flux ranges of all reactions matched those of the
model with all regulatory constraints. Subsequent core sets were found for the various stress
levels by excluding the regulatory constraints on previously identified core sets (i.e., primary,
secondary, tertiary sets, etc.). These subsequent core sets consisted of reactions whose regulatory
constraints restrict the fluxes from wild type distribution, and represent additional reactions that
may be focal points of regulation. All these core sets are listed in Tables 5.5 and 5.6. In most
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cases, the same core sets of reactions were shared among the different levels of butanol stress.
Three of the four reactions that made up these core sets (ornithine carbomyltransferase (OCBT),
arginosuccinate lyase (ARGSL), and arginosuccinate synthase (ARGSS)) belonged to arginine
metabolism. OCBT was present in the primary core set of all levels of butanol stress. The final
reaction, N-acetyl-gamma-glutamyl-phosphate reductase (AGPR), which is associated with
amino-acid metabolism, was present in the primary high-level butanol stress core set. The
arginine metabolism genes identified in the core set for butanol stress are regulated by ArgR, the
arginine repressor [3]. Expression of the genes corresponding to these identified arginine
metabolic reactions was strongly downregulated under butanol stress [3, 5] with a corresponding
effect on biomass formation (growth inhibition). Identification of reactions in the arginine
metabolism using the regulated model and its corroborative evidence from transcriptomic studies
confirms the key role of arginine metabolism in response to stress and its subsequent effect of
growth and metabolism. Furthermore, apart from the arginine metabolism, these genes are also
involved in the biosynthesis of proline and lysine which further emphasizes their role in
regulating the amino acid metabolism and hence growth and biomass formation.
The primary medium level butyrate stress core set contained a reaction from pyrimidine
metabolism, sulfate adenyltransferase (SAT). The presence of this reaction can be related to the
regulation of the DNA replication and repair mechanism which is initiated to protect the DNA
from any damage owing to the oxidative stress component of the butyrate stress [3]. However, the
subsequent core sets contained reactions involved in arginine metabolism, such as ARGSS in the
high-level butyrate stress core set. Under butyrate stress, the effect that the regulatory constraints
had on biomass yield was small. In comparison to butanol stress, under butyrate stress (low and
medium), there is a strong upregulation of genes in the arginine metabolism [3].The addition of
butyrate has a direct effect on the induction of solventogenesis as the formation of solvents is
directly related to re-assimilation of butyrate from the medium (Figure. 5.3). Jones et al. [47]
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have reported induction of the genes in arginine metabolism during the onset of solventogenesis
and this suggests that upregulation of arginine genes under low and medium butyrate stress is
associated with the induction of solventogenesis. The observation of arginine metabolism in the
core set of high butyrate stress can be linked to the role of arginine metabolism as the acid
response (AR3) system [3]. This ability of the model and regulatory modeling framework
CoreReg to explicitly delineate the effect of two different metabolite stresses (at various levels),
demonstrates the robustness and discriminatory capabilities of the model.
The addition of butyrate in the media leads to earlier onset of solventogenesis with
higher butanol production [48, 49], which is due to the corresponding upregulation of the genes
involved in solvent production and notably those of the sol operon (CAP0162-CAP0164, adhe2ctfA-ctfB) [3, 5]. The CoreReg method was able to simulate increased flux ranges for these
reactions involved in solvent production during butyrate stress.

Discussion
A GSM model is a powerful tool that serves as a framework to visualize the changes
captured from transcriptomic or proteomic data at the global metabolic level. The strength of such
a model relies on the inherent characteristic capabilities to predict phenotypes from genotype. The
proposed CoreReg method managed to elucidate focal points of regulation (core sets) on
metabolic pathways. The core sets represent likely nexus points of regulation under stress
conditions as they can broadly propagate the regulatory effect to the stress affected pathways.
Interestingly, different stressors and levels elicited different metabolic responses as also
corroborated by the DNA microarray data. The prediction of phenotypes and the corresponding
regulation that leads to the phenotype along with model performance can be greatly enhanced by
the development of a whole cell model. This would include the integration of regulatory
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knowledge derived from gene expression, transcription factors and their binding sites, regulation,
and post-transcriptional regulation in the form of small non-coding regulatory RNA (sRNA) into
GSM models. With the recent reconstruction of a transcriptional regulatory network [3] and the
identification of the small RNome [4], the development of an integrated whole cell metabolic and
regulatory model for C. acetobutylicum could provide superior insight into predicting phenotypes
for the development of strains with higher tolerance to stressors and higher production of desired
products. Thus, a more stress resilient strain of clostridium may be engineered by improving these
cellular functions.

Conclusions
In this paper we describe the creation of a second-generation genome-scale metabolic
model for C. acetobutylicum ATCC 824, iCac802, and the use of transcriptomic data to apply
additional constraints on reaction flux bounds using the CoreReg method. These constraints were
calculated for varying levels of butyrate and butanol stress and were used to identify core sets of
reactions whose changes in flux values can explain broadly all observed changes in metabolism.
CoreReg was able to differentiate between the two stressors, with a larger restriction on
biomass for butanol stress. The core sets for butanol stress contain reactions in arginine and
amino acid metabolism, while the butyrate stress core sets contain reactions in arginine and
pyrmidine

metabolism.

These

results

corroborate

previous

findings

concerning

the

downregulation of arginine metabolism and regulation of DNA replication under stress
conditions. Given transcriptomic data for other stressors or environmental conditions, the
CoreReg method can be used to predict both the metabolic response and candidate focal points of
regulation in terms of core sets. If there exists an available mechanistic description of the
regulation, a remedial action can be taken to counteract the effect of stress on metabolism (e.g.,
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upregulating alternate pathway, blocking regulator protein, etc.). In cases where the regulation
mechanism is less well known CoreReg results could be used to design plausible regulatory loops
around the affected metabolic reactions. These regulatory hypotheses can then be tested
experimentally.

Methods

Model Construction
The general principles of the metabolic model reconstruction process have been
previously described [50-52]. Construction of iCac802 entailed the following processes: 1)
identification of biotransformations using previous models and homology searches; 2) assembly
of reaction sets into a genome-scale metabolic model and subsequent conversion into a
computations-ready format; 3) identification and removal of thermodynamically infeasible
cycles; and 4) evaluation and improvement of model performance when compared to in vivo
growth phenotypes.
We began metabolic model reconstruction by parsing the existing genome-scale models
for C. acetobutylicum ATCC 824 [20-22] and the automated model generated on the Model
SEED website [23]. We also made use of MetRxn, a knowledgebase that includes standardized
metabolite and reaction descriptions drawn from multiple databases and genome-scale models
[53], to parse and compare the contents of these models. We converted the gene associations in
the Model SEED to the same ORF naming scheme as the other models and available
experimental data (i.e., CACxxxx or CAPxxxx) using the start and stop sites and in the genome
annotation at the Model SEED website and those in the TIGR gene annotation [54]. We examined
and updated the elemental and charge balancing of all reactions by making use of the chemical
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formulas and charges provided by the SEED database (molecular charge values calculated at
neutral pH) [23]. All reactions were checked to verify that the reactants and products shared the
same total numbers of different atoms and the same total charge. Reactions that did not pass these
tests were replaced with equivalent balanced reactions from Model SEED. In the case of no
alternate Model SEED reaction, the reactions underwent re-balancing where protons, hydroxide,
and/or water molecules were added to balance atoms and/or charges. Metabolites that were not
fully specified due to the use of generic R groups as side-chains, or were oligomeric with a nonspecified number of repeat units, were flagged for manual examination and balancing. One to one
equivalency of metabolites with such generic R groups and metabolites without generic R groups
was verified to ensure balanced reactions. The biomass equation was adapted from the McAnulty
model [22], the only modifications being the use of charged and uncharged tRNAs to account for
amino acid utilization, the doubling of the coefficients for solutes in the equation, and a slight
decrease in the coefficient for protein use from 3.1 to 3.
Model curation began with the removal of thermodynamically infeasible cycles present in
the model. Flux variability analysis (FVA) was performed with no biomass constraints to identify
unbounded reaction fluxes. The number of unbounded reactions was reduced by restricting the
directionality of certain reactions using Model SEED’s calculated values of the reaction’s Gibbs
free energy. If the entire range, including error, was more than four kcal/mol removed from zero,
the reaction was restricted to the direction specified by the free energy [55]. The method
described by Schellenberger et al. [56] was then used to identify the core set of
thermodynamically infeasible cycles which form the basis of all such possible cycles. This
method relies on the observation that all possible thermodynamically infeasible cycles form the
null space of the stoichiometric matrix [56]. During the identification of the basis of the null
space, only the set of reactions whose fluxes hit the bounds during FVA were used to decrease
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processing time. The null space basis of this set was evaluated by LU decomposition of the
stoichiometric matrix [56].
Of the cycles found, those involving only two reactions were examined first.
These were composed of equivalent reactions, i.e., reactions which both converted a given set of
reactants to products or vice versa using the same co-factors, varying only in their directionality.
One of the two identified equivalent reactions was subsequently removed based on a
preponderance of literature or annotation information concerning their directionality. Cycles
containing more than two reactions were formed due to the presence of pathways that recycled
metabolites consumed or produced by an alternate route with a zero net metabolic cost. Reactions
in these cycles were reviewed and those with no literature or annotation reference were either
removed or had their directionality restricted. Figure 5.1A is an example of such a cycle. 2Acetolactate methylmutase (ACLM) is a reaction that is more accurately represented as two
separate reactions, (R)-2, 3-Dihydroxy-3-methylbutanoate: NADP+ oxidoreductase (R-DMBO)
and 2, 3-Dihydroxy-3-methylbutanoate: NADP+ oxidoreductase (DMBO). The removal of this
aggregate reaction eliminates the thermodynamically infeasible cycle as shown in Figure 5.1B.
Figure 5.1(C-E) represents another cycle and its subsequent removal using experimental

13

C-

metabolic flux analysis (13C-MFA) data.
After reviewing all of the cycles in the null basis with up to 5 participating reactions, the
null basis was re-evaluated. After fixing the smaller cycles the same review process was extended
to larger cycles. This re-evaluation process was iterated until no more cycles were detected using
FVA. A total of 101 reactions were removed from the model and 58 had their directionality
restricted to stop the involvement of 404 reactions in thermodynamically infeasible cycles.
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Model Simulations and Analysis
Flux balance analysis (FBA) was performed to obtain the maximum attainable growth
rate under the given constraints [57].
𝑀𝑎𝑥    𝑣!"#$%&&                                                                                                                                                                                                                                                             
Subject  to                                                                                                                                                                                                                                                                        
!

              

𝑆!" 𝑣! = 0, ∀  𝑖   ∈ 1, … , 𝑁                                                                                                                                                                              (1)                        

!  !!
          𝑣!!"#

≤ 𝑣! ≤ 𝑣!!"# , ∀  𝑗   ∈ 1, … , 𝑀                                                                                                                                                            (2)

Where 𝑆!" is the stoichiometric coefficient for metabolite i in reaction j. 𝑣! represents the flux of
reaction j, while 𝑣!!"# and 𝑣!!"# denote the minimum and maximum flux bounds on reaction j. N
and M represent the overall sets of metabolites and reactions respectively.
Flux variability analysis was used to identify reactions present in thermodynamically
infeasible cycles.
𝑀𝑎𝑥 𝑀𝑖𝑛   𝑣! ∗                                                                                                                               
𝑆𝑢𝑏𝑗𝑒𝑐𝑡  𝑡𝑜                                                                                                                                            
!

                    

∗
𝑆!" 𝑣! = 0, ∀  𝑖   ∈ 1, … , 𝑁                                               3                                                   ∀  𝑗    ∈ 1, … , 𝑀

!!!
                  𝑣!!"#

≤ 𝑣! ≤ 𝑣!!"# , ∀  𝑗   ∈ 1, … , 𝑀                          (4)

No constraints were placed on biomass in order to identify all thermodynamically
infeasible cycles. This analysis was performed iteratively for all metabolites.

Model Testing
Model predictions were tested against experimental

13

C flux data [25], experimental

fermentation data [3, 36, 39, 41, 42], and in vivo gene knockout data from the literature [38, 44,
46, 58].
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While the acidogenic phase was simulated in the model solely through the inclusion of
required nutrients, additional constraints were required for the solventogenic phase. The
solventogenic phase of clostridia is characterized by the uptake of acetate and butyrate along with
the reduction of carbon flux towards amino acids [59]. Thus, the solventogenic phase was
simulated with acetate and butyrate as additional nutrients, and constraints on the export of acids
and excess amino acids.

Incorporation of regulation using CoreReg
Regulation was incorporated into the model by a stepwise procedure that modified the
minimum and maximum flux bounds of reactions based on fold change values of corresponding
gene expression values by a new method called CoreReg [34]. Gene expression data for each
stress condition (GSE48031 and GSE48039), obtained from Wang et al. [3] was used to calculate
the fold change from unstressed conditions using significance analysis of microarrays (SAM) [3,
60]. Transcriptomic data were collected for three concentrations each of butyrate and butanol. We
refer to these as low (30 mM butyrate, 30 mM butanol), medium (40 mM butyrate, 60 mM
butanol), and high (50 mM butyrate, 90 mM butanol) stress conditions. The fold change for each
reaction under each stress condition was calculated from gene expression fold changes under
stressed conditions by using GPRs. In the case of multiple enzyme subunits, the minimum
expression value for the genes associated with the subunits was considered for calculating the
reaction fold change. In the case of isozymes the total transcript level, obtained by summation of
all isozymes transcripts, was considered. The unregulated model reaction bounds without any
biomass constraint represent the minimum and maximum possible bounds of each reaction. Thus,
further increase in these bounds does not affect any maximum yield calculations as the bounds
are not active. So, only down- regulated genes were considered for evaluating the regulated
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model. The procedure for implementing regulation can be divided into five steps as explained
below (see Figure 5.6).
Step 1: FVA is performed on the unregulated (UR) model to obtain lower (𝑣!L,UR   ) and
upper (𝑣!U,UR   ) reaction flux bounds. The value of k is set equal to one to indicate primary core set.
Step 2: FVA upper and lower bounds for the unregulated model are multiplied by the
fold change value (𝑐! ) obtained using the transcriptomic data. The lower (𝑣!L,R   ) and upper (𝑣!U,R   )
bounds for regulated (R) model are evaluated as follows:
∀𝑗  𝑠𝑢𝑐ℎ  𝑡ℎ𝑎𝑡  𝑐! < 1 →

𝑣!U,R =    𝑣!U,UR ∙ 𝑐!                                                                                                                                                                 (5)
𝑣!L,R =    𝑣!L,UR ∙ 𝑐!                                                                                                                                                                   (6)

Note that the updated lower bound is non-zero only for reversible reactions effectively
lowering the maximum possible flux value in the reverse direction.
Step 3: FBA is performed on the unregulated and regulated model to obtain maximum
max,UR
max,R
max,R
max,UR
biomass yields 𝑣!"#$
and 𝑣!"#$
, respectively. If  𝑣!"#$
varies from 𝑣!"#$
by less than 2%,

then the process is terminated. This is because the effect of the remaining regulation in the model
is too small to cause any significant changes in metabolism as exemplified by the max biomass
yield. Therefore, no additional regulatory core sets are extracted.
max,R
Step 4: FVA is performed at max biomass  𝑣!"#$
on the regulated (R) model to obtain

lower (𝑣!l,R ) and upper (𝑣!u,R ) reaction flux bounds. These bounds are next compared with the
imposed regulatory constraints from Step 2.
Step 5: Reactions j whose flux bounds are equal to the regulatory constraints (i.e.,  𝑣!u,R ≡
𝑣!U,R   or  𝑣!l,R ≡ 𝑣!L,R ) are assembled into the core set of reactions (of order k). To identify
secondary, tertiary, etc. higher order core sets, the fold change values (𝑐! ) for the previously
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determined k core sets are set to one thus removing their regulatory role in the model. The
process is repeated from Step 2 with the value of k increased by one.
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Table 5.1: Genome Scale Model Comparison: The number of genes, reactions, and metabolites
present in three previous genome-scale models of C. acetobutylicum and iCac802.
Model
statistics

Lee et al.
(2008)

Senger et al.
(2008)

McAnulty et
al. (2012)

iCac802

Genes

432

473

490

802

Reactions

502

522

794

1462

Metabolites

479

422

707

1137
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Table 5.2: Reducing equivalent dependence analysis of various acids, solvents and hydrogen:
Comparison made between glucose with and without constraints on production of reducing
equivalents, and glycerol. Equivalent carbon flux values were chosen for both glucose and
glycerol. All values except for carbon source uptake represent production fluxes with units of
mmol gDW-1 h-1. Increasing availability of reducing equivalents led to increased product
formation for all cases except acetate.
Glucose

Glycerol

Metabolites

With Redox
Constraint

No Redox
Constraint

Carbon source

10.00

10.00

20.00

Acetate

23.74

23.74

25.16

Butyrate

0.96

8.59

10.79

Ethanol

12.17

17.68

16.32

Acetone

7.34

17.01

17.04

Butanol

5.75

9.65

12.65

Hydrogen

31.18

35.85

61.73
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Table 5.3: CO gassing analysis during acidogenic phase: Under CO gassing conditions the
model shows inhibition of hydrogen production and butyrate uptake with alcohol but no acetone
production. All the values represent production flux ranges with units of mmol gDW-1 h-1.
Negative value indicates consumption instead of production. The numbers in parentheses indicate
the maximum growth rate values.

Metabolites
Acetate
Butyrate
Acetone
Ethanol
Butanol
Hydrogen

Wild type (0.52 h-1)
Lower Flux
Upper Flux
Bound
Bound
20.56
20.56
0.01
0.01
0.00
0.00
0.00
0.00
0.00
0.00
13.02
13.02

H inhibited (0.47 h-1)
Lower Flux
Upper Flux
Bound
Bound
22.88
24.75
-1.99
-0.12
0.00
0.00
0.00
1.87
0.00
1.87
0.00
0.00

138
Table 5.4: Cell recycling analysis during solventogenic phase showing lowering of biomass
yield and increased solvent yield: All the values represent production flux ranges with units of
mmol gDW-1 h-1. Negative value indicates consumption instead of production. The numbers in
parentheses indicate the maximum growth rate values. The solvent fluxes were converted to C
mmol units to compare the overall solvent yields.

Wild type (0.32 h-1)

Cell recycle (0.17 h-1)

Metabolites

Lower Flux
Bound

Upper Flux
Bound

Lower Flux
Bound

Upper Flux
Bound

Ammonia

-2.94

-2.94

-2.35

-2.35

Phosphate

-0.37

-0.37

-0.30

-0.30

Ethanol

8.39

8.73

6.92

10.00

Butanol

0.00

0.52

0.00

4.04

Acetone

0.00

0.20

0.00

1.52
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Table 5.5: Genes associated with core set of reactions under butanol stress conditions: If
regulatory bounds were imposed exclusively on the reactions in the core set, the flux ranges
would match those of the model with all regulatory constraints. Regulation was removed from the
primary core sets to obtain secondary cores sets and so on. Biomass regulation reduced with
increasing order of core sets.

	
  

Primary	
  
(K=1)	
  

Stress	
  Level	
  

ORF	
  

GENE	
  

Low	
  

CAC0316	
  

ornithine	
  carbomoyltransferase	
  (OCBT)	
  

Med	
  

CAC0316	
  

ornithine	
  carbomoyltransferase	
  

CAC0316	
  

ornithine	
  carbomoyltransferase	
  

CAC2390	
  

N-‐acetyl-‐gamma-‐glutamyl-‐phosphate	
  reductase	
  
(AGPR)	
  

CAC0974	
  

argininosuccinate	
  lyase	
  (ARGSL)	
  

CAC2390	
  

N-‐acetyl-‐gamma-‐glutamyl-‐phosphate	
  reductase	
  

CAC0974	
  

argininosuccinate	
  lyase	
  

CAC2390	
  

N-‐acetyl-‐gamma-‐glutamyl-‐phosphate	
  reductase	
  

CAC0974	
  

argininosuccinate	
  lyase	
  

CAC2389	
  

acetylglutamate	
  kinase	
  (ACGK)	
  

CAC0973	
  

argininosuccinate	
  synthase	
  (ARGSS)	
  

CAC2389	
  

acetylglutamate	
  kinase	
  

CAC0973	
  

argininosuccinate	
  synthase	
  

CAC2389	
  

acetylglutamate	
  kinase	
  

High	
  

CAC0973	
  

argininosuccinate	
  synthase	
  

Low	
  

CAC2391	
  or	
  
CAC3020	
  

bifunctional	
  ornithine	
  acetyltransferase/N-‐
acetylglutamate	
  synthase	
  (OACT/AGS)	
  

Med	
  

CAC2391	
  or	
  
CAC3020	
  

bifunctional	
  ornithine	
  acetyltransferase/N-‐
acetylglutamate	
  synthase	
  

High	
  

CAC2388	
  or	
  
CAC0368	
  

4-‐aminobutyrate	
  aminotransferase	
  
acetylornithine/N-‐succinyldiaminopimelate	
  
aminotransferase	
  (GABAT/	
  ARGD)	
  

High	
  

Low	
  
Secondary	
  
(K=2)	
  

Med	
  
High	
  
Low	
  

Tertiary	
  
(K=3)	
  

Quaternary	
  
(K=4)	
  
[minimal	
  
effect	
  on	
  
biomass]	
  

Med	
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Table 5.6: Genes associated with core set of reactions under butyrate stress conditions: If
regulatory bounds were imposed exclusively on the reactions in the core set, the flux ranges
would match those of the model with all regulatory constraints. Regulation was removed from the
primary core sets to obtain secondary cores sets and so on. Biomass regulation reduced with
increasing order of core sets.
Stress Level

Primary
(K=1)

Secondary
(K=2)

CAC2113

bifunctional pyrimidine regulatory protein
PyrR/uracil phosphoribosyltransferase (UPRT)

Med
[minimal
effect on
biomass]

CAC0109
and
CAC0110

sulfate adenylyltransferase (SAT)

High

CAC0973

argininosuccinate synthase

Low

No core set

Med

No core set
CAC0316

ornithine carbamoyltransferase

CAC2389

acetylglutamate kinase

Low

No core set

Med

No core set

High

Quaternary
(K=4)

GENE

Low
[minimal
effect on
biomass]

High

Tertiary
(K=3)

ORF

CAC0974

argininosuccinate lyase

Low

No core set

Med

No core set

High
[minimal
effect on
biomass]

CAC2391 or
CAC3020

4-aminobutyrate aminotransferase
acetylornithine/N-succinyldiaminopimelate
aminotransferase
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Figure 5.1: Examples of thermodynamically infeasible cycles and their resolution. Dashed
lines indicate the direction of flux through the cycle forming reactions. A) A cycle containing
three reactions B) The fixed cycle from 1A after the removal of a single reaction with minimal
literature evidence C) A cycle containing 7 reactions D) The original cycle correction for 1C,
involving the removal of a reaction with minimal literature evidence E) The final cycle correction
upon examination of 13C-MFA data [25].
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Figure 5.2: Comparison of in silico and experimentally measured 13C-MFA flux ranges for
C. acetobutylicum [25] A) under WT biomass constraint (0.32 mmol gDW-1 h-1, grown in
complex media) [38] B) under reduced biomass constraint (0.07 mmol gDW-1 h-1 , grown in
defined media) given that the data were also collected during the transition to the solventogenic
phase [25]. HK and pyruvate carboxylase (PC) had their experimental values outside the model
predicted ranges under the reduced biomass constraint. FVA was performed with a glucose
uptake rate of 10 mmol gDW-1 h-1. Full reaction names can be found in the list of abbreviations.
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Figure 5.3: The butyrate (butanoate) metabolism in C. acetobutylicum summarizing the
formation of acids (acetic and butyric acid) and ABE solvents. The acid formation pathways
are represented by dotted lines. The mutants that were used to validate the GSM model are
represented in red. (ACK - acetate kinase; PTA - phosphotransacetylase; ADHE alcohol/aldehyde dehydrogenase; THL - thiolase; ADC - acetoacetate decarboxylase; CTFAB CoA-transferase; HBD – hydroxybutyryl-CoA dehydrogenase; CRT – crotonase; BCD – butyrylCoA dehydrogenase; BDHAB –butanol dehydrogenase; PTB – phosphotransbutyrylase & BUK –
butyrate kinase).
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Figure 5.4: Comparison of in silico and experimentally measured yields for solvents
produced by C. acetobutylicum under the experimental growth rate constraints: (A) Wild
type solution space with biomass constrained to 0.32 mmol gDW-1 h-1 [38] (B) Δptb solution
space with biomass constrained to 0.18 mmol gDW-1 h-1 [38] (C) Δack solution space with max
biomass constraint of 0.184 mmol gDW-1 h-1 [44].
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Figure 5..5: Comparison of in silico and experimentally measured yields for solvents produced
by C. acetobutylicum under the experimental growth rate constraint condition for the following
strains: (A) Δhbd solution space for acetone vs. ethanol yields with biomass constrained to 0.18
mmol gDW-1 h-1 [46], (B) Δadc solution space for acetone vs. ethanol yields with biomass
constrained to 0.182 mmol gDW-1 h-1 [37]
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Figure 5.6: Graphical representation of the CoreReg procedure: The flux bounds for the
unregulated model are identified (Step 1) and regulation is imposed on the model (Step 2) based
on fold changes in the transcriptomic data. If the biomass regulation is greater than 2% (Step 3),
then flux bounds from the regulated model are compared (Step 4) to their regulatory bounds to
identify core sets of reactions. Regulatory effect of the identified core sets is excluded (Step 5)
and the previous steps (Step 2-5) are repeated to identify higher order core sets.
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Abstract
The incorporation of biological nitrogen fixation into a non-diazotrophic photosynthetic
organism provides a promising solution to the increasing fixed nitrogen demand, but is
accompanied by a number of challenges for accommodating two incompatible processes within
the same organism. Here we present regulatory influence networks for two cyanobacteria,
Synechocystis PCC 6803 and Cyanothece ATCC 51142, and evaluate them to co-opt native
transcription factors that may be used to control the nif gene cluster once it is transferred to
Synechocystis. These networks were further examined to identify candidate transcription factors
for other metabolic processes necessary for temporal separation of photosynthesis and nitrogen
fixation, glycogen catabolism and cyanophycin synthesis. Two transcription factors native to
Synechocystis, LexA and Rcp1, were identified as promising candidates for the control of the nif
gene cluster and other pertinent metabolic processes, respectively. Lessons learned in the
incorporation of nitrogen fixation into a non-diazotrophic prokaryote may be leveraged to further
progress the incorporation of nitrogen fixation in plants.

Background
Global use of nitrogen fertilizer has seen a sevenfold increase from 1960 to 1995,
and further increases are predicted barring substantial increases in fertilizer efficiency[1].
Increasing levels of biological nitrogen fixation can replace a portion of the required fertilizer,
decreasing nitrogen demands[2, 3]. Some plants, such as legumes, have formed symbiotic
relationships with rhizobium in order to acquire fixed nitrogen[4], whereas other plants must
acquire fixed nitrogen from the environment[5]. The inclusion of nitrogen fixation in a
photosynthetic organism requires strict regulation of the oxygen levels within the organism, as
nitrogenase is irreversibly inhibited by oxygen[6]. Our goal in this paper is to identify how to
provide the regulatory structures to control the inherently incompatible processes of
photosynthesis and nitrogen fixation.
Cyanobacteria are photosynthetic prokaryotes that serve as a promising test system in
transferring nitrogen-fixing capabilities, as both diazotrophic and non-diazotrophic species exist.
Some cyanobacteria, such as Synechocystis PCC 6803 (hereafter referred to as Synechocystis),
require fixed nitrogen from the environment[7] whereas others, such as Cyanothece ATCC 51142
(hereafter referred to as Cyanothece) and Anabaena PCC 7120, are diazotrophic[8, 9]. In order to
accommodate both nitrogen fixation and photosynthesis, diazotrophic cyanobacteria separate
processes either spatially or temporally[6]. Organisms such as Anabeana use specialized cells
called

heterocysts

to

physically

separate

nitrogen

fixation

from

cells

performing

photosynthesis[9]. Others, such as Cyanothece, temporally separate nitrogen fixation and
photosynthesis[8]. Cyanothece generates glycogen during the day and then consumes it through a
burst of respiration in the early dark hours, generating both the energy necessary for nitrogen
fixation as well as the requisite anaerobic environment[10]. Therefore, on a standard 12h/12h
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light-dark cycle, the nitrogen fixation genes are highly overexpressed during the dark period
under anoxic conditions[8].
Synechocystis and Cyanothece have been extensively studied compared to other
cyanobacteria. When both organisms are grown under constant light at 30°C and non-nitrogen
fixing conditions, the doubling times vary from approximately 24 hours for Synechocystis[11] to
45 hours for Cyanothece[12]. Synechocystis was the first cyanobacterium to have its genome
sequenced[13] and has served as a genetically tractable model organism for cyanobacteria[14]. A
number of its regulatory genes have been further investigated[15-17] and the structure of
segments of the regulatory network has been proposed[18]. While Synechocystis is a more
common target of research, recent work has compiled both transcriptomic and proteomic data for
Cyanothece[8, 19]. In addition, there have been significant efforts spent elucidating the
metabolism of both Cyanothece and several closely related strains[11, 12, 20, 21] and the
regulatory network of Cyanothece[22]. The regulatory network presented here was generated in
order to facilitate comparison between the two organisms. Given the close relationship in
Cyanothece between nitrogen fixation and its diurnal oscillations, any comparisons between
different organisms focusing on nitrogen fixation must trace the light-dark cycle.
Synechocystis will be used as a proof of concept for the incorporation of temporal
separation of photosynthesis and nitrogen fixation in a non-diazotrophic organism. Cyanothece is
a logical source for the nitrogen fixation genes given its close phylogenetic relationship to
Synechocystis and the fact that it contains the largest contiguous nif cluster in cyanobacteria[10].
In order to identify candidate regulators for the processes necessary to incorporate
nitrogen fixation into Synechocystis, we generated, examined, and compared regulatory networks
for both Synechocystis and Cyanothece. We identified transcription factors from both
Synechocystis and Cyanothece that could be co-opted to control these processes in Synechocystis.
Two of these identified transcription factors, LexA and Rcp1, are native to Synechocystis and
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have both expression profiles and environmental responses that make them compelling candidates
for controlling the nif cluster and other pertinent metabolic processes, respectively. Cyanobacteria
have been used as a platform system for investigating CO2 concentrating mechanisms in
plants[23, 24]. Therefore lessons learned in manipulating regulatory structures in cyanobacteria
could ultimately inform the incorporation of nitrogen fixation in plants.

Comparison of Peak Expression Timing
The regulatory networks for both Synechocystis PCC 6803 (Synechocystis) and
Cyanothece ATCC 51142 (Cyanothece) were generated by minimizing the extent of experimental
expression variance not explained for a fixed number of regulatory influences. The number of
influences for each gene cluster was chosen as the minimum number of influences that would
allow for over 50% of the expression change to be explained. The Synechocystis network contains
45 gene clusters, 17 transcription factor (TF) clusters, and an average degree (i.e., TF clusters
affecting a gene cluster) of 5. The Cyanothece network contains 221 gene clusters, 16 TF clusters,
and has an average degree of 2.23 (Table 6.1). Parts of the networks are shown in Figure 6.1. This
difference in average degree could be caused in part by the differing methods used to process the
original transcriptomic data.
In order for a non-diazotrophic organism such as Synechocystis to temporally separate
nitrogen fixation and photosynthesis, a number of genes must have expression profiles similar to
those of their Cyanothece counterparts. The genes in these two organisms that have differing
expression profiles extends past those involved in nitrogen fixation and its associated processes.
Performing a bidirectional BLAST search on the set of cycling Cyanothece genes identified 306
homolog pairs between the two organisms where both genes were in the set of cycling genes.
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Only 114 of these pairs have elevated expression for both genes at the same segment of the lightdark cycle. Another 77 peaked at different times during the same period (e.g. a gene peaks in the
early light and its homolog peaks in the late light). Figure 6.2 shows the distribution of the 115
homolog pairs that peak in different periods (i.e. one homolog peaks in the dark period and the
other in the light). Of the 14 homolog pairs with differing peaks categorized in photosynthesis
and respiration, six were associated with respiratory electron flow and two with
phycobilisomes[25]. These un-matched peaks can be explained by the different temporal pattern
in glycogen consumption and use of phycobilisomes in the two organisms[26]. Given the number
of differences in expression across the genome, we focused only on those genes directly
associated with nitrogen fixation or the metabolic processes recruited before or after nitrogen
fixation.

Candidates for Controlling nif Cluster Expression
Several different avenues are possible for imposing the necessary regulatory action on
genes involved in these processes. By using native transcription factors, the number of genes that
would need to be transferred is minimized and the uncertainty in the expression profile of the
transcription factor is reduced, as many of its regulatory partners are already present. Candidate
native TFs were identified by determining the gene clusters in Synechocystis with the appropriate
expression profile for this process, and by investigating the TF clusters that were identified as
regulatory influences for a number of these gene clusters. Some of these identified TFs have
expression profiles similar to that of the final desired expression profile. Controlling gene
expression using a transcription factor with the same expression profile is a concept underlying
the development in gene circuits[27]. Gene circuits developed using TFs have been designed to
respond to environmental cues (i.e., oxygen level)[28]. The strategy outlined here, instead, aims
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to identify TFs native to the organism that already respond to environmental conditions (e.g., low
oxygen, absence of light, etc.) that subsequently can be coopted to control the genes of interest.
Examining the Cyanothece regulatory network and the regulatory influences predicted for the
genes associated with the process identified additional candidate regulators. Using these
regulators would require the transfer of the regulatory genes to Synechocystis but reduce the need
to modify promoter regions for the genes transferred from Cyanothece.

The expression profile necessary for the transferred nif genes is characterized by an
increase in expression during the dark and a rapid decrease in expression at the beginning of
illumination. The desired profile can be seen in gene clusters 4, 10, 16, 17, 18, 19, and 35 of
Synechocystis. There are four TF clusters (10, 15, 16, and 17) that are regulatory influences for at
least three of these gene clusters. Each TF cluster contains a single gene that has been shown to
respond to environmental conditions pertinent to nitrogen fixation. TF cluster 10 contains gene
sll1689, which codes for the group 2 sigma factor sigE. Both the transcript levels of sigE and the
protein levels of the associated SigE protein increase under nitrogen depletion[29]. Studies have
shown that sigE expression increases in an NtcA dependent manner[29]. NtcA, a global nitrogen
regulator in cyanobacteria[30], responds to intracellular 2-oxoglutarate levels and regulates a
number of genes involved in nitrogen assimilation[31]. In Cyanothece ATCC 51142
(Cyanothece), it has been shown that ntcA expression is out of phase with that of the nif
genes[32], and has been suggested that ntcA is involved primarily in nitrogen assimilation than in
nitrogen fixation[33]. Nevertheless, both ntcA and sigE do not account for the presence of
oxygen, a nitrogenase inhibitor, through detection of either light or intracellular oxygen levels.
Therefore, additional synthetic regulation is needed to account for such factors.
The remaining three TF clusters contain TF genes that respond to these environmental
conditions. TF cluster 17 contains the hik16 (slr1805) gene. While hik16 is most commonly
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associated with the salt stress response[34], it also responds to oxidative stress induced by
hydrogen peroxide[35]. The decreased expression of hik16 during the day may be explained by
the oxidative stress that can be caused by reactive oxygen species generated by
photosynthesis[36]. Given that it responds to additional stimuli, namely salt stress, hik16 would
not be an ideal native TF for use in nif cluster regulation. Both TF clusters 15 and 16 contain
genes (lexA and rre34 respectively) that respond to oxygen levels within the environment. In
Synechocystis, LexA binds to two different sites on the hydrogenase operon and is also known to
regulate the sbtA gene, which codes for a sodium-bicarbonate symporter[37]. Both of these
regulatory influences are predicted in the Synechocystis network (Figure 6.1A). LexA is thought
to function as a transcriptional activator[16] and is upregulated after the transition to a low O2
environment[38]. Similarly, rre34 (sll0789) was shown to be upregulated under low O2
conditions[38]. Given the irreversible inhibition of nitrogenase by oxygen, a transcriptional
activator that is upregulated under low O2 conditions is a promising candidate for use in
regulating the nif cluster in Synechocystis. When comparing the expression profiles of the two
candidates in Synechocystis with that of the nif cluster in Cyanothece (Figure 6.3) we see that
lexA peaks at the same time as the nif cluster as compared to the later peak in expression for
rre34. This places lexA as the top candidate for regulating the nif cluster in a diazotrophic
Synechocystis.
The Cyanothece regulatory network identifies a number of transcription factors involved
in the regulation of genes in the nif cluster. 33 genes in the nif cluster were identified as cycling
and were contained within 13 different gene clusters. Many of these gene clusters have different
sets of regulatory influences although several TF clusters are prominent. 27 of the 33 genes have
either TF cluster 4 or TF cluster 15 as a regulatory influence. TF cluster 4 contains three genes,
one of which is cce_1898, annotated as patB. In the previous regulatory network of Cyanothece,
PatB was predicted to influence the expression of the nitrogenase complex[22]. PatB was also
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shown to be required for diazotrophic growth, and is expressed in the heterocysts of Anabaena
PCC 7120[39]. TF cluster 15 is composed of only one gene, sigE. SigE has been shown to be
upregulated in both Synechocystis and Anabeana PCC 7120 under nitrogen depletion[9, 29]. TF
cluster 10, another prominent regulator, contains sigD and influences 8 genes. The deletion of
sigD in Anabeana impairs the ability of the organism to establish diazotrophic growth[40] (Figure
6.1B). Given the prediction that PatB controls nif cluster expression, the introduction of patB into
Synechocystis and the use of LexA to control its expression is another possible approach to
controlling the nif cluster expression in Synechocystis (Figure 6.4A). By using the native nif
cluster regulator, this strategy circumvents the need to modify all promoter regions in the nif
cluster individually and also retains the native control of the nif cluster by PatB.

Candidates for Regulating Other Pertinent Metabolic Processes
In addition to nitrogen fixation two other processes, glycogen catabolism and
cyanophycin synthesis, must be active at specific times for the diazotrophic Synechocystis to
create the requisite anaerobic environment and to assimilate and store newly fixed nitrogen. In
Cyanothece the anaerobic environment and energy necessary for nitrogen fixation are generated
through the consumption of glycogen in the early dark period[8]. Glycogen catabolism in
Synechocystis is a metabolic process that must be placed under different regulatory control. There
is a pair of homologs (cce_1629 and slr1367) within the two organisms that are annotated as
glycogen phosphorylases and identified as cycling. The current expression profile in
Synechocystis includes a peak in expression one hour before the onset of light, and a negative log2
ratio one hour into the dark period, when its homolog peaks in Cyanothece (Figure 6.5A). This is
in contrast to the glycogen synthase genes, which peak in the beginning of the light period for
both organisms, and does not require any modified regulation. Using the steps discussed to
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identify native transcription factors for the nif cluster, two gene clusters, 16 and 34, were found to
have the desired profile; low expression during the light and peak expression in the early dark.
These two clusters share four regulatory influences, the most significant of these is TF cluster 12,
which is composed of the rcp1 (slr0474) gene. The Rcp1 protein is part of a two-component light
sensing system with the phytochrome Cph1[41]. Garcia-Dominguez et al. showed that rcp1 is
maximally expressed 15 minutes into the dark period, and its expression levels are almost
undetectable five minutes after illumination[42]. Given the role that glycogen catabolism plays in
consuming oxygen within the cell, its associated genes should be expressed prior to those for
nitrogen fixation, making rcp1 an ideal candidate for controlling glycogen phosphorylase. The
Cyanothece network identifies the regulatory influences for glycogen phosphorylase as a
hypothetical protein (cce_4141) and sigD, which is involved in establishing diazotrophic growth
in Anabeana[40].
Cyanophycin is a dynamic nitrogen reserve composed of equimolar quantities of arginine
and aspartic acid[26]. Cyanophycin accumulation in Cyanothece follows the fixation of nitrogen,
being mainly generated between two and six hours after the beginning of the dark period[26]. In
contrast, cyanophycin has a minor role in Synechocystis, which, instead, degrades
phycobilisomes, leading to cell bleaching[26]. Therefore, arginine, aspartic acid, and
cyanophycin synthesis in Synechocystis should be expressed in a manner similar to that of their
counterparts in Cyanothece. The genes involved in arginine and aspartic acid synthesis were
identified through the gene-protein-reaction relationships of the reactions that carry flux at
maximum biomass production for the genome-scale models iSyn731 and iCyt773 (Figure
6.5C)[11]. For each reaction, the elevated expression time for each associated gene was
compared. Several of the gene pairs shared elevated expression times, although four genes in
Synechocystis (sll0573, slr0585, slr1133, and sll0902) either were not cycling, or had elevated
expression during the beginning of the light period. Conversely, their Cyanothece counterparts

160
exhibited elevated expression during the beginning of the dark period (Figure 6.5B).
Cyanophycin synthetase catalyzes the elongation reaction of cyanophycin through the
incorporation of arginine and aspartic acid[43]. The gene that codes for this enzyme in
Synechocystis, slr2002, is not cycling and therefore will need to be controlled by a different TF.
The cyanophycin synthetase gene in Cyanothece, cce_2237, peaks in expression at the beginning
of the dark period, with above average expression continuing through the middle of the dark
period. Given the similar timing of necessary expression, the native TF identified as candidates
for nif cluster and glycogen catabolism regulation, namely, LexA and Rcp1, serve equally well as
candidates for control of these genes. Two TF clusters, 3 and 13, regulate the six clusters
containing these genes in Cyanothece. TF cluster 13 is composed of a FUR family transcription
factor, and TF cluster 3 contains cce_1982, which is the homolog of rcp1 in Synechocystis,
strengthening its candidacy for regulation of cyanophycin synthesis (Figure 6.4B).
This work focuses on the transcriptional regulation of the nif genes and the genes
associated with several other key processes. Future work that considers allosteric regulation will
be able to provide a more comprehensive set of possible modifications that allow for the
incorporation of processes such as nitrogen fixation. The inclusion of additional forms of
regulation would capture processes such as the allosteric regulation of NtcA activity through
binding with 2-oxoglutarate[44].

Conclusions
In this paper we elucidated regulatory influence networks for two cyanobacteria,
Synechocystis PCC 6803 and Cyanothece ATCC 51142, generated using transcriptomic data
taken during 12h/12h light-dark cycles. These networks were inspected to identify what
regulation would need to be introduced or modified to incorporate nitrogen fixation into the non-
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diazotrophic Synechocystis. One native transcription factor, LexA, arose as a candidate for
regulating nif cluster expression, while PatB was identified as a promising candidate to be a
regulator of nif cluster genes in Cyanothece that could be transferred to Synechocystis. Using
these predictions together, we postulate that transferring patB to Synechocystis and controlling its
expression with LexA would lead to the desired nif cluster expression within Synechocystis. Other
processes with required expression changes dictated by the temporal separation of photosynthesis
and nitrogen fixation, specifically glycogen catabolism and cyanophycin anabolism, were
analyzed. The native Rcp1 transcription factor arose as an additional candidate for the regulation
of these processes within a newly diazotrophic Synechocystis. Given the expression profiles and
response to environmental conditions, LexA and Rcp1 are transcription factors native to
Synechocystis that should be considered for use as regulatory control of the nif cluster and the
associated metabolic processes, respectively.

Cycling and Homogenous Gene Identification
Regulatory influence networks for both organisms were generated using time series
transcriptomic data over a standard 12h light-dark cycle [8, 45]. The Cyanothece ATCC 51142
(Cyanothece) data from Stockel et al.[8] was processed using the IRON software tool[46]. The
log2 ratio of expression levels at each time point to the pooled samples was then calculated for
each gene and time point. The criteria from Kucho et al.[47] were used to identify cycling genes
in the Synechocystis PCC 6803 (Synechocystis) data set[45] and applied to the Cyanothece data
set as well. The Synechocystis data used was not normalized in the range of -1 to +1 in order to be
consistent with the Cyanothece data from Stockel et al.[8]. The nif genes qualified as cycling
using two of the three criteria from Kucho et al. (i.e., appropriate period length and statistically
significant differences between peak and trough expression each day) but the values of the error
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function described in Kucho et al. were above the specified cutoff. Given the importance of
including these genes within the network for identifying regulation on the nif cluster, only the
period length and statistically significant differences in peak and trough expression were used to
identify cycling genes. This resulted in a set of 1,552 genes identified as cycling in Cyanothece as
compared to the 1,423 cycling genes in Synechocystis.
To identify homolog pairs a bidirectional BLAST search between the two organisms was
performed using an e value cutoff of 10-2. A result was determined to be a hit if the alignment
length was at least 75% of the length of both the query and target genes, and if the raw score was
at least 25% of the self-hit score of the query gene. A homolog pair was identified if both genes
had only each other as a hit. A gene was defined as having elevated expression if the log2 ratio at
a time point was at least 90% of the maximum log2 ratio for that gene. To compare when peak
expression times for homolog pairs, elevated expression was then categorized as occurring in the
beginning, middle, or final third of the light or dark period.

Cluster Generation
In order to simplify the system before inferring regulatory influences, hierarchical
clustering using Euclidean distances was implemented for both organisms. First the optimal
agglomeration method available in R was identified for each organism using the cophenetic
correlation[48]. For both organisms the unweighted pair group method with arithmetic mean
(UPGMA)[49] method generated the dendrogram whose cophenetic distances most closely
correlated with the previously calculated Euclidean distances. The SD validity index[50] was then
used to identify the optimal height cutoff for both dendrograms, generating 45 gene clusters for
Synechocystis and 221 gene clusters for Cyanothece.
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The transcription factor (TF) clusters were generated in a similar manner. Genes with a
regulatory function were first identified using literature sources. Of the 146 regulatory genes
identified by Singh et al in Synechocystis[51], 76 are present in the set of cycling genes of Saha et
al.[45]. The cycling Cyanothece gene set contained 72 genes that were either annotated as having
a regulatory function by Stockel et al.[8] or were identified as regulators by McDermott et
al.[22]. Dendrograms for these gene sets were then generated using the same UPGMA
agglomeration method. The SD validity index was used to identify the optimal height cutoff for
Cyanothece, and these 72 genes were clustered into 16 different TF clusters. The identified
optimal height cutoff for the Synechocystis transcription factors generated only six TF clusters.
The subsequently generated network did not adequately capture the expression of the gene
clusters, as the percentage of experimental expression change explained by the network (see
Network Formulation) ranged from 8.1-56.4% at maximum regulatory influences. A lower
sampled height cutoff yielded 17 TF clusters, and was chosen to give a comparable number of TF
clusters for the two networks. All clustering and cluster analysis was performed using the R
language along with the cluster and clusterCrit packages [52-54].

Network Elucidation using Optimization Formulation
The network of regulatory influences for each organism was generated by iteratively
determining for each gene cluster the maximum amount of experimental expression change that
can be accounted for a given number of regulatory influences. J, K, and T denote the total number
of gene clusters, TF clusters, and time points, respectively. The experimental expression level of
gene cluster j at time point t is represented as Xjt, and the experimental expression level of TF
cluster k at time point t is denoted as TFkt. Ckj is the interaction coefficient that describes the
influence of TF cluster k on gene cluster j.
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Gene expression was assumed to be a linear additive contribution of the set of influencing
TFs. This can be postulated for each gene cluster j and time point t as shown in equation 1.
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Backward finite difference was used to approximate the rate of expression term (i.e., lefthand side) of equation 1 in equation 3 in the mixed integer linear program formulation shown
below. Solving this formulation identifies the interaction coefficients (Ckj) that minimize the
amount of change in gene cluster expression not explained by the regulatory influences. The
formulation was solved iteratively for every gene cluster and a range of maximum regulatory
influences.
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The slack variables 𝑆!"! and 𝑆!"! represent the positive and negative deviations from
experimental measurements. Equations 4 and 5 use the binary variables, ykj, to restrict the number
of regulatory influences per gene cluster. If a transcription factor in TF cluster k is in gene cluster
j then a regulatory interaction will be imposed for that TF cluster gene cluster pair by fixing ykj to
one for that pair.
In order to determine the number of regulatory influences per cluster, the percentage of
experimental expression change accounted for by the network was calculated for the range from
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one to eleven regulatory influences for both organisms. For a given number of regulatory
influences this percentage of explained expression variance is defined as the difference between
the error (i.e. the sum of the slack variables) with zero regulatory influences and the given
number of regulatory influences, divided by the error with zero influences. The number of
regulatory influences was chosen for each cluster as the minimum number of influences that
brought the percentage of explained expression change above 50%.
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Table 6.1: Statistics for both regulatory networks

Genes
Gene clusters
TFs
TF clusters
Average degree
Average % explained
expression change

Synechocystis
1,423
45
76
17
5
54.25%

Cyanothece
1,552
221
72
16
2.23
60.70%
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Figure 6.1: Parts of the regulatory networks for A) Synechocystis and B) Cyanothece. Edges
are colored based on whether the predicted interaction is activating (green) or inhibiting (red). A
subset of the gene clusters containing nif genes is shown above. Dashed lines indicate edges with
associated literature support discussed in the Results section.
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Figure 6.2: Distribution of homolog pairs in which one peaks in the light period and one
peaks in the dark between the different subsystems. Subsystem annotations from Saha et al.
were used. *“DNA replication and other processes” refers to the subsystem “DNA replication,
restriction, modification, recombination, and repair”.
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Figure 6.3: Comparison of candidate native transcription factor expression profiles in
Synechocystis (lexA: black line, rre34: cyan line) with those of the nif cluster in Cyanothece
(dashed lines). The dark periods of the light-dark cycle (hours 0-12 and 24-36) are represented
with gray shading.
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Figure 6.4: All proposed regulatory changes. Genes native to Synechocystis are in green; those
from Cyanothece are in orange. Proposed regulatory changes are represented as dashed lines. A)
Proposed strategy for control of the nif cluster in Synechocystis using lexA and patB. B) Strategies
for control of glycogen catabolism (horizontal stripes) and cyanophycin synthesis (vertical
stripes) genes in Synechocystis using rcp1.
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Figure 6.5: Metabolic processes requiring modified regulation in a diazotrophic
Synechocystis. A) Expression	
  profiles	
  of	
  rcp1	
  (solid	
  black	
  line)	
  and	
  glycogen	
  phosphorylase	
  
(solid	
   brown	
   line)	
   in	
   Synechocystis,	
   and	
   glycogen	
   phosphorylase	
   (dashed	
   brown	
   line)	
   in	
  
Cyanothece. B)	
   Expression	
   profiles	
   of	
   rcp1	
   (solid	
   black	
   line)	
   and	
   cycling	
   cyanophycin	
  
synthesis	
   genes	
   (solid	
   lines,	
   colors	
   corresponding	
   to	
   C)	
   in	
   Synechocystis,	
   and	
   the	
   expression	
  
profiles	
   of	
   the	
   cycling	
   cyanophycin	
   synthesis	
   genes	
   in	
   Cyanothece	
   (dashed	
   lines).	
   Sll0573	
  
and	
   slr2002	
   are	
   not	
   shown,	
   as	
   they	
   were	
   not	
   identified	
   as	
   cycling.	
   The dark periods of the
light-dark cycle (hours 0-12 and 24-36) are represented with gray shading. C) Reactions and
genes identified by the iSyn731 and iCyt773 genome-scale models as being involved in
cyanophycin synthesis. Reactions with associated genes whose elevated expression times differ
between the two organisms are color-coded
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Chapter 7

Synopsis

Summary
This work focused on the improvement of both the speed of generation and the accuracy
of metabolic and regulatory models, along with using these models in both strain characterization
and the development of strain design strategies. In Chapter 2 the manual development of two
GSM models of cyanobacteria, Synechocystis 6803 and Cyanothece 51142, was detailed. This
study compared these models to each other and to previously generated cyanobacteria models to
demonstrate both the increased accuracy and to contrast their metabolic capabilities. The
Synechocystis GSM model, iSyn731, was tested against both fluxomic and gene essentiality data.
Both iSyn731 as well as two previous Synechocystis models’ in silico predictions of gene
essentiality were compared with in vivo results for 119 gene knockouts. iSyn731 correctly
predicted the essentiality for 113 of 119 mutants, surpassing both pre-existing models. The
manual creation of these GSM models provided a platform for the more rapid construction of
subsequent models.
Chapter 3 details a rapid semi-automated GSM model generation workflow that mitigates
both some of the time lost to manual model construction as well as fidelity loss through solely
automated generation. This workflow proceeds through two main avenues, the retrieval of
reviewed gene annotations from multiple sources, and the transfer of select reactions from a
reference GSM model using gene homology. The Cyanothece 51142 model iCyt773, whose
generation was discussed in Chapter 2, was used as the reference for the construction of GSM
models for five other Cyanothece strains. Comparisons between these models reflect the
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differences between the organisms, as the number of shared reactions between pairs of models
matches the phylogenetic relationships between the organisms. Metabolic capabilities reported in
literature exist within the models as well. These models are also used to predict possible
metabolic capabilities, including several partial and complete biofuel production pathways. This
chapter provides a workflow to accelerate model generation and provides examples of how these
models can be implemented to expedite the characterization of a strain that is not a target for
comprehensive research.
This model generation workflow is applied to additional cyanobacterial strains in Chapter
4, with the development of a GSM model for the closely related Synechococcus 7942 and
Synechococcus 2973 strains. Synechococcus 2973’s fast growth phenotype is of particular
interest, as its doubling time is comparable with S. cerevisiae. This GSM model, paired with
experimental measurements of the two strains, was used to identify carbon uptake rate and carbon
allocation as primary causes for the differing growth rate. Specific pathways were identified as
having the greatest difference between the two strains, and several SNPs were highlighted as
most likely to impact the metabolism of Synechococcus 2973. Additional homology comparisons
were performed between the Synechococcus strains and other cyanobacteria and industrial
microorganisms to identify areas for targeted research to promote the development of
Synechococcus 2973 as a production strain.
Chapter 5 details the CoreReg algorithm and focuses on the implementation of
constraints based on gene expression data to refine metabolic flux predictions. CoreReg seeks to
identify a core set of reactions, the effects of whose regulation propagates throughout the entire
metabolic network. This helps to identify specific metabolic genes where remedial action can be
taken in an attempt to alleviate undesirable regulatory effects. This algorithm was applied to
Clostridium acetobutylicum, specifically to understand the butyrate and butanol stresses
associated with ABE fermentation. The constraints from transcriptomic data taken under these
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stresses resulted in an approximately 70% reduction in maximum biomass. The CoreReg method
identified four core sets of reactions for each stressor, concentrated to amino acid metabolism for
butanol stress and arginine and proline metabolism for butyrate stress. An understanding of
regulatory interactions within the organism allows for the implementation of changes to
regulatory control of reactions highlighted by CoreReg.
The work discussed in Chapter 6 focuses on predicting regulatory interactions in two
cyanobacteria, Synechocystis 6803 and Cyanothece 51142. Cyanothece is a diazotrophic
organism with regulatory control over several processes that allows for the temporal separation of
photosynthesis and nitrogen fixation throughout the diurnal cycle. To implement nitrogen-fixing
capabilities in the non-diazotrophic Synechocystis the regulatory control of these processes needs
to be modified to more closely resemble those of Cyanothece. This began with the creation of
regulatory networks for both strains using gene expression data taken over a diurnal cycle. These
networks were then used to identify transcription factors native to Synechocystis that could be
coopted to control processes crucial to nitrogen fixation. LexA was proposed to control a newly
introduced nif cluster, while Rcp1 was suggested to control glycogen catabolism and cyanophycin
synthesis, processes that generate the necessary anaerobic environment and store the newly fixed
nitrogen respectively. These networks provide further opportunities for designing regulatory
control to refine a newly diazotrophic Synechocystis.

Future Directions
This dissertation discusses advances made in both computational model development as
well as implementation for strain characterization and design. As the rate of new organisms being
sequenced increases and cost for the collection of omics data decreases [1, 2] the speed of
development and complexity of models must increase. Continuing steps will need to be taken to

178
automate and refine the construction of regulatory models, similar to steps taken to accelerate
metabolic model creation. A number of different developments can contribute to this process,
each with their own challenges. These include the automated retrieval of experimentally proven
regulatory interactions along with improved methods for transferring existing information to
other organisms [3, 4]. Similarly de novo regulatory predictions incorporating larger sets of
factors, such as transcription factor binding sites, help refine all predictions [5, 6]. Different
methods for regulatory network development have varying levels of success across differing data
sets [7]. The “wisdom of crowds” approach, which yielded a consensus network generated from
the other prediction algorithms, showed high performance across multiple data sets [7].
Continued work in integration of various prediction methods will further refine future networks.
While the aforementioned advancements will improve the understanding of the transcription
factor network, the inclusion of other regulatory components such as microRNAs and
thioredoxins will further increase the scope of possible intervention designs [8, 9].

A combination of the CoreReg method with a cyanobacterial GSM model and a
regulatory network would allow for both the generation of a 24-hour metabolic model and the
identification of target reactions for modified regulatory control to achieve a defined objective. A
24-hour model would contain a set of models for distinct time points throughout the diurnal cycle
with flux constraints dependent on transcriptomic data for that time point. These differing
constraints coupled with the objective to maximize biomass production over the course of a 24
hour period would allow for the model to produce biomass components in different ratios
throughout the day, more closely mimicking what occurs in the actual organism [10-12]. The
incorporation of additional constraints, such as the requirement that pigments be produced before
photosynthesis occurs, would allow for further prediction refinement. With existing gene
expression based constraints, application of the CoreReg workflow would identify those reactions
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whose current regulation is constraining the overall growth of the organism [13]. The methods
described in Chapter 6 can be applied to the regulatory network to identify native transcription
factors that can be coopted to control the genes in question [14]. This would be a clear avenue for
the identification of other regulatory changes to facilitate nitrogen fixation within Synechocystis.
While this example is given in the context of cyanobacteria and a 24-hour cycle, such a
combination of models could easily be applied to a variety of other conditions (e.g. stress
conditions) where regulatory bottlenecks need to be identified and alleviated. The continued
incorporation of other cellular processes into computational models will further expand the
potential strain design strategies that can be identified.
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Appendix

Biological Methane Oxidation as a Potential Source of Liquid Fuels
This chapter is published as:
Mueller, T. J., Grisewood, M. J., Nazem-Bokaee, H., Gopalakrishnan, S., Ferry, J. G., Wood, T.
K., and Maranas, C. D. (2015) Methane oxidation by anaerobic archaea for conversion to liquid
fuels, J Ind Microbiol Biot 42, 391-401.

Abstract
Given the recent increases in natural gas reserves and associated drawbacks of current
gas-to-liquids technologies, the development of a bioconversion process to directly convert
methane to liquid fuels would generate considerable industrial interest. Several clades of
anaerobic methanotrophic archaea (ANME) are capable of performing anaerobic oxidation of
methane (AOM). AOM carried out by ANME offers carbon efficiency advantages over aerobic
oxidation by conserving the entire carbon flux without losing one out of three carbon atoms to
carbon dioxide. This review highlights the recent advances in understanding the key enzymes
involved in AOM (i.e., methyl-coenzyme M reductase), the ecological niches of a number of
ANME, the putative metabolic pathways for AOM, and the syntrophic consortia that they
typically form.

Background
Methane is not only an important modulator of global climate as a potent greenhouse gas
[71,33] but also by far the largest constituent of natural gas deposits. Global proven natural gas
resources have been estimated at 6,800 trillion cubic feet (tcf), which when converted to barrels
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of oil equivalent is approximately 69% of the global proved crude oil reserves [94]. China,
Argentina, Algeria, the United States, and Canada have the largest technically recoverable shale
gas reserves [86]. The increased development of shale gas resources is expected to be an
important contributor to the predicted 56% increase in natural gas reserves in the United States
from 2012 to 2040 [5]. Over the last ten reported years (ending in 2012) the United States has
seen increases in proved reserves of dry natural gas (i.e. after the removal of nonhydrocarbon
gases and liquefiable hydrocarbons) [60].
The low energy density and lack of infrastructure for the use of compressed natural gas
[33] is spearheading the use of gas-to-liquid (GTL) technologies. The Fischer-Tropsch process is
the current industrial standard used to generate liquid fuels from synthesis gas (i.e., syngas, a
mixture of hydrogen, carbon monoxide, and carbon dioxide). Syngas is produced through steam
reforming of natural gas and then fed to the Fischer-Tropsch process, where it is converted to
hydrocarbons that can be further refined to produce high-value fuels, including diesel or gasoline
[33]. Approximately 25-45% of the carbon is recovered as hydrocarbon products [21]. GTLFischer-Tropsch (GTL-FT) technologies require large-scale plants with multi-billion dollar
capital expenditures (CapEx). These plants must produce upwards of 10,000 barrels of oil
equivalent per day (BPD) before their CapEx/BPD becomes economically attractive. Direct
bioconversion processes have the potential to avoid the need for very high CapEx through
bypassing syngas formation, avoiding large temperature and pressure changes, and directly
converting methane to liquid fuels [33]. For example, corn-ethanol plants with similar
CapEx/BPD to GTL-FT plants typically have capacities between 500 and 5,000 BPD [33].
Nevertheless, significant challenges exist in terms of elucidation of the relevant organisms and
pathways, enzyme optimization, and scale-up.
Methane oxidation is performed both aerobically and anaerobically within the ocean
biome. Aerobic methanotrophs utilize methane monoxygenases (MMOs) that are classified as
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either soluble (sMMO) or membrane-bound particulate (pMMO) [58]. Aerobic methane
oxidation converts methane to formaldehyde through methanol, which connects with the rest of
metabolism through either the ribulose monophosphate pathway as seen in type 1 methanotrophs,
or through the serine pathway as seen in type 2 methanotrophs [33]. An existing bioconversion
process for the anaerobic oxidation of methane (AOM) has already been uncovered in the oceans.
Oceans contribute approximately only 2% of the global methane budget [71] despite the multiple
sources and rates of contribution. This surprisingly low net total is due in large part to the offset
provided by the AOM performed within the marine sediments, estimated at 70 to 300 teragrams
(Tg) of methane per year [95]. Therefore, significant changes to the global climate are plausible if
oceanic methane oxidation processes become saturated [38]. Methane enters the oceans via a
number of different sources including coastal runoff and rivers [79,17], diffusion from organicrich anoxic sediments, seeps, vents, and mud volcanoes [71]. These seeps supply methane to a
number of regions including the Black Sea, which is the world’s largest surface water reservoir of
dissolved methane [78] contributing between 0.03 and 0.15 Tg of methane per year [20]. The
oceans are also a large reservoir of methane, most of which is contained within methane clathrate
hydrates. Methane clathrates are solid nonstoichiometric compounds [35] formed from methane
and water under low temperatures and high pressures, typically found along continental margins
at depths of 600-3000 m [71]. Clathrates are dynamic structures undergoing breakdown at the top
end and formation at the bottom end of the zone of stability [19]. Previous estimates have placed
the total methane contained in clathrates to as high as 10,000 gigatonnes (Gt) of carbon. More
recent estimates approximate this total as 3000 Gt of carbon [11], which is 5,900 and 7,300 times
greater than estimates of yearly carbon from methane sources according to process-based and
atmospheric inversion models, respectively [39].
Microorganisms in anoxic environments have been estimated to oxidize more than 80%
of the methane produced in the world’s oceans [66]. Anaerobic methanotrophs predominantly
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exist within the sulfate-methane transition zone (SMTZ), a region in the sediments where the
methane rising from below and the sulfate sinking from above form a region suitable for
anaerobic methanotrophy. Sulfate is necessary to support the sulfate reducing bacteria (SRBs)
that commonly form consortia with anaerobic methanotrophic archaea (ANME). The SMTZ can
vary in both size and location depending on a number of factors, including the depth of organic
matter and methane production rates [40,71,83]. Several different clades of ANME have been
discovered that are capable of anaerobically oxidizing methane. AOM does not require two
external electrons to activate methane, unlike aerobic methanotrophs that utilize MMOs by
consuming NADH or NADPH [33]. As is discussed in more detail in the pathway section below,
while anaerobic methane oxidation is thermodynamically infeasible unless coupled with an
electron sink, its higher carbon efficiency makes it appealing if paired with the correct electron
acceptor. ANME perform AOM in a number of different environments with a number of different
electron acceptors [6,65]. While many of these organisms form consortia with a variety of SRBs,
there is still debate as to the exact mechanism by which the syntrophy is facilitated [61,52]. The
pathway by which these organisms oxidize methane is commonly agreed upon to be the reversal
of the methanogenesis pathway found in archaeal methanogens [31].

Environmental Conditions and Species Associated with ANME
ANME have been categorized using 16s rRNA sequences into three clades, ANME-1,
ANME-2, and ANME-3. ANME-1 and ANME-2 have been found in a wide variety of locations,
while ANME-3 has been found most commonly near mud volcanoes [42,48]. ANME-1 is
distantly related to the orders Methanosarcinales and Methanomicrobiales [52] while both
ANME-2 and ANME-3 belong to the Methanosarcinales order [65]. Two of these clades are
further divided into subgroups, giving rise to ANME-1a and ANME-1b, along with ANME-2a-d
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[54]. Despite their shared capability to perform AOM, it is expected that the members of the three
clades belong to different families and orders, as even the subgroups of ANME-2 have low
intergroup similarity [42].

ANME populations are typically heterogeneous with a mixture of the clades present. In
these populations one clade is frequently dominant, typically ANME-2 or ANME-3 [40] with a
few exceptions. For example, ANME-1b was the only ANME subgroup found in the samples
taken from shallow sediments near a mud volcano in the Gulf of Mexico. The authors suggest
that geochemical factors such as high salinity and the consistent lack of oxygen, as the sediments
are permanently anoxic, contribute to the dominance of ANME-1b [47]. Knittel et al. suggested
that ANME-1 may be more sensitive to oxygen than ANME-2 [42]. This difference could also
account for the dominance of ANME-1 in the Black Sea mats where the ANME-1 cells account
for between 40% to 50% of the total number of cells as they are exposed exclusively to anoxic
bottom waters [42]. The community composition at a site such as Hydrate Ridge at the Cascadia
Margin in the Pacific Ocean is composed predominantly of ANME-2 [42], which may be due in
part to the fact that the surface sediments are occasionally flushed with oxygen [93].
The clades have also adapted to a wide variety of temperatures and pH values. Typically
the optimal conditions for AOM are 5-10°C above the in situ temperature and a pH value
between 7.7 and 7.9 [8]. However some ANME populations have adapted to extreme
environments, from the Hakon Mosby mud volcano where the bottom water is -1.5°C [45] to
populations in the hydrothermal sediments of the Guaymas Basin at temperatures up to 95°C
[76]. Hydrate Ridge, the Gulf of Mexico, and the Black Sea are three of the more commonly
sampled areas and have in situ temperatures of 4°C, 6°C, and 8°C respectively [47,62]. Similarly
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a large range of pH values are tolerated by certain populations ranging from a pH as low as 4 in
Yonaguni Knoll to 9-11 in the Lost City hydrothermal field [10,36].
The ANME clades can also be distinguished based on the type of consortia they form and
the organisms with which they cooperate. ANME organisms most commonly form consortia with
SRBs. Organisms of the ANME-1 and ANME-2 clades have been shown to form consortia with
SRBs of the Desulfosarcina/Desulfococcus (DSS) branch of Deltaproteobacteria [42,53]. Some
ANME-2 along with ANME-3 methanotrophs associate with Desulfobulbus-related (DBB) SRB
[69,48]. SEEP-SRB1 is a subset of the DSS clade and the SEEP-SRB1a subcluster has been
reported to be the most commonly associated partner for between 75% to 95% of the consortia
with ANME-2a and ANME-2c [77,41]. ANME-2c has also been reported to be in consortia with
a subgroup of Desulfobulbacae [69]. Some of these consortia have a preference for nitrate, and
the nitrogen sources in sediments could define the niches that allow for the coexistence with
ANME/DSS consortia [29].
The three clades vary in both their individual shape and the type of aggregate that they
typically form. ANME-1 cells are commonly rectangular whereas ANME-2 and ANME-3 cells
are coccoid [67,48]. Of the three clades ANME-1 is most frequently found as single cells [67];
however, when it forms a consortium ANME-1 assumes a mat-type association as observed in
samples from the Black Sea [91]. ANME-2a/DSS aggregates have been reported as mixed-type
and shell-type while ANME-3 have been found to form shell-type aggregates [40]. Figure A.1
shows a representation of the microbial reef structures that have been found in the Black Sea to
illustrate both the aggregate shapes as well as the presence of the SMTZ. The Black Sea is one of
the most common sampling sites for ANME populations and was the source of the samples used
to find the structure of ANME-1 Mcr [80].
Despite the potential of ANME to revolutionize methane bio-activation, a number of
significant challenges have so far prevented the development of industrially viable bioconversion
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processes. The most pressing obstacle is that no pure culture of an ANME organism has been
achieved due in large part to their exceptionally slow native growth rates and the presence of a
syntrophic partner for many ANME [8]. This slow growth rate also limits the ability to quickly
cultivate the ANME populations necessary for large-scale processes. Further investigations into
genetic elements underpinning growth are necessary with some research already underway [8]. In
addition, despite the bioconversion of enormous amounts of methane into biomass by oceanic
AOM, the pathways involved, regulatory structures, and possible interacting partners are still
poorly characterized.

Pathway for Anaerobic Oxidation of Methane
The metabolic pathway(s) by which ANMEs, alone or in syntrophy, catalyze the
oxidation of methane in anoxic environments are still not fully understood. Using
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C labeled

methane it was shown that pure cultures of methanogenic organisms exhibit trace methane
oxidation [57]. This combined with the lack of methane oxidation in organisms that do not
contain methyl-coenzyme M reductase (Mcr) provides support for the reversal of methanogenesis
as the main pathway used for AOM [57]. While it must be paired with the reduction of another
compound, reverse methanogenesis has higher carbon efficiency than aerobic methane oxidation.
Genomics analysis [31] and later the generation of a draft genome for ANME-1 [52]
confirmed that ANME-1 contains all genes of the methanogenesis pathway except for methylenetetrahydromethanopterin reductase (Mer) (Figure A.2). The authors suggested that the methyl
group is converted into a methylated compound that is redirected into the reverse methanogenesis
pathway (Figure A.2, dashed pathway). ANME-2 has been shown to contain and express all of
the genes for methanogenesis [97]. The presence of these genes along with the demonstrated
ability of the pathway to operate in the reverse direction [57] lend credence to the hypothesis that
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reverse methanogenesis is the main pathway for AOM in ANME-2. Several of these enzymes
have been the focus of further investigation. A homolog to Mcr was purified and characterized
from anoxic sediments and shown to bind coenzyme M and coenzyme B [80] and initiate the first
step of reverse methanogenesis in the presence of sulfate [51,44]. Homologs from ANME-1 for
three other methanogenesis enzymes, formyl-MFR:H4MPT formyltransferase (Ftr), methenylH4MPT cyclohydrolase (Mch), and F420-dependent methylene-H4MPT dehydrogenase (Mtd) were
synthesized and expressed in Escherichia coli [43]. In the presence of the corresponding
coenzymes, the purified enzymes showed activity for their native substrates [43]. The presence of
these methanogenesis pathway genes in ANME organisms along with the ability of Mcr to
catalyze the first step in the reverse methanogenic pathway [51,44] provides support for the
activity of reverse methanogenesis in ANME. Reverse methanogenesis is not the only putative
pathway for AOM. The addition of methane to fumarate was also suggested as a possible
methane activation mechanism [12,7,90]. In this proposed mechanism a glycyl radical enzyme
extracts a hydrogen atom from methane, forming a methyl radical that then reacts with fumarate
to form a methylsuccinyl radical, which then reacts with the enzyme to reform the glycyl radical
and 2-methylsuccinate [12,7,90]. This mechanism was initially proposed in analogy to the
anaerobic alkane activation mechanism under sulfate or nitrate reducing conditions on nonmethane alkanes [12].
Unlike the aerobic oxidation of methane, the reverse methanogenesis pathway is not by
itself thermodynamically feasible; however, it has the potential for 100% carbon efficiency as
compared to the 66.7% achieved by aerobic methane oxidation (see Table A.1). Reverse
methanogenesis of the aceticlastic pathway produces acetyl-CoA whereas aerobic methanotrophs
typically fix methane using the ribose monophosphate cycle to produce glyceraldehyde-3phosphate. While the production of acetyl-CoA from glyceraldehyde-3-phosphate produces more
energy than reverse methanogenesis, it does so at the expense of one carbon lost as CO2.
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Therefore, reverse methanogenesis can retain all carbon from methane promising better product
yields. Aerobic methanotrophs transfer all of their electrons to oxygen, either directly via the
methane monooxygenase reaction, or indirectly through the electron transport system. For
example with the production of acetate the pathway produces 10 electrons worth of reducing
equivalents as compared to the 8 reducing equivalents produced in reverse methanogenesis from
the carbon dioxide reduction pathway. If reverse methanogenesis is paired with an electron
acceptor (such as nitrate) that makes the production of alcohols thermodynamically feasible, then
the increased carbon efficiency of the pathway makes it an attractive alternative to aerobic
methanotrophs.

Potential Electron Acceptors and Syntrophic Interactions
A number of different compounds can be reduced in conjunction with AOM. Table A.2
shows the overall ΔG values of AOM paired with the reduction of these acceptors, and Figure A.3
illustrates several proposed syntrophic interactions between ANME and bacterial partners. The
most prominent of these is sulfate, which is reduced by SRBs that form consortia with ANMEs.
A number of different syntrophic interactions have been proposed for ANME and SRBs (Figure
A.3A-D) [98,96,56]. SRBs play an important role in the sulfur cycle as they reduce sulfate to
hydrogen sulfide [59]. ANME organisms have been shown to grow independently [66]
suggesting that physically associated SRBs are not obligatory for AOM. A possible mechanism
for ANME cells to circumvent an associated SRB organism involves the formation of a zerovalent intracellular or deposited sulfur as an intermediate [55]. ANME-2 oxidizes methane with a
concomitant reduction of sulfate to disulfide through an unknown enzymatic mechanism while
deltaproteobacteria disproportionates disulfide to sulfide and sulfate. This reformed sulfate is then
reused by the archaea (Figure A.3D) [55].
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Several different mechanisms have been proposed to facilitate the syntrophic interactions
between ANME and their bacteria partners. Intermediates from reverse methanogenesis,
including hydrogen, formate, methanol, methanethiol, and acetate, have all been proposed as
possible electron carriers [4,52,56]. Arguments against these compounds acting as intermediates
are summarized in the work by Nauhaus et al. in which the authors supplied hydrogen, formate,
acetate, or methanol to consortia with and without methane and found either slower rates of
sulfate reduction or no change in sulfate reduction, respectively [61]. Moran et al. suggested
methyl-sulfides as possible syntrophic intermediates as they would require a specialized SRB,
which may account for the limited number of SRBs that associate with ANME (Figure A.3C)
[56]. In the analysis of the ANME-1 draft genome and mRNA expression analyses a set of
clustered genes were annotated as secreted multiheme c-type cytochromes. These were proposed
as a possible system for the direct electron transport to the SRBs [52]. Similarly nanowires have
been proposed as a possible mechanism for the transport of electrons [72,84]. While nanowires
are capable of facilitating AOM at reported rates [64,3], they do not account for the number of
both ANME-1 and ANME-2 cells that are found outside of consortia [66].
ANME consortia have also been found to use a number of other electron acceptors in
addition to sulfate such as NO3-, Fe3+, and Mn4+ all with more negative ΔG values than sulfatedependent AOM (Table A.2) [95]. In fact even SRBs have even been shown to use electron
acceptors other than sulfate [85,16]. Raghoebarsing et al. proposed the coupling of denitrification
with AOM. The system required 0.37 and 0.62 moles of methane per mole of nitrite and nitrate
reduced, respectively, effectively requiring 1 mole of methane per mole of nitrogen gas produced.
Experimental studies revealed that the denitrification rate was almost double that of methane
oxidation indicating that other organic compounds were also oxidized [70]. It was shown that
archaea were not essential for AOM with nitrite as an electron acceptor, and one bacterium,
Methylomirabilis oxyfera, has a complete aerobic methanotrophic pathway. This pathway could
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use the oxygen produced from the reaction of nitric oxide to dinitrogen and oxygen as a metabolic
intermediate [23,24]. Recent work by Haroon et al. [32] has shown that ANME-2d can be the
dominant population in a bioreactor fed with nitrate, nitrite, and methane. M. oxyfera and known
SRBs were not detected in the reactor. The ANME-2d genome was recently sequenced and a
complete methanogenesis pathway along with the nitrate reductase complex that had been
laterally acquired from a bacterial donor were found and highly expressed in the bioreactor
compared to housekeeping genes [32]. Given the comparable expression levels of nitrate
reductases between ANME-2d and the flanking populations it appears that ANME-2d also
performs the majority of nitrate reduction within the bioreactor. The nitrite generated from this
pairing of AOM with nitrate reduction is then consumed by anaerobic ammonium oxidizing
bacteria that outcompetes M. oxyfera for the available nitrite (Figure A.3E) [32]. The addition of
methane to fumarate discussed by Thauer and Shima was initially proposed given the higher (i.e.,
1000 fold) catalytic efficiency (kcat/Km) for AOM with nitrate [70] compared to AOM with
sulfate using reverse methanogenesis [90]. Continual methane consumption even though archaea
cell density is reduced over time [70,24] suggests that another consortium member such as M.
oxyfera could be performing methane addition to fumarate. The discovery of the complete
methanogenesis pathway and nitrate reductase complex in the ANME-2D genome and their high
levels of expression [32] supports the hypothesis that ANME are capable of pairing reverse
methanogenesis with the reduction of nitrate.
Beal et al. showed that both manganese and iron (in the forms of birnessite and
ferrihydrate, respectively) could be used as electron acceptors. The authors suggest that
manganese-dependent AOM could be carried out by ANME-1, ANME-3 with a bacterial partner,
or solely by bacteria (Figure A.3F). They also note that if the global flux of manganese and iron
were used to oxidize methane it would account for roughly 25% of current AOM [6]. While
manganese and iron have the favorable ΔG values for pairing with AOM, their applicability for
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large-scale applications is limited by the fact that manganese and iron oxides are largely insoluble
solids, and therefore less accessible than sulfate. Beal et al. showed that AOM paired with either
of these compounds occurred at slower rates than those paired with sulfate [6]. The confirmation
of archaeal AOM paired with nitrate reduction is much more recent than its sulfate counterpart
[32]. As seen in Table A.1 the overall ΔG is negative for growth for ANME-SRB and ANMEAnammox, however, Table A.2 shows that the production of alcohols appears to be
thermodynamically feasible only for the ANME-Anammox association. This implies that an
alternative electron acceptor such as nitrate may need to be considered for an alcohol-based
biofuel processes.

Methyl-Coenzyme M Reductase
(Note: Section written by M. Grisewood)
The central enzyme to all ANME consortia is a homolog to the methanogenic Mcr.
ANME Mcr (the Mcr homolog found in ANME) catalyzes the redox reaction that couples the
oxidation of methane to methyl-coenzyme M (CH3-S-CoM) with the reduction of the coenzyme
M-coenzyme B heterodisulfide (CoM-S-S-CoB) to coenzyme B (CoB). ANME Mcr is critical for
the bioconversion of methane as it is asked to selectively activate methane by overcoming the
438.9 kJ mol-1 of free energy required to break the first carbon-hydrogen bond without
proceeding with breaking the remaining carbon-hydrogen bonds even though the free energy
barrier is lower. The essentiality of this enzyme is demonstrated by the fact that Mcr can be used
to assess phylogeny for both methanogens and ANME [49,30]. The mcrA a-b monophyletic
groups are related to the ANME-1 clade, while the mcrA c-d groups are associated with the
ANME-2 clade [30]. The presence of mcrA in both methanogens and methanotrophs along with
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the fact that AOM is inhibited by bromoethane-sulfonate, a known inhibitor of Mcr, lends support
to the reverse methanogenesis hypothesis [31,26,62].
Mcr structural information for three methanogens has been available for several years
[22,28], but the structure of ANME-1 Mcr in complex with its prosthetic group and coenzymes
(PDB: 3SQG) was only recently elucidated from samples taken from the Black Sea [80]. The Mcr
active site is shielded from solvent contact after a presumed conformational change upon
substrate binding [27,75,81]. Methanogenic Mcrs and the ANME-1 Mcr are largely identical. Key
differences include a different pattern of post-translationally modified residues and a cysteinerich patch in ANME-1 Mcr which may be involved in a redox-relay system [80]. All
methanogenic and ANME Mcrs contain an essential nickel tetrahydrocorphin prosthetic group,
which is either coenzyme F430 or a variant of coenzyme F430 [2,37,51].
The mechanism by which methanotrophy occurs in ANME Mcr has yet to be determined.
The reverse methanogenesis hypothesis suggests that ANME Mcr and methanogenic Mcr make
use of the same mechanism but are driven in opposite directions. Thus, originally there have been
two proposed reaction mechanisms for ANME Mcr. Mechanism I involves formation of a
methyl-Ni(III) intermediate [22,27] while Mechanism II includes a methyl radical intermediate
[68,14]. An in-depth discussion providing supporting evidence for each of the two proposed
mechanisms can be found in Thauer et al. [89]. The ANME Mcr reaction mechanism remains
unresolved as recent evidence supports the function of both Mechanism I [13,18] and Mechanism
II [75,15]. This led to Mechanism III, a hybrid reaction mechanism that explains the simultaneous
presence of key intermediates for both Mechanism I and Mechanism II [46]. Mechanisms I-III are
depicted in Figure A.4. The ΔG° for ANME Mcr is 30 ± 10 kJ/mol, which is revised from the
previous value of 45 kJ/mol [81]. A mechanism that couples the endergonic step at one active site
with an exergonic step at the second active site was proposed to overcome the unfavorable
thermodynamics [25].
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The catalytic activity of ANME Mcr has not yet been determined because the purified
enzyme was isolated in an inactive form [80]. Despite this, a methanogenic Mcr capable of AOM
showed a specific activity of approximately 11.4 nmol/min/mg Mcr at 60°C and 1 bar methane
[74]. However, ANME-1 Mcr was maintained in artificial seawater medium at 8°C [80]. The
different growth conditions for ANME Mcr and methanogenic Mcr could explain the
discrepancies in their structures. The specific activity of methane monooxygenases is 5090
nmol/min/mg enzyme for sMMO [9] and 160 nmol/min/mg enzyme for pMMO [50]. The
observed specific activity for AOM by methanogenic Mcr is thus one to two orders of magnitude
lower than that of methane monooxygenases. Since ANME Mcr was isolated in an inactive form,
its true activity is unknown. Given that the only measured activity was for an enzyme evolved to
carry out the reverse activity (i.e., methanogenesis), ANME Mcr may ultimately reach a
substantially higher activity than the one measured for methanogenic Mcr. ANME Mcr catalysis
is slow due to scission of the strong C-H bond of methane. Protein engineering efforts could pave
the way for improving the catalytic activity of this enzyme into the range of 300 nmol/mg/min to
enable an industrially viable bioprocess.

Summary
The ANME clades, which are able to survive across a wide variety of environmental
conditions, provide a number of interesting possibilities in the development of bioconversion
alternatives to current GTL processes. These organisms are thought to reverse the
methanogenesis pathway in order to anaerobically oxidize methane. When compared with aerobic
methane oxidation this pathway is more effective at conserving carbon for the production of
compounds derived from acetyl-CoA. Methane diffusion into the liquid phase is the limiting
factor in the size of the bioreactor. Anaerobic fermentation offers bioprocess advantages over
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aerobic fermentation by obviating the need for diffusing oxygen and monitoring flammability
limits. Steps towards an industrially viable bioconversion process implementing ANME will
require advancements in a number of areas. Isolation and purification of ANME organisms,
research into the ANME-Anammox consortia or identification of other electron acceptors would
pave the way for the design of engineered systems that enable the thermodynamically feasible
anaerobic conversion of methane into liquid fuels and biorenewables. Furthermore, investigation
into the regulation of reverse methanogenesis and improvements of the activity of the ANME
Mcr enzyme to at least 300 nmol/mg/min (which would satisfy a rate of methane activation of 1
gCH4/L/hr, assuming that Mcr comprises at least 20% of cellular protein, which is 55% of cell dry
weight [63], and that the average cell density is 32 g DW/L) could usher viable bioprocess
designs.
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Table A.1: Comparison of ∆G and carbon efficiency for anaerobic and aerobic methane
oxidation. ΔG calculations were performed for three different electron acceptors (sulfate, nitrate,
and oxygen) and three different products. Values were calculated assuming all compounds were
in the aqueous phase at pH 7, 25 °C, and an I value of 0.25 M using the formula supplied by
Alberty [1]. Carbon efficiency was calculated as the ratio of the number of carbons in the product
to the carbons fed to the pathway. Energy efficiency is calculated from the lower heating value
(LHV) of the product divided by the LHV of methane supplied to the pathway.

Product

Methanol
Ethanol
Butanol

ΔG°’ per methane oxidized,
kJ/mole(CH4)
Sulfate à
Sulfide
58.97
24.87
13.43

Nitrate à
N2 gas
-124.68
-158.78
-170.22

O2 à
H 2O
-385.73
-408.46
-416.09

Overall Efficiency
Reverse
Aerobic methane
Methanogenesis
oxidation (MMO)
Carbon
Efficiency
100%
100%
100%

Energy
Efficiency
79.6%
76.9%
76.5%

Carbon
Efficiency
66.7%
66.7%
66.7%

Energy
Efficiency
53.0%
51.3%
51.0%
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Table A.2: ∆G°′ values for overall reactions using different electron acceptors. Overall
reactions from Knittel et al. [41], Haroon et al. [32], and Beal et al. [6]. ΔG°′ values were
calculated at pH 7, 25 °C, I value of 0.25 M using the formula supplied by Alberty [1]. The ΔG°′
value for the iron reduction reaction was calculated assuming that ferric hydroxide dissociates
into its respective ions.
Reaction
2CH4 + SO4 à HCO3- + HS- + H2O
CH4 + 4NO3- à CO2 + 4NO2- + 2H2O
CH4 + 4MnO2 + 7H+ à HCO3- + 4Mn2+ +5H2O
CH4 + 8Fe(OH)3 + 15H+ à HCO3- + 8Fe2+ + 21H2O

ΔG°’ (kj mol-1 CH4)
-31.4
-519.9
-511.6
-1691.7
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Figure A.1: Representation of the microbial reefs found in the Black Sea. Microbial reef
structures form over methane seeps in the SMTZ. The inner structure is a porous carbonate
precipitate (grey) [90]. The carbonate is covered by a layer of ANME-1 (pink) in a mat-type
consortium. The outer layer (black) is composed of ANME-2 in shell-type consortia. This layer is
described as nodular and is thicker at the top of the reef. In the insets, the ANME cells (red) and
SRB cells (green) have colors matching those visualized by FISH [41]. The sizes of microbial
reefs vary but estimates were provided by Treude et al. [91]. Descriptions of color and photos of
the structures can be found in several works [41, 42, 73]
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Figure A.2: Reverse methanogenesis pathway. The Mer enzyme (grey) is found in ANME-2 but
not ANME-1. The proposed alternative pathway for ANME-1 by Meyerdierks et al. [53] is shown
in dotted arrows. Gene names are italicized and ∆G values (in bold below gene names) are from
Thauer [86] with updated values for Mcr and Fmd [87]
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Figure A.3: Proposed syntrophy interactions for various electron acceptors. A) AOM by
ANME-SRB syntrophy based on Zehnder and Brock [96] and Hoehler et al. [34]. B) AOM by
ANME-SRB syntrophy based on Valentine and Reeburgh [94]. C) AOM by ANME-SRB
syntrophy based on Moran et al. [57]. D) AOM by ANME with disulfide disproportionation by
SRB based on Milucka et al. [56]. E) AOM by ANME-Anammox syntrophy based on Haroon et
al. [32]. F) AOM by ANME-BR syntrophy or BR alone based on Beal et al. [6]. Anammox is an
anaerobic ammonium oxidizer. BR is a bacterial reducer.
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Figure A.4: Proposed reaction mechanisms for ANME Mcr. Mechanism I (blue) involves
formation of a methyl-Ni(III) intermediate [22, 27], and Mechanism II (red) includes generation
of coenzyme B and methyl radical intermediates [14, 68]. Mechanism III (purple) was developed
after key intermediates were found from both Mechanism I and II [47]. The nickel atom in the
figure is part of coenzyme F430, and Mcr is only active if nickel is in the +1 oxidation state, as
depicted in each mechanism.
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