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Abstract

Rice straw is a major crop residue which is burnt in many countries, creating significant air pollution.
Thus, alternative routes for disposal of rice straw are needed. Biotechnological treatment of rice straw
hydrolysate has potential to convert this agriculture waste into valuable biofuel(s) and platform chemicals.
Geobacillus thermoglucosidasius is a thermophile with properties specially suited for use as a biocatalyst
in lignocellulosic bioprocesses, such as high optimal temperature and tolerance to high levels of ethanol.
However, the capabilities of Geobacillus thermoglucosidasius to utilize sugars in rice straw hydrolysate for
making bioethanol and other platform chemicals have not been fully explored. In this work, we have created
a genome scale metabolic model (denoted iGT736) of the organism containing 736 gene products, 1159
reactions and 1163 metabolites. The model was validated both by purely theoretical approaches and by
comparing the behaviour of the model to previously published experimental results. The model was then
used to determine the yields of a variety of platform chemicals from glucose and xylose — two primary
sugars in rice straw hydrolysate. A comparison with results from a model of Escherichia coli shows that
G. thermoglucosidasius is capable of producing a wider range of products, and that for the products also
produced by E. coli , the yields are comparable. We also discuss strategies to utilise arabinose, a minor
component of rice straw hydrolysate, and propose additional reactions to lead to the synthesis of xylitol, not
currently produced by G. thermoglucosidasius. Our results provide additional motivation for the current
exploration of the industrial potential of G. thermoglucosidasius and we make our model publicly available
to aid the development of metabolic engineering strategies for this organism.
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1. Background

1.1. Geobacillus thermoglucosidasius

Geobacillus thermoglucosidasius C56-YS93 (hereafter, G. thermoglucosidasius) is a thermophilic, gram
positive, facultative anaerobic bacterium, capable of producing ethanol (which it can tolerate at concentra-
tions up to 10% v/v) and grows at an optimal temperature of 65◦C (Brumm et al., 2015). The ability to
grow at high temperature obviates the cooling costs otherwise associated with mesophilic fermentation, sig-
nificantly reduces the risk of microbial contamination (Cripps et al., 2009), and potentially aids the ethanol
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recovery process (Ennis et al., 1986, Gong et al., 1998, Taylor et al., 1998), resulting in higher productivity
and reduction of downstream processing costs (Cripps et al., 2009, Niu et al., 2015). Its ability to ferment
at high temperatures also makes it a viable candidate for simultaneous saccharification and fermentation
(SSF) as well as possibly for consolidated bioprocessing (Lin and Tanaka, 2006, Tang et al., 2009).

In addition, it is able to ferment C5, as well as C6 sugars, to produce ethanol (Fong et al., 2006, Cripps
et al., 2009, Tang et al., 2009), and other Geobacillus species are reported as capable of producing ethanol
from lignocellulosic feedstocks (Hartley and Shama, 1987). More recently Bartosiak-Jentys et al. (2013)
reported that G. thermoglucosidasius is capable of utilising xylans, by excretion of xylanases, potentially
reducing the need for hydrolytic pretreatment of the feedstock.

1.2. Lignocellulose and rice straw

The global production of rice straw is estimated at 7 × 108 tons per year (Wi et al., 2013). Its utility
as animal feed is limited owing to its high (≈ 13% w/w) silica content, compared to barley straw (2%) or
wheat straw (1–5%), resulting in a digestibility of 45% (Soest, 2006). Although it can be ploughed back
into the soil and serve as fertiliser for the next growth season, this is associated with spread of plant disease
(Gadde et al., 2009) and the plant material is therefore more often incinerated as waste (Binod et al., 2010).
However, open field burning of rice straw results in emission of hazardous compounds (e.g. various dioxins)
with adverse effects on human health and the environment (Gadde et al., 2009), and has the additional
drawback potentially useful biomass is lost. Hence there is an obvious interest in both reducing the negative
impact of rice straw incineration and making full use of the plant biomass.

Lignocellulosic biomass, including rice straw, is primarily composed of a mixture of lignin, cellulose and
hemicellulose requiring pretreatment and hydrolysis to release embedded polymerized sugar molecules, and
a variety of methods are used to this end. Dilute acid hydrolysis solubilizes hemicellulose with greater
efficiency than cellulose, resulting in a liquor with greater concentration of C5 sugars compared to C6
sugars. On the other hand, alkaline hydrolysis solubilizes the lignin as well as the hemicellulosic fractions.
The biomass remaining can be further hydrolysed using enzyme cocktails to increase the sugar yield from
biomass. The enzymatic hydrolysis produces a mixture of C5 and C6 sugars. Depending on the treatment
used, rice straw yields approximately 42–85% glucose, 6–24% xylose and 0–4% arabinose (A. M. Lali,
personal communication).

1.3. Target products

There is increasing interest in replacing the current fossil-based petrochemical production routes for high
value chemicals with biotechnological processes using biomass as feedstock (Choi et al., 2015). Many chemi-
cals of commercial interest are synthesised from a small number of platform compounds, including succinate,
citrate, ethanol, lactate, xylitol, and sorbitol (which are also useful in their own right). For example, 1,4-
butanediol, tetrahydrofuran, gamma-butyrolactone are produced from succinate; itaconic acid (which can be
further refined to methyl methacrylate) from citrate; polyethylene, polypropylene, and polyethylene tereph-
thalic acid (PET1 ) from ethanol; polylactic and acrylic acids from lactate; xylaric acid, ethylene glycol and
propylene glycol from xylitol (in addition to its use as an additive in food, cosmetics and pharmaceuticals),
and isosorbide from sorbitol (Choi et al., 2015). As these platform compounds are (with the exception of
sorbitol) ubiquitous in metabolism there is obvious commercial potential in engineering organisms to pro-
duce them from low value feedstocks such as rice straw. The goal of this study is, therefore, to investigate
the potential of the G. thermoglucosidasius metabolic network to grow and generate these products from
the sugars found in rice straw hydrolysate.

1.4. Metabolic Modelling

Except for the most trivial of examples, it is not possible to reason about the properties of a system of
interconnected reactions via intuitive inspection of a network diagram: a formalised and objective framework

1Abbreviations GPR: Gene-protein-reaction relationship, GSM: Genome-scale model, PET: Polyethelene terephthalic
acid, PGDB:Pathway/genome database.
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is required, and such a framework is provided by the field of metabolic modelling. The mathematical basis
of this is to treat the system as a set of ordinary differential equations in terms of concentration, and, once
the system is so defined, to bring to bear a variety of well established techniques.

Metabolic models can be broadly divided into two categories, structural and kinetic. In the former
category, the system is defined in terms of reaction stoichiometry and direction, while in the latter explicit
rate equations are specified for each reaction. For practical purposes, studies of large scale (>≈ 50 − 100
reactions tend to be restricted to the structural category.

It is now routine to generate structural models derived from publicly available gene annotations, ac-
counting for all reactions catalysed by the enzymes encoded in an organism’s genome (hence described as
Genome-Scale Models (GSMs)). Such models require substantial theoretical validation (Poolman et al.,
2006, Gevorgyan et al., 2008) before they can be deemed informative or applied to real-world problems. It
should be emphasised that GSMs only involve metabolites and reactions, not the association between genes,
proteins, enzymes and reactions (GPR relationships), although this can be included in the model description
as metadata.

In this contribution we have kept separate the model and the database from which it was derived. By
defining the model in terms of unique reaction and metabolite identifiers from the database, the GPR
associations of the model can be extracted from the database, without being constrained to use any specific
version of it. A benefit of this approach is that GPR associations stored in the database can be kept up to
date by the wider scientific community as new data is made available.

Once theoretically validated to ensure that the network does not violate fundamental physical laws, the
model can then be analysed in a number of ways to gain insight into the network’s properties in the context
of both basic and applied science. As far as this paper is concerned, we seek to identify: utilisable carbon
substrates for growth; the range of economically important products; their yield from these substrates, and
additional reactions that, if added to the network, would broaden the range of utilisable carbon substrates.

1.5. Analysis of Structural Models

The analysis of structural metabolic models is predicated on the steady-state assumption, i.e., that
over the time period under investigation concentrations of internal metabolites remain stable. This can be
expressed mathematically as:

Nv = 0 (1)

where

N is the stoichiometry matrix, whose rows represent metabolites, columns represent reactions, and
whose elements represent the stoichiometric coefficients of reactions with respect to reactants.

v is the (unknown, or incompletely known)vector of reaction rates.

0 is the vector of rates of change of metabolite concentration with zero defining steady state.

Equation 1 represents an underdetermined set of simultaneous equations, and the structural analysis
of metabolic networks therefore revolves around the identification of properties that must be true for any
solution, and the identification of individual potential solutions (Heinrich and Schuster, 1996).

The former of these activities depend, in the main, upon the analysis of the kernel (or null-space) of
N. These analyses are, amongst other things, invaluable for the initial validation of a model, but are less
relevant to the primary goal of this paper and hence not elaborated here (but see Heinrich and Schuster
(1996), Schuster and Fell (2007) for basic theory and Poolman et al. (2007), Pfeiffer et al. (1999), Gagneur
and Klamt (2004) for examples of applications).

The identification of potential individual solutions depends upon the application of the technique of
linear programming (LP). This was first proposed by Fell and Small (1986) and Watson (1986) and later
popularised under the name Flux Balance Analysis (FBA) (Varma and Palsson, 1993a,b, Orth et al., 2010).
Linear programming (Chvátal, 1983) is an algorithm that seeks to optimise (maximise or minimise) one or
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more variables in a solution of a system of linear equations (the objective), subject to a number of constraints,
where both the variables to be optimised and the constraints are defined by the context of the problem.

A generic linear program for FBA may be specified as:

min|max vtargs Objective

subject to

{
Nv = 0
min(vi) ≤ vi ≤ max(vi)

Constraints
(2)

The objective specifies a set of target reactions whose fluxes are to be minimised or maximised while
complying with the steady-state assumption (Nv = 0) and that all fluxes must be kept within maximum
and minimum limits. The steady-state constraint means that any solution must be a vector in the null-space
of N. Specifying lower and upper limits on fluxes serves two purposes: firstly to ensure that irreversible
reactions only carry positive flux and secondly to maintain given fluxes (typically inputs or outputs) to
observed or desired values.

Examples of objectives include maximisation of biomass synthesis (Varma and Palsson, 1993b), and
minimising the sum of reaction fluxes (Holzhütter, 2004, Poolman et al., 2009) as a proxy for optimal
protein investment in enzyme machinery. Although in reality the ‘true’ biological objective is not known,
and must depend to a certain extent on cell type, these two classes of objective function prove to be extremely
useful tools with which to explore the capabilities of large metabolic networks (Feist et al., 2007, Liu et al.,
2010, Lee et al., 2014).

In addition to standard FBA, numerous methods have been suggested where FBA is applied to metabolic
engineering. Examples of these include: OptKnock - identification of optimal reaction knock outs in order to
maximise the yield of a given set of metabolites, using bilevel optimisation (Burgard et al., 2003); OptGene
- similar purpose to OptKnock, but based on evolutionary programming (Patil et al., 2005); OptORF
- identifies optimal gene knock outs or overexpressions, including regulatory genes, for a given yield to
optimise (Kim and Reed, 2010); OptStrain - given a universal metabolic database and a species-specific
metabolic model, the procedure identifies the minimal, required number of gene additions to the original
strain and computes the optimal set of knock outs using OptKnock (Pharkya et al., 2004); OptReg -
extension of OptKnock to allow optimal up- or down regulation of reactions, given a reference flux solution
(Pharkya and Maranas, 2004); OptForce - given a reference solution and an optimal solution w.r.t some
yield, variability analysis is used to identify which reactions need to change in the reference solution to
obtain the optimal solution, after which bilevel optimisation is then used to suggest the required genetic
modifications (Ranganathan et al., 2010).

1.5.1. Models of thermophilic organisms

Despite the large number of published genome-scale models (more than 100 (Monk et al., 2014)), ther-
mophilic organisms are notably neglected, with only 5 reported to date (Tang et al., 2009, Zhang et al.,
2009, Ulas et al., 2012, Lee et al., 2014, Cordova et al., 2015). The model published in Tang et al. (2009)
was of the closely related G. thermoglucosidasius M10EXG strain. This model is however not based on the
genome sequence of the strain, but is a modified version of a GSM of Geobacter sulfurreducens (Mahadevan
et al., 2006, Tang et al., 2009), nor is the model publicly available (but see the discussion section of this
paper). The model published in Cordova et al. (2015) of Geobacillus LC300 is a central carbon metabolism
core model based on the annotated genome sequence. Liberal et al. (2015) describe software for comparing
and curating metabolic models and used it to analyse a draft model of G. thermoglucosidasius NCIMB
11955 obtained from the SEED database (Henry et al., 2010), however, the resulting model is not publicly
available.

It is therefore not possible to attempt to replicate, or expand, those analyses without constructing a new
model. Consequently we describe the construction, curation and analysis of a new GSM of G. thermoglucosi-
dasius directly derived from its BioCyc Pathway/Genome DataBase (PGDB) (http://biocyc.org Karp
et al. (2011)), make it publicly available, and evaluate its potential as a biocatalyst for conversion of sugars
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present in rice straw hydrolysate into higher value products that are of industrial interest. We believe that
this work is of interest, not only to the metabolic modelling community, but also to researchers involved in
all areas of microbial biotechnology.

2. Methods

2.1. Model construction

The model was constructed and analysed using the approach described for a number other organisms
Salmonella Typhimurium (Hartman et al., 2014), Oryza sativa L. japonica (Poolman et al., 2013) and
Arabidopsis thaliana (Poolman et al., 2009), using the ‘ScrumPy’ metabolic modelling software package
(Poolman, 2006). The model is derived from the BioCyc (Karp et al., 2011) Pathway/Genome DataBase
(PGDB) for G. thermoglucosidasius (C56-YS93) and is comprised of a number of modules, viz:

1. A set of reactions directly imported from the BioCyc database, subject to revision as required;

2. Transport reactions describing the export of biomass precursors;

3. Transport reactions describing the import and export of compounds from/to the medium;

4. The electron transport chain, and

5. Additional reactions required for the generation of biomass precursors, not reported in BioCyc.

2.1.1. Reactions from BioCyc

The flatfiles for the G. thermoglucosidasius PGDB, (GeoCyc, v 18.5), were downloaded from the BioCyc
ftp site and the ‘PyoCyc’ component of the ScrumPy metabolic modelling package (Poolman, 2006) was
used to extract the reactions in the database.

Reactions involved with non-metabolic species, or species to which empirical formulae cannot be assigned
(e.g. ‘DNA-Combined-With-Exogenous-DNA’ or ‘Protein-Disulfides’) were omitted. All remaining reactions
were ensured to be atomically balanced in terms of the elements C, N, P and S. With the exception of
reactions of the electron transport chain (see section 2.1.4), this requirement was not imposed for H and O
in reactions involved with protons, hydroxide ions or water, as the stoichiometric coefficients of reactions
with respect to these species varies according to pH, and water is anyway assumed to be present to excess.

Reactions were recorded in the ScrumPy model description format in terms of their BioCyc unique
identifiers (UIDs) thereby facilitating cross-referencing of subsequent results to the parent database (for
example to establish GPR relationships).

2.1.2. Biomass transport

Transporters were defined for precursors of polymeric biomass compounds: amino acids, fatty acids,
nucleotides, cell wall components, and cofactors. Macromolecular composition (relative protein, DNA,
RNA, lipid and cell wall) was assumed to be similar to that of the closely related organism Bacillus subtilis
as reported by Oh et al. (2007). A variety of literature sources were used in order to define the monomeric
composition of the macromolecular components: amino acid distribution (Oh et al., 2007, Tang et al., 2009);
nucleotide distribution (Oh et al., 2007, Coorevits et al., 2012); fatty acids and lipid (Rosa et al., 2000, Nazina
et al., 2001), and cell wall composition (Grant and Wicken, 1970, Oh et al., 2007). See supplementary data
for details.

2.1.3. Import/export of media components

Transporters were defined to account for the import of glucose, xylose and arabinose (the major sugar
components of rice-straw hydrolysate), along with transporters for the uptake of NH3, SO4, O2 and Pi.

Transporters were also defined for the export of CO2 fermentation products (formate, acetate, ethanol,
pyruvate, lactate and succinate) and the additional industrial target products sorbitol, xylitol and citrate
(Belal, 2013).
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2.1.4. Electron transport chain

The electron transport chain (ETC) involves the translocation of protons over the cell membrane which
are subsequently re-imported via ATP synthase and, in order to maintain conservation of energy, it is
essential that these protons are properly conserved. This is achieved by defining the stoichiometries of ETC
reactions in terms of intra and extra-cellular proton species which are distinct from those in the rest of the
model, i.e.:

Complex I NADH + Q + 4 H+
int −→ NAD + QH + 3 H+

ext

Complex IV 1
2 O2 + QH + 2 H+

int −→ 2 H+
ext + Q + H2O

ATP Synthase ADP + Pi + 3 H+
ext −→ ATP + 3 H+

int + H2O

Yielding a net stoichiometry of:
4 NADH + 9 H+

int + 2 O2 + 5 ADP + 5 Pi −→ 4 NAD + 9 H2O + 5 ATP

This corresponds to a P/O ratio of 1.25 compared to a value of 1.33 for Escherichia coli (Maloney, 1987).

2.1.5. Extra reactions

In addition to the modules listed above we also included a module defining extra reactions that are either
essential for the production of particular biomass components though absent from the G. thermoglucosidasius
PGDB, or else lumped biosynthetic reactions involving metabolites with defined composition, but whose
empirical formulae were missing in the original PGDB. Identification of extra reactions needed for biomass
synthesis was based on comparisons between biosynthetic routes (as defined in BioCyc) for the synthesis of
these components.

Candidate genes encoding these extra reactions were subsequently identified using the PRIAM bioinfor-
matics tool (February 2014 release) (Clotilde Claudel-Renard et al., 2003), which assigns putative enzyme
functions to amino-acid sequences. In this analysis the translated genome sequence of G. thermoglucosidasius
was used for identification of possible enzyme functions.

2.1.6. Energetic requirements

Consumption of metabolic energy for cellular maintenance and growth related polymerisation was mod-
elled by fixing the flux of a generic ATP hydrolysis reactions (ATPase: ATP + H2O−→ADP + Pi). Total
ATP demand for maintenance was estimated using:

rATP = YATP · µ+mATP (3)

where YATP is the yield coefficient of ATP costs associated with biomass synthesis, µ is a growth rate,
and mATP is the ATP cost associated with non-growth maintenance. The parameters used for determining
rATP were YATP = 41 · 10−3 (mol ATP (g DW)−1) (Niu et al., 2015), µ was assumed to be µmax = 0.3 h−1

(Tang et al., 2009), and mATP = 6.1 · 10−3 mol (g DW)−1h−1 (Niu et al., 2015).

2.2. Model Analysis

2.2.1. LP/FBA

The model was used to define the linear program:

min. :
∑
|vi|

s.t.

 Nv = 0
vi ≥ 0, ∀i ∈ {irrevs}
vt = tt, ∀t ∈ {targs}

(4)
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where the objective is to minimise the sum of all steady-state fluxes subject whilst maintaining non-negative
flux in irreversible reactions (vi ≥ 0,∀i ∈ {irrevs}) and a specified fixed flux in a set of ‘target’ reactions
(vt = tt,∀t ∈ {targs}).

An additional weighting factor was included in this formulation for the lumped fatty-acid synthesis
reactions in order to account for the fact that one flux unit in these reactions would require unit flux in
approximately 30 reactions in vivo.

To investigate biomass production, target fluxes were assigned to the transporters of biomass precursors
with values calculated from the assumed biomass composition, described above, and growth rate. To inves-
tigate the ability of the model to generate useful products, a single target was set to represent unit flux for
the product’s transporter and the objective changed to minimise total substrate uptake with other outputs
left unconstrained.

2.2.2. Theoretical validation

In addition to ensuring that all reactions individually conserved mass, the model was determined to be
globally consistent in terms of energy and stoichiometry. Energetic consistency was validated by setting a
target flux value of 1 to the generic ATPase reaction and zero to all transporters and attempting to solve
equation 4. The existence of any feasible solution would indicate that the model describes a metabolism in
which ATP could be regenerated without any net mass flow, violating the conservation of energy; no such
solution can be obtained with the final curated model. Likewise, redox consistency was also verified with
respect to the oxidation of NADH and NADPH in the absence of net mass flow.

Stoichiometric consistency was validated by identifying unconserved metabolites, as defined by Gevorgyan
et al. (2008). Unconserved metabolites were limited to those consisting entirely of hydrogen and oxygen
atoms (protons, molecular hydrogen, molecular oxygen, hydrogen peroxide, water and superoxide), as would
be expected since protons and water were not balanced in the model.

2.3. Biomass production from rice straw hydrolysate and other potential nutrients

To verify biomass production, flux values for the biomass component transporters were set according to
the molar ratio of observed biomass composition as target values in equation 4. Solutions for single carbon
sources were obtained by setting target values of zero to the other carbon substrate importers, and solutions
for anaerobic conditions were obtained by setting a target value of zero for the O2 transporter.

2.4. Determination of biomass yields

To calculate biomass yields, the specific growth rates (µ) for G. thermoglucosidasius reported by Tang
et al. (2009) were used to fix the fluxes in the biomass transporters and the substrate uptake (vs) required to
support these fluxes determined while minimising total flux in the system. Yield (g biomass per g substrate
consumed) is then calculated as:

Yx/s =
1000 · µ
M · vs

(5)

where Yx/s is the yield, M is the molecular mass of the substrate (g.mol−1, and vs is the substrate flux
mmol.(g DW)−1.h−1.

2.5. Generation and yields of industrially useful products from rice straw hydrolysate

For each of the products considered (ethanol, lactate, citrate, xylitol, succinate, and sorbitol), the cor-
responding transport reaction flux was set to unit production with the objective modified to minimise total
carbon uptake. The ratios of carbon atom flux in the product to the substrate gives the % yield. For com-
parison with the capabilities of E. coli these calculations were repeated after importing the GSM iAF1260
(Feist et al., 2007) into ScrumPy.

7



3. Results

3.1. General properties and biomass production from rice straw hydrolysate and other Carbon Sources

The final G. thermoglucosidasius GSM (hereafter referred to as iGT736) has a total of 1159 reactions
(of which 75 are transporters), and 1163 internal and 78 external metabolites. Table 1 compares iGT736
with other available genome-scale models of thermophiles. iGT736 is significantly larger than these models,
representing a greater coverage of the metabolic network.

[Table 1 about here.]

With these external metabolites, a total of 636 reactions can carry steady-state flux. The complete list
of genes, reactions, enzymes, and GPR assignments, along with the model in SBML and ScrumPy formats,
can be found in the supplementary data.

Solutions to equation 4 demonstrate that the model can account for the simultaneous production of the
54 biomass precursors and 6 fermentation by-products under aerobic or anaerobic conditions with either
glucose or xylose assumed to be the sole carbon source. Under anaerobic conditions, if both glucose and
xylose are assumed to be simultaneously available, the optimal solution is obtained at an uptake ratio of
about 10:1.

We also tested whether the model could account for growth or no growth on another 18 carbon sources for
which experimental data is available (Nazina et al., 2001, 2005, Coorevits et al., 2012). There was agreement
in all but two cases. The model did not show growth on lactose, but the experimental accounts were not in
agreement with one another for this substrate. The experiments show growth on turanose, a glucose–fructose
disaccharide, but the model does not as there is no suitable glucosidase explicitly annotated in the genome.
Agreement between model and experiment was observed for growth on acetyl–glucosamine, glucose, glycerol,
amylose, mannitol, methylglucose, ribose, salicin, sucrose and xylose, and for lack of growth on arabinose,
galactose, amylopectin, myo–inositol, melezitose, melibiose, and raffinose.

The model results agreed with the experimental report (Nazina et al., 2001) that the minor rice straw
sugar arabinose cannot be utilised. However, the addition of just two reactions to the model, arabinose
isomerase (E.C. 5.3.1.4) and ribulokinase (E.C. 2.7.1.16) along with a transporter, would allow arabinose
to be used as the sole carbon source for growth under aerobic and anaerobic conditions. Furthermore, with
these two reactions included, then under anaerobic conditions and with all three sugars available as carbon
sources, glucose and arabinose are consumed in an approximate 10:1 ratio.

[Table 2 about here.]

[Table 3 about here.]

Calculated and experimental biomass yields for growth on glucose and xylose are in good agreement and
are presented in Table 3. The model results suggest that the biomass yield under anaerobic conditions for
G. thermoglucosidasius is in fact slightly greater for xylose (0.14 g/g) compared to glucose (0.11 g/g).

3.2. Generation of industrially useful products from rice straw hydrolysate

With the addition of arabinose isomerase and ribulokinase, for reasons described above, the model was
able to account for the synthesis of all the target compounds, except xylitol, under aerobic or anaerobic
conditions and using any of the three sugars as the sole carbon source. The addition of a single reaction to
the network, xylulose reductase (E.C. 1.1.1.9), enables the model to account for the synthesis of xylitol.

Optimal yields for each product were determined by modifying equation 4 to minimise total carbon
uptake, using each of the three sugars in turn as the sole carbon source, under aerobic and anaerobic
conditions. The results obtained are presented in table 4. Solutions obtained when all three sugars were
assumed to be simultaneously available were equivalent to those for single carbon sources (not shown).

For all products, the optimal yield was unaffected by the carbon source (consistent with the observation
that there was no improvement in yield for mixed substrates), with the minor exception of sorbitol under
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aerobic conditions, for which the yield was 1% greater when glucose was the carbon source rather than the
pentoses.

Under aerobic conditions, O2 was not utilised for the optimal production of ethanol, lactate or xylitol,
the solutions being identical to those in the anaerobic situation. More surprising are the results obtained
for optimal anaerobic yields of succinate and citrate in which methionine or cysteine (and ethanol) are
produced as by-products with a concomitant consumption of NH3 and SO4, reflecting the requirement for
an alternative electron acceptor when generating more oxidised products. However, if NH3 uptake is blocked
the same yield is achieved with ethanol as the only by-product, indicating the existence of multiple optima
for these products. Furthermore, if the objective function is changed to minimise total flux in the system,
although different solutions are obtained (result not shown) the yields remain substantially unaffected.

[Table 4 about here.]

[Table 5 about here.]

4. Discussion and conclusions

4.1. Comparison with experiment

A previous study has investigated flux distributions in G. thermoglucosidasius using 13C MFA (Tang
et al., 2009). Although the underlying model used in that study is not directly comparable (nor publicly
available), a comparison of the reported input-output fluxes with those calculated here is not without interest
and is presented in table 6.

The most notable deviation between the two sets of fluxes is the lack of lactate production by the model
under anaerobic conditions. However, we note firstly that the network defined by the model remains viable
(ie produces biomass) if the experimentally observed values in Table 6 are imposed as constraints in 2,
and secondly, that the distributions of fermentation products calculated from this model are sensitive to
the exact biomass composition, which, as noted above, is approximate and may reasonably be expected to
vary according to the environment. On this basis we may conclude that the model described here defines a
reaction network that is a realistic representation of G. thermoglucosidasius.

[Table 6 about here.]

4.2. Geobacillus thermoglucosidasius as a platform for generating industrially useful compounds

As shown in Table 4, the model analysis suggests that G. thermoglucosidasius is capable of producing high
yields of a broad range of industrially important chemicals, under both aerobic and anaerobic conditions.
The yields of the compounds are similar between the three sugars - the only deviation from the common
pattern is the negligibly higher yield of sorbitol from glucose (89%), compared to the other two sources
(88%). This would indicate that G. thermoglucosidasius has the capacity to convert the vast majority of
the carbohydrate in rice straw hydrolysate into high yields of valuable products.

The initial model was unable to consume arabinose, consistent with previous experimental reports (Naz-
ina et al., 2001). However, the addition of two enzymes, arabinose-isomerase and ribulokinase (EC 5.3.1.4
and 2.7.1.16), to the network allow both growth and target product synthesis from this compound, sug-
gesting that a genetically engineered organism will be able to utilise all the sugar components of rice straw
hydrolysate. However, this model result was predicated on arabinose being able to enter the cells, and we
could not find any protein sequences with homology to arabinose transporters from E. coli and B. subtilis
in the genome, so expression of a heterologous transporter may be necessary as well. Similarly, the initial
model was unable to produce xylitol unless xylulose reductase was added to the model.

The analysis used here for G. thermoglucosidasius was also applied to an E. coli GSM (iAF1260) (Feist
et al., 2007). The E. coli model analysis suggested that only ethanol and succinate could be produced
from the three sugars. E. coli has been reported to be able to produce lactate, albeit at a very low rate
(Mazumdar et al., 2010). To the best of our knowledge, wild-type E. coli has not been reported to produce
any of the other products. As with G. thermoglucosidasius, the E. coli yields are almost identical for
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the three sugars, with a slightly higher yield of succinate on glucose (99%), compared with the other two
(97%). Comparing the modelling results for two organisms shows that E. coli seems to be able to produce
a higher yield of succinate (97-99%) under anaerobic conditions compared to G. thermoglucosidasius (80%).
The higher succinate yield of E. coli can be explained by the presence of a formate-hydrogen lyase in E.
coli , which is absent in G. thermoglucosidasius. If the formate-hydrogen lyase reaction is added to the G.
thermoglucosidasius model the succinate yield increases to 100% for all three sugars.

It is noteworthy that the analysis, when applied to G. thermoglucosidasius, suggests that amino acids
(methionine and cysteine) are co-produced with succinate and citrate under anaerobic conditions. Further
analysis shows that solutions resulting in co-production of methionine, cysteine or ethanol are completely
equivalent. A similar result was obtained for the E. coli model when constrained to produce succinate.
Unlike G. thermoglucosidasius, the E. coli analysis indicated production of hydrogen sulphide, but like G.
thermoglucosidasius the solution was not unique and a large number of alternative solutions were possible,
reflecting numerous ways in which the redox balance can be adjusted.

4.3. Concluding remarks

In conclusion, we have generated a publicly available genome-scale model of G. thermoglucosidasius that
demonstrates the potential of this organism to grow and generate useful products from the carbon sources
found in rice-straw hydrolysate. Further more we have been able to use it to propose interventions to utilise
substances that it can not currently consume. This suggests that it is a valid and useful platform for further
development and investigation by researchers in the biotechnology/metabolic engineering arenas. Moreover,
we have demonstrated that a range of industrially interesting compounds can be produced by native G.
thermoglucosidasius (ethanol, succinate, citrate, sorbitol, lactate) or after the addition of a single reaction in
the case of xylitol. This can be compared with results obtained with a GSM of E. coli , a popular mesophilic
biocatalyst, which indicated that it was only able to produce succinate and ethanol.

The model has been submitted to the biomodels database (https://www.ebi.ac.uk/biomodels-main
(Chelliah et al., 2015)) with the unique identifier MODEL170306000, and is also available from the author’s
(MP & DF) website http:mudshark.brookes.ac.uk/Models/Geobac
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Tables

Table 1: Comparison of iGT736 with other published thermophile GSMs

Organism Genes Reactions Metabolites Reference
G. thermoglucosidasius iGT736 736 1159 1163 This work
Thermus Thermophilus 548 796 635 Lee et al. (2014)
Clostridium thermocellum 432 577 525 Roberts et al. (2010)
Sulfolobus solfataricus 515 776 705 Ulas et al. (2012)
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Table 2: By-products and number of reactions used, calculated for growth on different carbon sources. The solution for aerobic
growth with mixed carbon sources was the same as that for aerobic growth with glucose as the sole carbon source.

Aerobic Anaerobic
Source Reactions By-products Reactions By-products
Glc 328 Ac, CO2 325 Suc, EtOH, Ac, Form
Xyl 338 Ac, CO2 320 Suc, EtOH, Ac, Form
Ara 321 Ac, CO2 324 EtOH, Ac, Form
Mixed

Glc 329 Ac, CO2

Glc, Ara 329 Suc, EtOh, Ac, Form
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Table 3: Comparison of calculated and experimental biomass yields of G. thermoglucosidasius on Glucose and Xylose. Exper-
imental values are calculated from Tang et al. (2009)

Aerobic Anaerobic
Source Calculated Observed Calculated Observed

Glc 0.40 0.37 0.11 0.08
Xyl 0.33 0.23 0.14 0.10
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Table 4: Optimal (%C/C) yields of industrially important compounds, determined by minimising total carbon input to produce
1 mole of product, under aerobic and anaerobic conditions, using arabinose, glucose or xylose as the sole carbon substrate.
Results presented here were obtained after reactions enabling growth on arabinose and production of xylitol had been added;
see main text for details.

Aerobic Anaerobic
Substrate Product Yield By-product Co-substrates Yield By-product
Arabinose Suc 100 None 80 EtOH

Citrate 100 None NH3, SO4 66 Met, EtOH
EtOH As anaerobic 66 CO2

Lact As anaerobic 100 None
Sorbitol 88 CO2 80 Ac, CO2

Xylitol As anaerobic 90 CO2

Glucose Suc 100 None NH3, SO4 80 Met
Citrate 100 None NH3, SO4 66 Cys, EtOH
EtOH As anaerobic 66 CO2

Lact As anaerobic 100 None
Sorbitol 89 CO2 80 Ac, CO2

Xylitol As anaerobic 90 CO2

Xylose Suc 100 None 80 EtOH
Citrate 100 None NH3, SO4 66 Met, EtOH
EtOH As anaerobic 66 CO2

Lact As anaerobic 100 None
Sorbitol 88 CO2 80 Ac, CO2

Xylitol As anaerobic 90 CO2
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Table 5: Analysis repeated with E. coli (iAF1260) GSM. Note that only succinate and ethanol were producible.

Aerobic Anaerobic
Substrate Product Yield By-product Co-substrates Yield By-product
Arabinose Suc 100 None SO4 97 EtOH, H2S, H2

EtOH As anaerobic 66 CO2

Glucose Suc 100 None 99 EtOH,H2S, H2

EtOH As anaerobic 66 CO2

Xylose Suc 100 None SO4 97 EtOH, H2S, H2

EtOH As anaerobic 66 CO2

18



Table 6: Calculated (this study) and experimental (Tang et al., 2009) rates of product formation for aerobic and anaerobic
growth with glucose or xylose as the sole carbon source and with no constraints on the transport of fermentation by-products
(NR: not reported).

Substrate Growth Uptake Product Output
h−1 mmol (g DW)−1h−1 mmol (g DW)−1h−1

Calculated Observed Calculated Observed

Aerobic
Glucose 0.35 5.2 5 Acetate 5.4 3.2

CO2 7.2 NR
Lactate 0 0.1
Ethanol 0 0.05

Xylose 0.27 6.1 5 Acetate 8.1 5.0
CO2 4.0 NR
Ethanol 0 0.05

Anaerobic
Glucose 0.1 4.2 5 Formate 3.2 5.2

Acetate 7.8 3.1
Lactate 0.0 4.5
Ethanol 1.2 1.9
Succinate 0.09 Trace

Xylose 0.15 6.4 7 Formate 4.8 6.5
Acetate 8.5 5.0
Lactate 0 6.2
Ethanol 1.9 2.7
Succinate 0.14 Trace
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