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ABSTRACT

DYNAMIC MODELING OF SYNTHETIC MICROBIAL CONSORTIA TO
OPTIMIZE THE CO-FERMENTATION OF GLUCOSE AND XYLOSE
SEPTEMBER 2013
TIMOTHY J. HANLY
B.S., JOHNS HOPKINS UNIVERSITY
Ph.D., UNIVERSITY OF MASSACHUSETTS AMHERST
Directed by: Professor Michael A. Henson
Second-generation biofuels have the potential to replace fossil fuels in the energy
economy without negatively impacting the environment or food supply. Secondgeneration bioethanol is produced by hydrolyzing plant biomass feedstocks, then
fermenting the resulting sugar mixture using yeast or bacteria. An effective biocatalyst
for this process must be able to ferment all sugars found in lignocellulosic hydrolysates.
Few microorganisms have both a wide substrate range and high yields necessary for this
process. Mixed culture biotechnology is a promising alternative to the use of single
organisms in the production of fuels from lignocellulosic biomass. These systems mimic
natural processes for the degradation of lignocellulose and exploit the native capabilities
of each microbe. The segregation of metabolic function eases the metabolic burden on
each microbe while isolating key pathways for individual improvement through cellular
engineering. Preliminary work with a consortium capable of saccharification and
vi

fermentation showed promise, but the dynamics were poorly understood. Metabolic
modeling is a powerful tool for understanding the interactions between microbes in
mixed cultures. The development of accurate models of mixed culture metabolism will
help drive the engineering of these systems for industrial applications.
In this dissertation, dynamic flux balance analysis is applied to mixed culture
systems by combining mathematical reconstructions of pure culture metabolism.
Simulations of Saccharomyces cerevisiae and Escherichia coli mutants engineered to
ferment a specific substrate display the potential for improved ethanol production over
pure cultures through the tuning of inoculum composition and aerobic-anaerobic
switching time. A framework for translating model predictions to experimental systems
was developed for a co-culture of S. cerevisiae and xylose-specific E. coli. The
consumption of sugar mixtures was optimized through this method, but the inability of
the predicted gains in ethanol production to be replicated in experimental systems reveals
the importance of selecting microbes with similar optimal growth conditions.
Subsequently, the more compatible microbes S. cerevisiae and Scheffersomyces stipitis
were modeled under microaerobic conditions to optimize ethanol production from
mixtures of glucose and xylose. To further demonstrate the ability of these systems to
ferment lignocellulosic hydrolysates, the effect of furan inhibitors on pure and co-cultures
was assessed through modeling and experiment. These results are the first steps towards
engineering and optimizing a microbial consortium for the production of ethanol from
lignocellulosic biomass.
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CHAPTER 1
INTRODUCTION AND BACKGROUND
1.1 Introduction
The development of alternative, renewable feedstocks to reduce and gradually replace
dependence on fossil fuels has emerged as a paramount challenge for maintaining the
economic security and environmental well being of the United States and other
industrialized nations. These problems will continue to rise as oil resources become more
scarce and demand from developing nations increases. Furthermore, the burning of fossil
fuels transfers large quantizes of carbon that had been sequestered underground into the
atmosphere. This alteration to carbon cycle has been directly associated with changes to
global climate and weather patterns. Although recent advances in natural gas fracking
have expanded the availability of fuels in the United States, mandates for instituting
increased percentages of renewable fuels remain in effect (Parker 2012). Promising
alternatives to petrochemicals will have low costs of production, high energy density, and
minimal environmental impact. Options for renewable fuels include harnessing solar,
wind, and geothermal energy. However, several of these energy sources are impractical
for replacing petroleum as the primary source of transportation fuel. This application
requires the production of liquid fuels that can be easily distributed to the consumer and
conveyed over long distances.
The production of fuels from plant biomass has emerged as an attractive option for
replacing petrochemicals. Like other sources of renewable energy, many biofuels covert
existing, untapped resources, such as agricultural and consumer waste, to useful energy.
1

One well studied route to biofuels is the thermochemical conversion of biomass, known
as gasification or pyrolysis. In this process, high temperatures are used to convert
lignocellulosic biomass to synthesis gas. The synthesis gas can then be converted to a
broad variety of fuels or other commodity chemicals though the Fischer-Tropsch process
(Sims et al. 2010). Of interest to this dissertation is the production of biofuels through
biocatalytic processes. Unlike thermochemical routes, these biofuels are produced at
lower temperatures, requiring low energy input. First generation biofuels are produced
from the easily degradable starches or sugars contained in corn or sugarcane. This type of
fuel can be found on the market in the form of ethanol produced from corn starch that is
commonly blended with consumer grade gasoline (Cheng and Timilsina 2011). Unlike
ethanol produced from refined corn starch and sugarcane, the conversion of
lignocellulosic materials to biofuels would not divert resources that could be used in the
global food supply (Mussatto et al. 2010). Furthermore, as many feedstocks for second
generation biofuels, such as corn stover and waste house wood arise as agricultural
byproducts, less energy is required to produce them. These features have the added
benefit of making these categories of fuels nearly carbon neutral, as the CO2 released as
exhaust is equal to that used by a plant in photosynthesis (Naik et al. 2010).
1.2 Challenges to Second Generation Biofuel Production
Lignocellulosic biomass is an assemblage of celluloses, hemicelluloses, pectins, lignins,
and proteoglycans that compose plant cell walls (Lynd et al. 2002). For the purposes of
fuel production, cellulose and hemicellulose are the components of interest to engineers.
Cellulose is a highly ordered homopolymer of glucose monomers connected by β1-4
linkages. Hemicellulose contains numerous six carbon sugar residues such as glucose,
2

mannose, and fucose, in addition to the five carbon monosaccharides xylose and
arabinose arranged in a highly branched conformation (Zaldivar et al. 2001). Once these
polymers have been hydrolyzed, their component hexoses and pentoses can be converted
to fuel and other commodities through physiochemical or biological processes. Four
major steps are required to produce liquid fuels from biomass: (1) pretreatment to make
the feedstock more amenable to enzymatic degradation, (2) enzymatic hydrolysis of
cellulose and hemicellulose to fermentable sugar monomers and oligomers, (3)
fermentation of simple sugars to fuels, and (4) the recovery of the fuel from the reactor
bulk.
1.2.1 Pretreatment
The recalcitrance of this material to enzymatic hydrolysis presents a significant technical
challenge to be overcome before the widespread production of lignocellulosic biofuels is
feasible (Himmel et al. 2007; Wyman 2007). Lignin is an aromatic, heterogeneous
polymer that crosslinks the other components of lignocellulosic biomass. Lignin is used
to impart mechanical strength and regulate water transport across plant cell walls. The
tightness of these linkages sterically hinders the ability of enzymes to access the cellulose
and hemicellulose polymers for saccharification (Palonen et al. 2004). The inherent
crystallinity of some cellulose polymers further hinders the rate of enzymatic hydrolysis
(Hall et al. 2010). Some promising technologies have been developed to reduce the lignin
content of plants that are engineered to serve as energy crops (Sticklen 2008).
To make the cellulose and hemicellulose polymers contained in a lignocellulosic
feedstock more amenable to enzymatic degradation, it must first be pretreated to reduce
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recalcitrance. Pretreament processes serve to remove lignin, reduce the crystallinity of
cellulose polymers, and increase porosity of the feedstock. Various mechanical and
physiochemical methods of pretreatment have been developed. One of the more common
methods treats dilute sulfuric acid to disrupt the structure of lignocellulose and partially
hydrolyze hemicellulose (Sun and Cheng 2005). Another method, steam explosion, uses a
combination of high temperatures and pressured water to better expose cellulose and
hemicellulose to enzymes through an increase in pore size (Grous et al. 1986). Ammonia
fiber expansion (AFEX) treats lignocellulose with ammonia at high pressures, followed
by rapid a depressurization, resulting in more amorphous cellulose polymers, saccharified
hemicellulose, and the removal of lignin (Bals et al. 2010). Once pretreatment has been
conducted, the resulting hydrolysate will contain furans, phenols, and acids that are toxic
to fermentative microbes. For this reason, hydrolysates are typically detoxified before
further processing occurs (Larsson et al. 1999).
1.2.2 Hydrolysis
Following pretreatment, the cellulose and hemicellulose polymers must then be
saccharified to their component sugar monomers. Cellulases are produced on industrial
scale using cultures of the filamentous fungus Trichoderma reesei (Nieves et al. 1997).
The resulting enzyme preparation is a combination of several individual enzymes that
work in concert to degrade sugar polymers. These include endo- and exo- glucanases that
hydrolyze cellulose from the inside and from the outside of the chain respectively
(Beldman et al. 1988). Another important enzyme is β-glucosidase, which breaks the β14 linkage between two glucose units in the disaccharide cellobiose. While these enzymes
can also act upon hemicellulase polymers, some enzyme cocktails contain accessory
4

enzymes designed to expedite the degradation of the heterogeneous sugar polymer
(Berlin et al. 2007). The performance of these fungal enzymes is highly temperature
dependent with a mesophilic optimum of around 50 °C. While pretreatment has become
more efficient in recent years, the high cost of purified cellulolytic enzymes used for
feedstock saccharification remains an impediment to the commercial development of this
technology (Klein-Marcuschamer et al. 2012).
1.2.3 Co-fermentation
The resulting lignocellulosic hydrolysate contains a number of sugar monosaccharides
that can be fermented into products such as ethanol through microbial fermentation. The
conversion of glucose to ethanol by microbial routes is well understood and has been
conducted for centuries through the process of producing alcoholic beverages and other
fermented foods. However, hemicellulose polymers contain a wide array of five- and sixcarbon sugars, including xylose, arabinose, and mannose. Commercially viable
fermentation processes must be able to convert a majority of these sugar monomers into
the target metabolite (Ho et al. 1999). Saccharomyces cerevisiae, an ethanologenic yeast
widely used in the production of first generation biofuels has a limited substrate range.
Therefore, the wild-type strain of this microbe is inadequate for the production of second
generation biofuels. Some microbes such as Escherichia coli and Scheffersomyces stipitis
can ferment both hexose sugars and pentose sugars such as xylose, one of the main
products of enzymatic lignocellulose degradation. However, high concentrations of
hexose sugars such as glucose can inhibit xylose uptake by catabolite repression,
resulting in diauxic growth patterns and low ethanol productivity (Govindaswamy and
Vane 2007; Lawford and Rousseau 1994; Sedlak et al. 2003). Therefore, the use of one
5

wild-type microbe for liquid fuel production from lignocellulosic hydrolysates is
impractical. In order to implement an effective co-fermentation process, cellular
engineering techniques must be applied to one or more microbes (Alper and
Stephanopoulos 2009).
1.2.4 Process Configurations
Major costs associated with second generation biorefineries include the chemicals
required for pretreatment, purified enzymes, and the infrastructure required to conduct
the processes (Hill et al. 2006). The fuels produced from this process are typically at a
low concentration in the fermentation media and must be separated from the bulk.
Currently, the high costs of this process require prospective technologies to yield
products in a highly efficient manner. For these reasons, cellulosic biofuels have not
reached the market availability mandated by the Renewable Fuel Standard, while other
renewables have met this standard (Brown and Brown 2013). A number of biofuel
companies are currently preparing to launch facilities that will produce second-generation
biofuels on a commercial scale (Brown and Brown 2013).
One processing method for the production of cellulosic ethanol is separate hydrolysis and
fermentation (SHF), in which biomass hydrolysis and microbial fermentation are
conducted in different reactors. In an alternative approach known as simultaneous
saccharification and fermentation (SSF), both steps are completed concurrently in the
same reaction vessel. Each approach has intrinsic advantages over the other. By
consolidating two steps of the process into one reaction vessel, SSF reduces the costs of
multiple reaction vessels. Additionally, the rapid removal of reducing sugars from the
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media by fermentation prevents end product inhibition of the cellulolytic enzymes (Xiao
et al. 2004). One advantage of SHF is the ability to operate at the optimal conditions for
both the enzymatic hydrolysis and microbial fermentation phases of the process.
Decreases in yields that occur with SSF must be balanced by the reduction in cost gained
by combining the steps.
Consolidated bioprocessing (CBP), which further combines enzyme production with the
saccharification and fermentation steps into one reactor, is a major goal of biofuels
research (Lynd et al. 2005). Consolidated bioprocessing further reduces the costs
associated with lignocellulosic ethanol by circumventing the need for purified enzymes.
A strong candidate for CBP will efficiently synthesize enzymes to degrade
lignocellulosic polymers to their component sugars, rapidly uptake the released
monosaccharides, and convert both hexose and pentose sugars to a fuel such as ethanol at
a high yield and productivity (Lynd et al. 2005). Because cellulolytic enzymes perform
better at higher temperatures, thermotolerent organisms are well suited for this process
(Hasunuma and Kondo 2012).
Most current efforts towards consolidated bioprocessing are aimed at identifying or
engineering a single, omnipotent microbe for the production biochemicals from
lignocellulose (Abbott et al. 2009; Saerens et al. 2010; van Maris et al. 2006). The
ethanologenic yeast S. cerevisiae has been engineered to express both the pathways for
xylose fermentation and enzymes for the hydrolysis of lignocellulose (Ilmen et al. 2011).
However, the addition of non-native pathways to introduce new functionalities into a
microbe often comes at the price of reduced efficiency due to bottlenecks in metabolic
pathways and an increased metabolic burden (Lee et al. 2008). Use of these microbes can
7

also be impractical, as cellulolytic mutants of S. cerevisiae often require very high cell
densities to function properly (Sakamoto et al. 2012). While improved understanding of
native cellulolytic systems has helped to improve the engineering of recombinant
microbes for CBP, ethanol yields and titers sufficient for industry have yet to be realized
(Olson et al. 2012).
1.3 Mixed Culture Biotechnology
In recent years, research has increasingly focused on the use of synergistic microbial
communities for biotechnology applications (Brenner et al. 2008). Because natural
microbial consortia are too complex to be used directly for biochemical production,
research has focused on synthetic consortia comprised of a few well characterized and
readily engineered microbes. For example, one study distilled a natural cellulolytic
community composed of nine microbes, down to a culture of four member microbes that
displayed cellulolytic activity equal to that of the whole consortium (Guevara and
Zambrano 2006). The use of defined microbial communities allows for the selection of
microbes that are best suited for performing one step of a larger process (Alper and
Stephanopoulos 2009) and shifts the engineering focus away from introducing new
metabolic capabilities in a microbe's genome. Such consortia offer the advantage of
segregated metabolic function, which both distributes the metabolic burden among
member organisms and isolates key pathways in a process for independent optimization.
Thus, metabolic engineering efforts can then be focused on enhancing the natural
behavior of the individual microbes without the possibility of adversely affecting the
performance of other pathways that are crucial to the consortium's ultimate function.
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Current industrial uses of consortia are typically limited to undefined, naturally occurring
microbial communities for use in bioremediation applications. Synthetic consortia must
be carefully designed in terms of microbe selection and cultivation conditions to ensure
stable co-existence and preservation of desired function. Challenges unique to this
approach must be overcome before this technology can be widely applied to commercial
processes. The microbes may have disparate nutrient and cultivation requirements in
addition to having largely undefined synergistic and antagonistic interactions with other
species in the community. Metabolic engineering to improve the function of the
individual microbes can have unpredictable impacts on the overall performance of the
consortium as a whole. Even under ideal conditions, these systems exhibit complex
dynamics that must be understood before optimization can be achieved. This is especially
important in commercializing this technology as the processes must be reproducible and
robust.
A microbial consortium containing one species dedicated to producing cellulolytic
enzymes with one or more members adept at converting sugars to a liquid biofuel offers
distinct advantages over single microbe strategies. Microbial communities perform the
task of biomass degradation in nature, albeit at a rate much slower than required for an
industrial process (Wei et al. 2009). Experimental evidence suggests that microbial
communities are more robust to variations in environmental conditions than pure cultures
(Fazzini et al. 2010; Kato et al. 2008). This feature is relevant to biofuel applications, as
microbes in a CBP process must be able to survive under varying feed rates due to the
time variant hydrolysis of lignocellulosic feedstocks. Consortia are further amenable to
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CBP systems as the inoculum of each cell type in the community can be tuned to the type
and amount of feedstock that is to be converted to fuel (Eiteman et al. 2009).
1.4 Metabolic Modeling
The complexity of microbial communities can be mitigated through the development of
accurate, mechanistic models of consortium metabolism. The creation of metabolic
models contributes to the general knowledge of microbial function and physiology. These
models are important tools for driving experiments and aid in the interpretation of
experimental data. To this end, a variety of mechanistic modeling techniques have been
developed.
1.4.1 Kinetic Modeling
Kinetic modeling as been used for modeling the growth of microbes in batch, fed-batch,
and continuous cultures. They generally use Monod saturation kinetics in which cell
growth and substrate uptake are dictated by the concentration of substrates in the culture
media (Monod 1949). The simplest of these models are unstructured, where no
distinction is made between the individual components of the cell and the possibility of
varied physiological states of the cells is not considered (Esener et al. 1983). Structured
models enumerate the contributions of all cellular components to the metabolic state of
microbial cultures (Nielsen and Villadsen 1992). These models require a deep,
fundamental understanding of the processes involved with cellular metabolism and
require a greater number of equations and parameters. Kinetic models applied to S.
cerevisiae metabolism helped to reveal mechanisms for the limited respiratory capacity
that is characteristic of Crabtree-positive microbes (Sonnleitner and Käppeli 1986b).
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1.4.2 Flux Balance Analysis
Genome-scale metabolic reconstructions of microbial reaction networks have been
developed to better understand and manipulate microbial physiology through computer
studies. Starting from a sequenced genome, these models take a majority of the relevant
enzymatic reactions that participate in a microbe's metabolism and mathematically
represent them in a stoichiometric matrix. This matrix contains the stoichiometric
coefficients of the participating reactions, which are charge and mass balanced at the
cell's intracellular pH (Feist et al. 2009). For bacterial cells, the models consider reactions
to occur only in the cytoplasm with metabolites and nutrients imported from or excreted
to the extracellular space. To account for the localization of reactions in eukaryotes,
reactions and chemical species for these microbes are compartmentalized into specific
organelles such as the mitochondria, peroxisome, and endoplasmic reticulum (Duarte et
al. 2004). Newer models have incorporated thermodynamic constraints that were
previously absent from these reconstructions, yielding greater fidelity of simulation to
experiment (Henry et al. 2007).
Metabolic flux balance analysis uses linear programming to predict the distribution of
fluxes through the pathways under a specified set of uptake rates (Kauffman et al. 2003).
Given a set of initial conditions, flux balance analysis uses first principles to predict the
distribution of carbon flux through central and ancillary metabolism. Constraints-based
modeling with genome-scale metabolic reconstructions is widely used for in silico
metabolic analysis and engineering of individual microbes (Feist et al. 2009; Fong et al.
2005; Price et al. 2003; Varma and Palsson 1994). Steady state flux balance analysis
assumes that no metabolites are accumulated inside the cell. In general, there are more
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reactions in a metabolic network than chemical species, yielding an underdetermined
system. Thus, to obtain a physiologically significant flux distribution, an objective
function must be specified to pinpoint one flux vector from the space of mathematically
feasible solutions. Given that evolutionary pressure compels cells to grow as fast as
possible in its environment, the linear program is typically solved to maximize the cell's
growth rate. This objective has been shown to be inadequate for some microbes in which
metabolic engineering techniques have been applied to increase product formation
(Varma et al. 1993). One objective function commonly used in genetic engineering is
minimization of metabolic adjustment (MoMA), in which the mutant cell's flux
distribution is constrained to be as close to the wild-type as possible (Segrè et al. 2002).
Other objective functions used include maximizing ATP production or the availability of
redox cofactors (Ramakrishna et al. 2001).
Unlike kinetic models, flux balance analysis gives detailed information on how changes
to a cell or its environment will affect individual metabolic reactions. In addition, the
genome-scale detail allows for the in silico addition and deletion of individual reactions.
This endows the operator with the ability to quickly screen libraries of genes to introduce
new or improve existing cellular functionalities (Burgard et al. 2003). Other applications
of these model include media formulation, drug targeting, and gene essentiality (Feist and
Bernhard 2008). Efforts made to integrate transcriptional regulation into these models
have identified previously unknown mechanisms (Herrgård et al. 2006). In general these
models are a powerful tool for guiding experimentation and gaining insight into the
structure and function of metabolic networks.
1.4.3 Dynamic Flux Balance Analysis
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Although steady state flux balance analysis can accurately predict product distributions
and metabolic phenotypes, they cannot capture the dynamics of batch and fed batch
cultures. However, by introducing extracellular mass balances for key substrates and
products to the FBA linear program, the time course of these types of cultures can be
modeled in an approach called dynamic flux balance analysis (DFBA) (Mahadevan et al.
2002; Varma and Palsson 1994). This analysis considers the assumptions made in FBA
translate to batch cultures on the basis of fast intracellular dynamics (Sainz et al. 2003).
The bounds for uptake rates are set by modified Monod kinetics that convey how a
substrate's availability will affect the rate at which a cell will utilize it.
This method also has the ability to combine the strengths of kinetic modeling with those
of FBA. Temporal aspects such as regulation and inhibition can be captured by adding
kinetic terms to the equations from which uptake bounds are calculated. The effects of
genetic engineering on cellular metabolism in batch cultures can be evaluated without
detailed knowledge of enzyme kinetic parameters (Hjersted et al. 2007). Fed-batch
cultures can also be simulated and optimized with DFBA (Hjersted and Henson 2006).
The phenomenon of diauxic growth, in which a microbe suppresses the uptake of less
favorable substrates when a better growth substrates are available, cannot be captured
with FBA, but has been modeled with DFBA (Mahadevan et al. 2002). In steady state
simulations, the model is constrained to uptake two carbon sources, the simulated cell
will utilize both given the presence of ample oxygen and nutrients.
1.4.4 Mixed culture models
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Metabolic flux balance analysis has been successfully applied to model mixed cultures of
microbes. Indeed, compartmentalized models for eukaryotic microbes can be viewed as a
community of organelles working towards the objective of growth (Klitgord and Segrè
2010). The first application of FBA was to model the syntrophic relationship between
two ruminal microbes (Stolyar et al. 2007). A modeling framework for combining single
organism models for mixed culture studies was developed to study the competition
between Rhodoferax and Geobacter in bioremediation applications (Zhuang et al. 2011).
Another study used this framework to examine a co-culture of two species of Clostridia
to produce ethanol (Salimi et al. 2010). Other work investigated the cross-feeding of
nutrients between two auxotrophic E. coli strains (Wintermute and Silver 2010). Flux
balance analysis can be further applied to discover conditions under which two microbes
will interact synergistically in co-culture (Klitgord and Segrè 2010). Computational tools
similar to those available for pure culture modeling have begun to be developed for
mixed culture studies (Zomorrodi and Maranas 2012).
1.5 Research Goals
The purpose of this dissertation is to develop metabolic models to better understand and
control the dynamics of microbial consortia for use in the production of biofuels from
lignocellulosic biomass. An accurate model of a consortium capable of consolidated
bioprocessing will help to both guide experimentation towards process optimization and
identify key differences in a cell's metabolism when it is grown in the presence of other
microbial species. The hypothesis of the dissertation is that defined microbial consortia
can be modeled and optimized by controlling cultivation conditions, including the
concentrations of cell inoculum, substrates and dissolved oxygen. The challenges
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associated with extending dynamic flux balance analysis to microbial consortia for
biochemicals production include: (1) accounting for non-optimal, common fermentation
conditions needed to promote consortia growth; (2) describing the dynamic conditions
that exist in the batch cultivation of mixed microbial cultures; and (3) identifying and
incorporating interaction effects between the various microbes.
This dissertation presents the following research conducted to meet the above criteria for
mixed culture models:
(1) Determine the feasibility of a three-microbe consortium capable of consolidated
bioprocessing and attempt to capture the dynamics between cell types with an
unstructured kinetic model (Chapter 2)
(2) Model and optimize ethanol production by co-cultures of two E. coli mutants and S.
cerevisiae and E. coli ZSC113 by combining established genome scale reconstructions
of each microbe's metabolism (Chapter 3) (Hanly and Henson 2011)
(3) Develop experimental methodologies to validate dynamic co-culture models using the
S. cerevisiae and E. coli ZSC113 co-culture (Chapter 4) (Hanly et al. 2012)
(4) Use genome scale models to optimize a co-culture of S. cerevisiae and S. stipitis cofermenting glucose and xylose (Chapter 5) (Hanly and Henson 2013)
(5) Investigate the effects of inhibitors present in lignocellulosic hydrolysates on S.
cerevisiae 311 and S. stipitis in pure and co-cultures with dynamic flux balance analysis
(Chapter 6)
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CHAPTER 2
UNSTRUCTURED MODELING OF A SYNTHETIC MICROBIAL
CONSORTIUM FOR CONSOLIDATED PRODUCTION OF
ETHANOL

The conversion of lignocellulosic biomass to liquid fuels such as ethanol is required for
the commercialization of second generation biofuels.

Reducing operating costs by

combining the saccharification and fermentation steps of this process into one reactor has
long been a goal of biofuels research. A defined mixed culture of specialized microbes
that exploits the native capabilities of each member species is a promising alternative to
use an omnipotent, engineered microbe. We explored such a synthetic consortium that
couples the high cellulolytic activity of the filamentous fungus Trichoderma reesei with
the ability of the yeasts Saccharomyces cerevisiae and Scheffersomyces stipitis to ferment
hexose and pentose sugars to ethanol.

Consortium stability was demonstrated by

culturing the three microbes on a mixture of cellulose and xylan. As a first step towards
understanding and manipulating this consortium, we developed a simple dynamic model
with unstructured descriptions of enzyme synthesis, cellulose and hemicellulose
degradation, sugar uptake, cell growth, and ethanol production. The batch culture model
contained 10 ordinary differential equations with parameters obtained from the literature
and experiment to the extent possible. The dynamic model was used to predict initial
concentration of each cell type that maximized ethanol productivity subject to a
constraint on the total inoculum concentration.

The simulated ratio of cellulose to

hemicellulose in the feedstock was varied to determine the effects on the optimal
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inoculum and ethanol productivity. A sensitivity analysis of model parameters identified
several promising experimental targets for improvement of ethanol production through
metabolic engineering.

2.1 Introduction
An essential component of the quest for energy independence is to develop renewable
sources of energy via the conversion of plant biomass to liquid biofuels. Unlike ethanol
produced from refined corn starch and sugarcane, the conversion of lignocellulosic
materials to biofuels would not compete with the food supply (Mussatto et al. 2010).
Lignocellulosic biomass consists of an assemblage of celluloses, hemicelluloses, pectins,
lignins, and proteoglycans that compose plant cell walls (Lynd et al. 2002). The
recalcitrance of this material to microbial degradation presents a significant technical
challenge to be overcome before the widespread production of lignocellulosic biofuels is
feasible (Himmel et al. 2007; Wyman 2007). The production of liquid fuels from biomass
currently occurs in four major steps: pretreatment to make the feedstock more amenable
to enzymatic degradation, hydrolysis of cellulose and hemicellulose to fermentable sugar
monomers and oligomers, fermentation of simple sugars to fuels, and the recovery of the
fuel from the reactor bulk. The high costs of both biomass pretreatment and purified
cellulolytic enzymes are impediments to commercial development of this technology.
Consolidated bioprocessing, which combines the saccharification and fermentation steps
into one reactor, is a major goal of biofuels research (Lynd et al. 2005). A majority of
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research efforts have focused on engineering multiple metabolic functionalities into a
single organism. However, this approach often results in conversion inefficiencies due to
bottlenecks in metabolic pathways and may place a heavy metabolic burden on the
microbe. In recent years, research has increasingly focused on the use of defined
microbial consortia for biotechnology applications (Brenner et al. 2008).

Microbial

communities perform the task of biomass degradation in nature, albeit at a rate much
slower than required for an industrial process (Wei et al. 2009). Using consortia allows
for the selection of microbes that are best suited for performing one step of a larger
process (Alper and Stephanopoulos 2009) and moves the engineering focus from
introducing new functionalities to improving existing pathways. Other benefits of mixed
culture systems include tunability and increased resistance to environmental stress
(Eiteman et al. 2009; Fazzini et al. 2010).
A number of microbial species naturally express the cellulase and hemicellulase enzymes
necessary for hydrolysis of lignocellulosic biomass. The aerobic, filamentous fungi
Trichoderma reesei is used commercially to produce purified cellulases for
biotechnology applications (Bhat 2000). T. reesei has also been the subject of several
efforts to model cell growth, enzyme synthesis, and biomass hydrolysis (Kadam et al.
2004; Tholudur et al. 1999; Velkovska et al. 1997). However, this organism is unsuitable
for ethanol production because it preferentially expresses the genes necessary for acetate
synthesis over those required for fermentative pathways (Chambergo et al. 2002).
Saccharomyces cerevisiae is a robust, budding yeast that has been widely used for
fermentation of refined corn starch to fuel ethanol (Chemier et al. 2009). However, S.
cerevisiae is unable to utilize pentose sugars, such as xylose and arabinose, that result
18

from the hydrolysis of hemicellulose. Another species of yeast, Scheffersomyces stipitis,
can natively ferment xylose to ethanol, but it retains a preference for glucose as a carbon
source. S. stipitis is a Crabtree-negative yeast that produces ethanol under oxygen-limited
culture conditions (Passoth et al. 1996). S. cerevisiae and S. stipitis have been co-cultured
for the production of ethanol from glucose and xylose mixtures (Delgenes et al. 1998;
Taniguchi et al. 1997b). In these studies, a respiratory-deficient strain of S. cerevisiae
was used so the dissolved oxygen concentration could be more easily controlled at a level
that was favorable for ethanol production by S. stipitis. Because it lacks the respiratory
capability of a wild-type cell, respiratory-deficient S. cerevisiae cannot utilize nonfermentable carbon sources, such as ethanol, once glucose has been exhausted (Goldring
et al. 1971). T. reesei has also been successfully co-cultured with S. cerevisiae for the
production of ethanol from cellulose (Hahn-Hägerdal and Häggström 1985).
In this study, we propose a mixed-culture consisting of the cellulolytic fungus T. reesei
and the two fermentative yeasts S. cerevisiae and S. stipitis such that the saccharification
and fermentation steps are consolidated into a single reactor. A schematic diagram of the
synthetic consortium is shown in Figure 2.1. The goal of the present study is three-fold:
(1) experimentally demonstrate that the three-member consortium can be stably
maintained when grown on the insoluble substrates cellulose and xylan; (2) develop and
parameterize an unstructured model of the consortium using previous studies and our
preliminary experiments; and (3) utilize the model to predict optimal process and cellular
engineering strategies for ethanol production. This study represents a first step towards
the development of predictive models for consolidated biofuels production with microbial
consortia.
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2.2 Materials and Methods
2.2.1 Experimental Methods
Feasibility of the consortium was evaluated using S. cerevisiae strain H1022 (ATCC
32167), S. stipitis NRRL Y-7124 (ATCC 58376), and T. reesei RUT-C30 (ATCC
56765). The consortium was cultured in a yeast synthetic medium(Rieger et al. 1983)
supplemented with trace elements from T. reesei media. The composition per liter of
water was 1.00 g MgSO4 ·7 H2O, 1.10 g/L KCl, 0.15 g CaCl2 · 2 H2O, 1.00 g
(NH4)2HPO4, 8.75 g/L (NH4)2SO4, 60.3 mg myo-inositol, 30.0 mg Ca-panthothenate, 6.0
mg thiamine-HCl, 1.5 mg pyridoxine-HCl, 0.03 mg biotin, 15.0 mg FeCl3 · 6 H2O, 10.6
mg MnSO4 · H2O, 9.0 mg ZnSO4 · 7 H2O, 5.0 mg FeSO4 · 7 H2O, 2.4 mg CuSO4 · 2
H2O, and 2.0 mg CoCl2 · 6 H2O. S. cerevisiae and S. stipitis were pre-cultured
individually in shake flasks for 36 hours and T. reesei was precultured in a shake flask for
72 hours before inoculation into the reactor. Microcrystalline cellulose and xylan at
concentrations of 16 g/L and 8 g/L, respectively, were used as carbon sources.
Fermentations were conducted in an HEL BioX array of 4 parallel 250 mL stirred-tank
bioreactors situated in a shared heating block (HEL Group Ltd., Barnet, UK).
Electrochemical probes monitored the dissolved oxygen and pH in each vessel, while
individual thermocouples recorded the media temperatures. Bioreactor cultivations were
performed at a temperature of 30°C and pH 5, the common optimal growth conditions for
each organism. Each reactor was sparged at an air flow rate of 250 cc/min and stirred at
1000 RPM. The pH of each fermentation was controlled by the automatic addition of 1 N
sulfuric acid or 2 N NaOH. Antifoam A was added to the reactors as necessary to prevent
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foaming. The working volume of each fermentation started at 215 mL and decreased to
around 175 mL as samples were removed for analysis.
Analysis was performed by removing 2 mL samples from each reactor at least every 12
hours. Ethanol, glucose, and xylose concentrations were measured by two YSI 2700
SELECT biochemistry analyzers (YSI Inc., Yellow Springs, OH). Each sample was
passed through a 40 µm cell strainer to separate T. reesei mycellium and insoluble
substrates from the yeasts. The T. reesei concentration was determined by correlating dry
cell weight of the retained solids to total cell protein concentration with a Bradford assay.
The feedstock concentration was determined by subtracting the T. reesei concentration
from the total solids concentration. Cell counts of S. cerevisiae and S. stipitis were
performed on a hemacytometer in triplicate and averaged. The cell counts were converted
to dry cell weight by drying a counted sample for each yeast.
2.2.2 Model Equations
The consortium model for conversion of cellulosic biomass to ethanol was developed by
synthesizing elements of previously published models for each cell type. The most
comprehensive models currently available were incorporated into our model to the extent
possible. Simplifying assumptions were invoked so the resulting model could be posed in
terms of variables most likely to be measured and parameterized given available data.
The unstructured kinetic model consisted of the following dynamic mass balances for
batch fermentation:
𝑑𝐵ℎ
𝑑𝑡

= −𝑟1
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= 𝛼𝑝 𝑋 + 𝛽𝑝 𝑋 − 𝛾𝑝 𝐸𝑝
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𝑑𝑍
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𝑋

𝑌𝑥𝑝
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𝑍

𝑌𝑧𝑝

= 𝜇𝑦ℎ 𝑌 + 𝜇𝑦𝑚 𝑌

(9)

= 𝜇𝑧ℎ 𝑍 + 𝜇𝑧𝑝 𝑍

(10)

where Bh is the cellulose concentration, Eh is the cellulase concentration, X is the T. reesei
biomass concentration, H is the glucose concentration, M is the ethanol concentration, Bp
is the hemicellulose concentration, Ep is the hemicellulase concentration, P is the xylose
concentration, Y is the S. cerevisiae biomass concentration, and Z is the S. stipitis biomass
concentration. The feedstock was assumed to contain only cellulose (1) and
hemicellulose (6), consisting of glucose and xylose monomers, respectively. T. reesei
was assumed to produce only two cellulolytic enzymes, cellulase (2) and hemicellulase
(7), with basal synthesis rates αh and αp and induced synthesis rates βh and βp. Enzyme
degradation was assumed to follow first-order kinetics with cellulase and hemicellulase
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degradation rate constants γh and γp. The enzymes were assumed to hydrolyze the
cellulose and hemicellulose polymers into glucose (4) and xylose (8) monomers,
respectively. T. reesei (3) and S. stipitis (10) were modeled to grow on both glucose and
pentose monomers, with T. reesei containing an additional term for cell death. S.
cerevisiae (9) was allowed to grow on both glucose and ethanol, with ethanol
consumption not possible for the respiratory-deficient mutant. Ethanol (5) was modeled
to be produced only by S. cerevisiae and S. stipitis. Definitions and units for all symbols
are listed in the Nomenclature section.
The cellulosic and hemicellulosic fractions were assumed to be independently degraded
and to follow first-order enzyme kinetics coupled with a Langmuir adsorption isotherm
(Kadam et al. 2004):

𝑟1 =
𝑟2 =

𝐵
𝑘1 𝐸ℎ𝑚 𝐾ℎ𝑎𝑑 𝐸ℎ ℎ

3

𝐵ℎ0

1

1 + 𝐸ℎ𝑚 𝐾ℎ𝑎𝑑 𝐵ℎ 1+ 𝐻 + 𝑃
𝐾
𝐾𝑖1𝑝
𝐵𝑝 3

𝑘2 𝐸𝑝𝑚 𝐾𝑝𝑎𝑑 𝐸𝑝 𝐵

𝑝0

1 + 𝐸𝑝𝑚 𝐾𝑝𝑎𝑑 𝐵𝑝 1+
𝐾

(11)

𝑖1ℎ

𝐻

1

𝑖1ℎ

𝑃

+𝐾𝑖2𝑝

(12)

where r1 and r2 are the reaction rates of cellulose and hemicellulose hydrolysis, k1 and k2
are the reaction rate constants, Ehm and Epm are the maximum concentrations of adsorbed
enzymes, Khad and Kpad are dissociation constants, and Bh0 and Bp0 are initial feedstock
concentrations. These rate equations were derived assuming that the reactions catalyzed
by cellulase and hemicellulase were much slower than the hydrolysis of sugar oligomers
to monomers by β-glucosidase and β-xylosidase. Therefore, the cellulolytic enzymes
were assumed to convert the feedstock polymers directly into glucose and xylose
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monomers. Moreover, the cellulose and hemicellulose fractions were assumed to become
increasingly recalcitrant to degradation (Kadam et al. 2004). An inhibition term was
included in each expression to model end product inhibition by glucose and xylose.
Induced enzyme expression by T. reesei followed previously published expressions for
the synthesis of cellulase (Tholudur et al. 1999):
𝛽ℎ =
𝛽𝑝 =

𝛽ℎ𝑚 𝐻
1
𝐾𝑏ℎ +𝐻 1+ 𝐻

(13)
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𝛽𝑝𝑚 𝑃

𝐾𝑏𝑝 +𝑃 1+

1

𝐻

𝐾𝑖𝑏𝑝ℎ

1

1+𝐾

(14)

𝑃

𝑖𝑏𝑝𝑝

where βh and βp are the induced rates of cellulase and hemicellulase synthesis, βhm and βpm
are the maximum rates of induced synthesis, and Kbh and Kbp are saturation constants of
induction. Due to lack of data, the induced hemicellulase synthesis rate was assumed to
follow the same saturation kinetics as cellulase. Inhibition terms were added to reflect
the suppression of enzyme synthesis by sugars through end product inhibition.
The growth rates for the consortium microbes on each substrate were modeled as follows:
𝜇ℎ =
𝜇𝑝 =

𝜇ℎ𝑚 𝐻

𝜇𝑝𝑚 𝑃
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1

1

𝐻
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𝑀
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(20)

𝑖𝑚𝑧𝑝𝑚

where µh and µp are the growth rates of T. reesei on glucose and xylose, µyh and µym are
the growth rates of S. cerevisiae on glucose and ethanol, and µzh and µzp are the growth
rates of S. stipitis on glucose and xylose. Cell growth was assumed to follow Monod
kinetics with maximum growth rates (µhm, µpm, µyhm, µymm, µzhm, µzpm) and saturation
constants (Kmh, Kmp, Kymh, Kymm, Kzmh, Kzmp). Because glucose is the preferred substrate
for each microbe, growth on xylose was assumed to be repressed by the presence of
glucose. These expressions were modified by the addition of terms that reflect the
inhibitory effect of ethanol on cell growth. Because wild-type S. cerevisiae can grow
aerobically on ethanol, this effect was included in the model for completeness even
though respiratory-deficient S. cerevisiae cannot metabolize ethanol.
To the extent possible, parameter values used in the model were taken from the literature
(Table 2.1). Some parameter values could not be found in the literature and had to be
manually fit to experimental growth curves or simply specified (Table 2.2). Many of
these unknown parameters were associated with the synthesis of hemicellulase and
degradation of hemicellulose. For the most part, the hemicellulase/hemicellulose
parameters were simply chosen to be equal to the corresponding parameters for
cellulase/cellulose The remaining parameters were adjusted by trial and error until the
model predictions showed acceptable agreement with available data (see Results).
Parameter values for respiratory deficient S. cerevisiae growth were assumed to be equal
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to those of a respiratory competent cell growing under anaerobic conditions (Laplace et
al. 1991).
The dynamic mass balances were resolved in MATLAB (Mathworks, Natick, MA) with
the ordinary differential equation solution code ode23. The batch time was defined as the
time at which both cellulose and hemicellulose fell below 10% of their initial
concentrations. The ethanol productivity was calculated by dividing the ethanol
concentration at the batch time by the batch time. The ethanol yield was calculated by
dividing the ethanol concentration at the batch time by the amount of biomass consumed
at the batch time.
2.3 Results
2.3.1 Consortium Feasibility and Model Parameter Estimation
Feasibility of the three-member consortium with wild-type S. cerevisiae was
demonstrated through mixed-culture bioreactor experiments. Measured feedstock,
microbe, and metabolite concentrations over the course of a 7 day fermentation are
shown in Figure 2.2. The feedstock concentration decreased from its initial value of 24
g/L (16 g/L cellulose and 8 g/L xylan) due to the cellulolytic activity of T. reesei and
degradation into fermentable sugars. Non-zero initial glucose, xylose, and ethanol
concentrations were observed due to residual amounts present in the inocula.

The

glucose concentration rapidly dropped below 0.1 g/L, as the glucose produced from
cellulose hydrolysis was quickly consumed by the three microbes. While xylose was
initially present at much higher concentrations due to unconsumed sugar present in the T.
reesei and S. stipitis inocula, the xylose concentration eventually dropped below 0.2 g/L
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due to consumption by T. reesei and S. stipitis. Increasing cell concentrations were
observed for all three microbes, demonstrating that each microbe was actively
participating in consortium metabolism despite substrate competition. The ethanol
concentration increased due to synthesis by the two yeasts until approximately 48 hours,
at which time the concentration dropped because consumption by S. cerevisiae exceeded
synthesis by S. stipitis. This undesirable behavior can be avoided by the use of
respiratory-deficient S. cerevisiae, which is incapable of growth on ethanol.
The experimental growth curves in Figure 2.2 were compared to a batch simulation of the
consortium model using pure culture parameters extracted from the literature (not
shown). The primary difference between the experimental and predicted results was the
distribution of cell mass between the three microbes. A reported value for the yield of T.
reesei on xylose (Tholudur et al. 1999) did not fit well with our data, so the yield
coefficient was increased until better agreement was achieved. T. reesei still grew to a
higher concentration than expected, indicating that the fungus was competitive for
fermentable substrates with the two yeasts. Lower than expected cell mass concentrations
of S. cerevisiae and S. stipitis could have been a result of this competition or the
inhibitory effects of cellulase or acetate produced by T. reesei. In light of these
observations, the model parameters were adjusted to better predict the behavior of the
microbes in mixed culture. The more competitive nature of T. reesei for fermentable
substrates was expressed by lowering the saturation constants for glucose and xylose
uptake. Decreasing the yield coefficients of S. cerevisiae and S. stipitis resulted in
improved agreement between experiment and model (Figure 2.2). The final set of model
parameters used in the simulation studies are shown in Table 2.2. While these initial
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results were promising, we acknowledge that additional mixed-culture data will be
required to adequately parameterize and test the consortium model.
Consortium model predictions were further accessed by comparison to published growth
curves for pure-culture and co-culture experiments involving the three microbes. An
overlay of experimental and predicted batch culture results for T. reesei grown on a
mixture of xylose and cellulose (Mohagheghi et al. 1988) is shown in Figure 2.3A. This
comparison provided simultaneous verification of the model parameters involved in T.
reesei metabolism of cellulose, glucose, and xylose. Experimentally determined cellulase
activity was converted to concentration using a conversion factor of 0.5 g/L/FPU. The
model showed good agreement for cellulase synthesis, biomass degradation, and xylose
consumption but cellulose was degraded at a faster rate than observed experimentally.
An overlay of experimental and predicted batch culture results for T. reesei grown on
beechwood xylan (Gamerith et al. 1992) is shown in Figure 2.3B. In the original study,
parameters for hemicellulase production and hydrolysis were fit using the experimental
growth curves. We found that multiplying hemicellulase activity by conversion factor of
2 g/U resulted in improved model agreement. While the general trends of xylan,
hemicellulase, and cell mass were captured by our model, the model predictions lagged
behind experimental data for the first 40 hours. This discrepancy be attributed to the
presence of residual xylose in the preculture medium that induced additional
hemicellulase synthesis and produced unmodeled growth substrate.
The S. cerevisiae and S. stipitis models were assessed using co-culture data for growth on
glucose and xylose (Taniguchi et al. 1997b) shown in Figure 2.4. Because the biomass of
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each cell type was not measured, prediction accuracy with respect to the individual
biomass concentrations could not be evaluated. The model qualitatively described the
observed experimental rates of glucose and xylose consumption, biomass growth and
ethanol production and satisfactorily predicted the final concentrations of biomass and
ethanol. However, the dynamics associated with the diauxic shift from glucose to xylose
as the growth substrate was not captured. Because the model was specifically designed
to predict consortium dynamics with low concentrations of glucose and xylose, no
attempt was made to model this effect. Taken together, the results in Figures 2.2-2.4
suggest that the unstructured model provides satisfactory predictions of consortium batch
culture dynamics.
2.3.2 In silico Inoculum Optimization
The initial feedstock concentration for the model consortium was chosen to be 75 g/L
with cellulose and hemicellulose supplied at a 2:1 ratio. With the total inoculum
concentration fixed at 6.0 g/L, we used the consortium model to predict the initial species
concentrations that would maximize batch ethanol productivity. An equal inoculum with
2.0 g/L of each cell type was predicted to yield an ethanol productivity of 0.26 g/L/h. The
initial cell concentrations were varied in increments of 0.1 g/L and batch simulations
were performed until the inoculum with the highest ethanol productivity was found.
Productivity increased with increasing T. reesei inoculum until a plateau was reached. At
this point, increased enzyme concentration did not result in faster hydrolysis because of
feedstock recalcitrance. The initial concentration of T. reesei was chosen to be 3.0 g/L, a
value close to the start of the plateau. Therefore, the total yeast inoculum was chosen to
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be 3.0 g/L with varying amounts of S. cerevisiae and S. stipitis simulated to identify the
optimal ratio.
The optimal inoculum of 2.3 g/L S. cerevisiae and 0.7 g/L S. stipitis yielded a
productivity of 0.35 g/L/h, a 35% increase compared to the equal inoculum case. If S.
stipitis produced ethanol strictly from xylose at a yield equal to that for S. cerevisiae to
produce ethanol from glucose, we would expect the ratio of the two yeasts in the optimal
inoculum to equal the ratio of cellulose to hemicellulose in the feedstock. Despite
consuming both glucose and xylose, S. stipitis had lower ethanol yields that resulted in an
optimal inoculum with a much larger concentration of S. cerevisiae. Predicted
concentration profiles obtained with the optimal inoculum are shown in Figure 2.5. While
requiring experimental validation, the predicted yield of 0.21 g ethanol/g feedstock
compared favorably to yields obtained with other microbial systems grown on cellulosic
feedstocks (Geddes et al. 2011; Jin et al. 2011; Olofsson et al. 2008). The model
predictions were difficult to compare to the experimental data in Figure 2.2 because the
simulated inoculum concentration (6.0 g/L) was much greater than that used
experimentally (1.0 g/L).
One benefit of mixed cultures compared to pure cultures is the ability to tune the
inoculum of each cell type to the available carbon sources. The type of the lignocellulosic
feedstock will dictate the amounts of cellulose and hemicellulose that are available for
conversion. The effect of changing the feedstock composition was examined with the
model by fixing the total feedstock concentration at 75 g/L and varying the amount of
hemicellulose from 1 to 37 g/L (approximately 1-50% hemicellulose). For each feedstock
ratio, the consortium was simulated for a inoculum composed of 3.0 g/L T. reesei and 3.0
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g/L of the two yeasts. The amount of each yeast species was varied in increments of 0.1
g/L, and the inoculum that yielded the highest ethanol productivity for each feedstock
ratio was used for analysis.
The impact of changing the feedstock composition on important consortium properties is
shown in Figure 2.6. The optimal inoculum did not contain S. stipitis until there was at
least 19 g/L hemicellulose in the feedstock. As the hemicellulose content increased
beyond this point, the optimal yeast inoculum contained increasingly more S. stipitis.
Because S. cerevisiae is more efficient at converting glucose to ethanol than S. stipitis is
at converting xylose to ethanol, a cellulose-rich feedstock was predicted to produce more
ethanol at a higher productivity. However, ethanol productivity reached a maximum of
0.41 g/L/h when the feedstock had a 67:8 ratio of cellulose to hemicellulose. For
feedstocks with more cellulose, the high yield of ethanol from glucose was negated by
the longer batch times that resulted from the recalcitrance of hemicellulose. A plot of
profit per time illustrates that greater revenues were achieved with hemicellulose-poor
feedstocks. For hemicellulose compositions below the profitability maximum, the profit
curve follows the trend of ethanol productivity. For larger hemicellulose compositions,
the profit has greater similarity to the ethanol titer curve. Using our definition of batch
time that requires at least 90% consumption of hemicellulose, process economics were
driven by ethanol productivity for hemicellulose-poor feedstocks and by ethanol titer for
higher containing hemicellulose feedstocks.
Another possible process engineering strategy for improving ethanol production is the
use of fed-batch cultivation. Experimental studies have shown that T. reesei is more
effective at producing cellulase enzymes in fed-batch culture than in batch culture
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(Ahamed and Vermette 2008; Hendy et al. 1984). To evaluate the potential benefits of
fed-batch operation, the model was simulated with no initial feedstock and 75 g/L of
feedstock was fed over a range of flows rates from 0.001 to 0.1 mL/min. The inoculum
used for each case was 6 g/L. The model predicted increasing ethanol productivity as the
feed rate was increased. The highest ethanol productivity was achieved for the batch case,
realized in this analysis by supplying all the feedstock over a very short time (results not
shown). Batch culture was again found to yield the highest ethanol productivity when this
analysis was repeated for feedstocks with varying cellulose to hemicellulose ratios.
Model simulations predict lower ethanol productivities for fed-batch operation because
the substrate reactivity term in (11) and (12) slows hydrolysis at low feedstock
concentrations.
2.3.3 In silico Metabolic Engineering
The model was used to examine possible targets for improvement of consortium ethanol
production though protein and metabolic engineering. The following scaled sensitivity
coefficient was calculated with respect to each parameter:
𝑆=

𝑝̅ ∆𝑦

𝑦� ∆𝑝

(21)

where 𝑝̅ is the wild-type parameter value, ∆𝑝 is the implemented parameter change, 𝑦� is
the optimal ethanol productivity obtained with the wild-type parameter values, and ∆𝑦 is

the predicted change in the ethanol productivity that results from the parameter change.
Most parameter values were changed +/-100%, and the sensitivity coefficient was
calculated with the parameter value that resulted in the largest positive change in

32

productivity. To avoid violating theoretical yield limits and implementing unreasonably
large changes in maximum growth rates, these parameters were varied by lesser amounts.
The ranked results of the sensitivity analysis are shown in Table 2.3. Parameters such as
yield coefficients and maximize growth rates tended to have large sensitivities, but they
were deemed to already have been highly optimized or very difficult to engineer.
Therefore, we focused our remaining analysis on the five parameters shown in bold in
Table 2.3 with relatively large sensitivities and potential for engineering improvement.
These five parameters were: the saturation constant of S. cerevisiae growth on glucose
(Kmyh), the rate constant of hemicellulose hydrolysis (k2), rate constant of basal
hemicellulase synthesis (αp), the rate constant of induced hemicellulase synthesis (βpm),
and the inhibition constant of ethanol on S. cerevisiae growth (Kimyhm). Increasing the
three parameters (k2, αp, βpm) related to hemicellulase degradation by T. reesei resulted in
more xylose production, which tended to decrease the batch time. Decreasing the
saturation constant for S. cerevisiae growth on glucose (Kmyh) made the yeast more
competitive for glucose with the other microbes at the low glucose concentrations that
prevail throughout the batch. Increasing the ethanol inhibition constant for S. cerevisiae
growth (Kimyhm) resulted in higher growth rates and more ethanol production. In general,
directing more glucose towards S. cerevisiae increased consortium productivity because
T. reesei and S. stipitis were less efficient at fermenting glucose to ethanol. Although our
study was strictly computational, the enzymes and mechanisms described by these
parameters have been successfully improved through directed evolution (Gibbs et al.
2001; Liu et al. 2011) and metabolic engineering (Buziol et al. 2008; Hong et al. 2010).
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To examine possible synergistic effects between these five parameters, a simulation with
k2, αp, βp, and Kimyhm increased by 25% and Kmyh decreased by 25% was performed.
Smaller parameter changes than used in the initial sensitivity analysis (Table 2.3) were
implemented because these smaller changes were deemed to be experimentally
realizable. Predicted growth curves for this engineered consortium with an optimal
inoculum determined as before are shown in Figure 2.7. When compared to the nonengineered consortium (Figure 2.5), the engineered consortium synthesized more
hemicellulase, exhibited faster consumption of hemicellulose, and produced slightly more
ethanol. The combined result of these factors was a 15% increase in ethanol productivity
to 0.40 g/L/h. The main determinant of the productivity increase was a decrease in batch
time from 45.5 h to 40.7 h.
2.4 Discussion
In this work, we integrated elements of previously formulated models for the cellulolytic
action and growth of the fungus Trichoderma reesei with the growth and ethanol
production of the yeasts Saccharomyces cerevisiae and Scheffersomyces stipitis to
develop an unstructured model of this synthetic consortium. The modeling work was
motivated by initial experiments demonstrating stable coexistence of the three cell types
on a mixture of cellulose and xylan during batch cultivation. Model parameter values
were either obtained from pure culture experiments in the literature or fit to our
consortium fermentation data. We found that our initial set of parameters incorrectly
predicted the distribution of cell mass between the three microbes. Improved agreement
with our consortium data was obtained by increasing the yield coefficient for T. reesei
growth on xylose, decreasing the saturation constants for T. reesei growth, and by
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decreasing the yield coefficients for S. cerevisiae and S. stipitis growth. The net effect of
these parameter changes was to make T. reesei more competitive for available glucose
and xylose.
We developed an in silico method for maximizing ethanol production in batch culture by
manipulating the consortium inoculum. Given a feedstock with 50 g/L cellulose and 25
g/L hemicellulose and a fixed total inoculum concentration of 6.0 g/L, we found that an
optimized inoculum consisting of 3.0 g/L T. reesei, 2.3 g/L S. cerevisiae, and 0.7 g/L S.
stipitis was predicted to yield 35% higher productivity than an equal inoculum consisting
of 2.0 g/L of each cell type. The optimization method was used to explore the effect of
the cellulose:hemicellulose ratio on ethanol productivity.

Ethanol production was

predicted to increase when the inoculum was tuned to the hemicellulose content of the
feedstock. The model predicted that the consortium would produce ethanol at the highest
productivity when grown on a feedstock with a low, but non-zero fraction of
hemicellulose. This result was attributable to our definition of the batch time, which
required at least 90% of the hemicellulose to be degraded. For feedstocks containing a
higher proportion of hemicellulose, increased ethanol production by S. stipitis was not
sufficient to compensate for decreases in T. reesei enzyme production and S. cerevisiae
biomass accumulation. According to the model, fed-batch cultivation would not be
beneficial for ethanol production due to decreased cellulose and hemicellulose hydrolysis
rates at low feedstock concentrations.
A sensitivity analysis was performed on parameters of the model to provide insights into
system bottlenecks and to provide targets for enzyme and metabolic engineering. Three
parameters that had the largest effect on batch ethanol productivity and were deemed the
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most reasonable targets for engineering were associated with T. reesei hemicellulase
synthesis and hemicellulose hydrolysis. Two other parameters found to strongly effect
ethanol productivity were associated with S. cerevisiae growth at low glucose
concentrations and S. cerevisiae ethanol tolerance. When all five parameters were
improved simultaneously by 25%, the ethanol productivity of the consortium increased
by 15% compared to the non-engineered case due to an decrease in the batch time. S.
stipitis parameters were not among those most sensitive because this microbe only
produced 10% of the total ethanol. We hypothesize that the productivity could be further
improved by enhancing the ability of S. stipitis to compete with T. reesei for xylose.
The unstructured model presented here represent a first step towards in silico process and
cellular engineering of this three-member synthetic consortium. More thorough
experimental tests are needed to validate the model structure and to determine unknown
parameters. These experiments will help identify any synergistic or antagonistic
interactions that occur between the three species. Our preliminary experiments exhibited
lower than expected yields of yeast biomass that could be attributable to the deleterious
effect of cellulolytic enzymes on yeast cell walls(Hahn-Hägerdal and Häggström 1985).
Further improvements to the model could be made by replacing the unstructured
descriptions of cell growth with metabolic reconstructions (Feist et al. 2009; Mo et al.
2009) of each cell type. This approach would require the development of metabolic
reconstructions for S. stipitis and T. reesei, as these models are not currently available.
Dynamic flux balance analysis (Hanly et al. 2012; Hanly and Henson 2011; Mahadevan
et al. 2002) coupled with kinetic equations for cellulolytic enzyme synthesis and biomass
hydrolysis could provide insights into how individual metabolic pathways in each
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microbe affect overall consortium behavior. This model could be used to investigate the
effects of in silico gene deletions and additions in individual species on ethanol
production by the consortium.
Table 2.1 Model parameters obtained directly from the literature.
Parameter
k1

value
7.5

units
1/h

Reference Parameter
12
Kimph

value
5

units
g/L

Reference
43

Ehm

0.05

g/g

12

Kimpm

40

g/L

2

Khad

0.5

g/L

12

Yxmp

1000

g/g

15

Ki1h

0.05

g/L

12

Kmyh

0.15

g/L

33

Ki1p

0.25

g/L

12

µymm

0.15

1/h

34

βhm

0.005

1/h

13

Kmym

0.1

g/L

35

Kbh

0.02

g/L

13

Yymh

0.18

g/g

22

Kibhh

0.07

g/L

36

Kmzh

0.2

g/L

37

αh

0.0025

-

13

Kimzhm

2.5

g/L

38

µhm

0.128

1/h

36

µzpm

0.15

1/h

22

Kimhm

40

g/L

2

Kmzp

0.35

g/L

37

Yxmh

1000

g/g

15

Kimzph

0.5

g/L

39

k2

0.6

1/h

40

Kimzpm

2.5

g/L

38

Epm

0.000521

g/g

41

Yzh

0.15

g/g

19

Kpad

3500000

g/L

41

Yzp

0.16

g/g

22

Ki2p

2

g/L

42

Yzmh

0.3

g/g

19

µpm

0.125

1/h

13

Yzmp

0.28

g/g

22

37

Table 2.2 Model parameters estimated from experimental data or specified without
literature precedent.
Parameter

value

units

Reference
/justification

Parameter

value

units

Bh0

varied

g/L

-

αp

0.0025

-

γh

0.005

1/h

γp

0.005

1/h

Kmh

5

g/L

Kmp

1

g/L

kd

0.005

1/h

Yxp

0.2

g/g

Yxh

0.35

g/g

fit to data
from 25

µyhm

0.12

1/h

Bp0

varied

g/L

-

Kimyhm

10

g/L

Ki2h

0.05

g/L

µymm
(respiratory
deficient)

0

1/h

βpm

0.005

1/h

Kimymh

0.001

g/L

Kbp

0.02

g/L

Yyh

0.075

g/g

Kibph

0.07

g/L

assume
same as
cellulose
assume
same as
cellulose
assume
same as
cellulose
assume
same as
cellulose

Yym

0.05

g/g

Kibpp

1

g/L

µzhm

0.1

1/h

fit to data
from 26
fit to
experimenta
l data
fit to
experimenta
l data

fit to data
from 27

38

Reference
/justification
assume same
as cellulose
assume same
as cellulose
fit to
experimental
data
fit to
experimental
data
fit to
experimental
data
reasonable
value
20
fit to
experimental
data
fit to
experimental
data
fit to
experimental
data
fit to
experimental
data

Table 2.3 Scaled sensitivities of model parameters. Entries in bold were chosen as
engineering targets.
Engineered
Sensitivity
Value
0.15
1.352

Productivity
(g/L/h)
0.583

Ethanol
(g/L)
27.820

Batch
Time (h)
47.744

0.516

0.361

16.494

45.746

0.15

0.298

0.355

16.094

45.321

0.15

0.1

0.277

0.396

17.403

43.964

0.6

1.2

0.273

0.354

15.756

44.447

αp
Yxh

0.0025

0.005

0.162

0.352

15.782

44.870

0.3

0.25

0.146

0.355

16.215

45.645

βpm

0.005

0.01

0.134

0.351

15.789

44.979

Kimyhm
Yzmp

10

20

0.127

0.354

16.036

45.266

0.280

0.330

0.102

0.365

16.677

45.647

Parameter

Value

Yymh
Yyh

0.18
0.075

0.125

µyhm

0.12

Kmyh
k2
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Figure 2.1 Diagram of the consortium for consolidated bioprocessing
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Figure 2.2 Experimental (points) and in silico (lines) consortium of T. reesei, S.
cerevisiae, and S. stipitis grown on 16 g/L cellulose and 8 g/L xylan
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Figure 2.3 Comparison of T. reesei model results (solid lines) to experimental growth
curves (data points) for (A) growth on 30 g/L xylose and 30 g/L cellulose(Mohagheghi et
al. 1988) and (B) growth on 10 g/L xylan(Gamerith et al. 1992).
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Figure 2.4 Comparison of model (solid lines) to respiratory-deficient S. cerevisiae - S.
stipitis co-culture grown on 50 g/L glucose and 25 g/L xylose (Taniguchi et al. 1997b).
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Figure 2.5 Growth curves for the CBP consortium with an optimized inoculum of 3.0 g/L
T. reesei, 2.3 g/L S. cerevisiae, and 0.7 g/L S. stipitis consuming 50 g/L cellulose and 25
g/L hemicellulose in batch culture
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Figure 2.6 Effect of feedstock composition on the batch time, total ethanol produced, and
ethanol productivity, yield, and profitability of the consortium. Each data point reports
the output variables for a consortium with the inoculum optimized for highest ethanol
productivity from the given feedstock
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CHAPTER 3
DYNAMIC FLUX BALANCE MODELING OF MICROBIAL COCULTURES FOR EFFICIENT BATCH FERMENTATION OF
GLUCOSE AND XYLOSE MIXTURES
Sequential uptake of pentose and hexose sugars that compose lignocellulosic biomass
limits the ability of pure microbial cultures to efficiently produce value-added
bioproducts. In this work, we used dynamic flux balance modeling to examine the
capability of mixed cultures of substrate-selective microbes to improve the utilization of
glucose/xylose mixtures and to convert these mixed substrates into products. Co-culture
simulations of E. coli strains ALS1008 and ZSC113, engineered for glucose and xylose
only uptake respectively, indicated that improvements in batch substrate consumption
observed in previous experimental studies resulted primarily from an increase in ZSC113
xylose uptake relative to wild-type E. coli. The E. coli strain ZSC113 engineered for the
elimination of glucose uptake was computationally co-cultured with wild-type S.
cerevisiae, which can only metabolize glucose, to determine if the co-culture was capable
of enhanced ethanol production compared to pure cultures of wild-type E. coli and the S.
cerevisiae strain RWB218 engineered for combined glucose and xylose uptake. Under
the simplifying assumption that both microbes grow optimally under common
environmental conditions, optimization of the strain inoculum and the aerobic to
anaerobic switching time produced an almost two-fold increase in ethanol productivity
over the pure cultures. To examine the effect of reduced strain growth rates at nonoptimal pH and temperature values, a break even analysis was performed to determine
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possible reductions in individual strain substrate uptake rates that resulted in the same
predicted ethanol productivity as the best pure culture.
3.1 Introduction
For cost-effective conversion of lignocellulosic biomass to value-added products,
microbes must be discovered and engineered to efficiently metabolize sugar mixtures.
Plant derived biomass is a heterogeneous material that produces a variety of pentose and
hexose sugars when subjected to enzymatic hydrolysis (Zaldivar et al. 2001).
Furthermore, the relative composition of these sugars varies significantly with plant
species. Many microbes can rapidly consume glucose and convert it to commodity
biochemicals such as ethanol.

However, large-scale production of such primary

metabolites is not economically feasible unless xylose, the most abundant pentose in
lignocellulosic biomass, is also efficiently metabolized (Hinman et al. 1989). The
identification of specialized microbes that efficiently convert complex sugar mixtures to
targeted biofuels is a key challenge for the emerging cellulosic biofuels industry.
Currently available wild-type microbes are restricted with respect to their substrate
utilization and/or product yield capabilities.
Considerable research has focused on engineering a single microbial strain to convert the
pentose and hexose sugars present in cellulosic hydrolysate to targeted biofuels. These
metabolic engineering efforts have produced mixed results (Matsushika et al. 2009;
Yomano et al. 2008) as complex and poorly understood regulatory mechanisms often
counteract

engineering

strategies

aimed

at

modifying

cellular

metabolism.

Saccharomyces cerevisiae is widely used for the production of ethanol from glucose but
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this yeast does not have all the genes necessary for uptake and metabolism of pentose
sugars. Xylose metabolism has been transferred to S. cerevisiae through the transfection
of the xylose reductase and xylitol dehydrogenase genes from the pentose-utilizing yeast
Scheffersomyces Stipitis (Chu and Lee 2007; Jeffries 2006). However, inefficiencies due
to a redox imbalance between NAD and NADP proton shuttles result in slow pentose
metabolism (Bruinenberg et al. 1983).

Furthermore, xylose is transported into

recombinant S. cerevisiae cells by the same family of hexose transporters (Hxts) that are
used for glucose uptake (Hamacher et al. 2002). Because these transporters have over a
magnitude greater affinity for glucose than xylose, these recombinant yeast utilize xylose
only after depletion of glucose in a pattern of diauxic growth (Kuyper et al. 2005).
Escherichia coli can natively metabolize xylose but this bacterium does not naturally
exhibit high ethanol yields due to the synthesis of mixed fermentation products.
Furthermore, high concentrations of hexose sugars often inhibit xylose uptake by
catabolite repression, resulting in a low yield and/or a delay of fermentation
(Govindaswamy and Vane 2007; Lawford and Rousseau 1994; Sedlak et al. 2003).
Considerable research has focused on engineering E. coli strains that have higher ethanol
productivities. Although strains that express the ethanol dehydrogenase and pyruvate
decarboxylase enzymes from the bacterium Zymomonas mobilis overproduce ethanol,
diauxic consumption of pentose and hexose sugars is still observed (Lawford and
Rousseau 2002).
While metabolic engineering offers the possibility of combining versatile substrate
utilization and high product yields into a single recombinant strain, alternative strategies
should be explored. The unique properties of microbes currently envisioned for biofuels
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production suggest that microbial consortia consisting of synergistic combinations of
pentose and hexose consuming species may offer distinct advantages over single microbe
strategies (Lynd et al. 2002). Rather than attempting to engineer cells to deviate from
their natural metabolic behavior, these consortia take advantage of the native capabilities
of different species to metabolize different sugars and direct available carbon to targeted
biofuels. This strategy allows metabolic engineering efforts to be focused on enhancing
natural behavior rather than introducing foreign genes whose effects are often
counteracted (Kuyper et al. 2005). For example, pentose fermenting microbes have been
co-cultured with hexose fermenting yeasts such as S. cerevisiae to maintain low hexose
sugar concentrations and avoid catabolite repression (Beck et al. 1990; De Bara et al.
2004; Leschine and Canale-Parola 1984; Qian et al. 2006; Taniguichi et al. 1997a;
Taniguichi et al. 1997b).
The development of microbial consortia for efficient biofuels production is a very
challenging problem. Experimental data on the behavior of microbial consortia is
limited, especially for species combinations that do not appear naturally (Fazzini et al.
2010; Ramadas and Thattai 2009; VerBerkmoes et al. 2009). Moreover, purely
experimental approaches are not well suited to handle the wide variability of available
biomass feedstocks and the immense diversity of microbial species. Metabolic modeling
offers the potential for identification of synergistic combinations of biofuels producing
microbes and optimization of fermentation conditions for efficient substrate utilization
and high product yields, thereby informing and guiding experimental efforts. A
promising approach is metabolic flux balance analysis (FBA), where a stoichiometric
model of intracellular metabolism is used to predict growth rates and product yields
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under the assumption that a microorganism distributes carbon flux to achieve maximal
growth (Price et al. 2003; Varma and Palsson 1994). FBA has found very limited
application to microbial consortia, with a single study focused on the syntrophic
relationship between two ruminal bacteria in which the first species synthesizes a product
necessary for growth of the second species (Stolyar et al. 2007). The increasing
availability of genome-scale stoichiometric models for various microbes (Feist et al.
2009; Schellenberger et al. 2010) suggests that FBA is a potentially powerful tool for
analysis and engineering of microbial consortia.
In this study, we utilize a dynamic extension of FBA (Hjersted et al. 2007; Mahadevan et
al. 2002) to simulate and optimize batch cultures of specialized glucose and xylose
consuming microbes. The first system consists of the E. coli mutants ALS1008 and
ZSC113, two strains engineered to selectively uptake glucose and xylose, respectively
(Curtis and Epstein 1975; Eiteman et al. 2008). ZSC113 lacks the mannose and hexose
ATP binding cassettes that allow glucose transport into the cell, along with glucose
kinase required for glucose entry into glycolysis (Curtis and Epstein 1975). These
mutations prevent the microbe from utilizing glucose as a growth substrate. The deletion
of xylose isomerase in the strain ALS1008 prevents this mutant from growing on xylose
(Eiteman et al. 2008). Under the reasonable assumption that the two strains are noninteracting, dynamic flux balance analysis (DFBA) is used to validate experimental batch
culture data (Eiteman et al. 2008) and to determine the initial amount of each cell type for
optimal consumption of the two sugars.
The second system is comprised of wild-type S. cerevisiae and E. coli ZSC113, two
strains that selectively uptake glucose and xylose, respectively. Under the additional
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simplifying assumption that the two strains grow optimally under the same environmental
conditions, DFBA is used to determine the initial concentration of each microorganism
and the aerobic-to-anaerobic switching time that maximizes batch ethanol productivity.
The performance of this consortium is compared to predicted ethanol productivities
achievable with pure cultures of wild-type E. coli K-12 and S. cerevisiae RWB218, a
recombinant yeast capable of xylose metabolism. To examine the effect of reduced strain
growth rates at non-optimal pH and temperature values, an analysis is performed to
determine possible reductions in individual strain substrate uptake rates that result in the
same predicted ethanol productivity as the best pure culture.
3.2 Methods
3.2.1 Co-Culture Stoichiometric Models
The co-culture stoichiometric models used in this study were adapted from the iJR904 E.
coli (Reed et al. 2003) and iND750 S. cerevisiae (Duarte et al. 2004) genome-scale
metabolic reconstructions. The wild-type S. cerevisiae iND750 model consists of 750
genes and 1149 intracellular reactions, which are divided into seven distinct intracellular
compartments. Compartmentalization of the 646 unique metabolites produces a total of
1059 metabolites that are stoichiometrically balanced. The dimensions of the
stoichiometric matrix are 1059 metabolites and 1264 fluxes, which includes the
intracellular reactions and 115 compartmental exchange fluxes. The publicly available
model includes a mostly complete description of xylose metabolism such that the
associated pathways become active only when a xylose uptake rate is specified. The only
modification needed for the xylose utilizing S. cerevisiae strain RWB218 was the
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insertion of the reverse reaction for xylitol dehydrogenase, which increased the number
of fluxes to 1265 for mixed substrate studies.
The wild-type E. coli model iJR904 accounts for 962 genes, 931 fluxes and 625
metabolites. The only modification needed for the glucose-only utilizing E. coli strain
ALS1008 was that the flux bounds for the xylose isomerase catalyzed reaction were
constrained to zero. The xylose-only utilizing E. coli strain ZSC113 was implemented by
constraining the fluxes for glucose exchange and glucose kinase to be zero. The E. coli
models contained a non-growth associated ATP maintenance requirement of 7.6
mmol/gdw (Reed et al. 2003) that placed a minimum xylose uptake rate limit for
anaerobic simulations of the bacterium. The in silico cell was not be able to meet this
demand and grow if the xylose uptake rate was less than 3.75 mmol/gdw/h.
Each flux balance model had the form of a standard linear program:

max µ i = wiT vi
vi

Ai vi = 0
vi ,min ≤ vi ≤ vi ,max
where i represents the species, Ai is the matrix of stoichiometric coefficients, vi is the
vector of reaction fluxes including exchange fluxes, vi,min and vi,max are vectors lower and
upper flux bounds, µi is the growth rate and wi is a vector of experimentally determined
weights that represent the contribution of each flux to biomass formation. Under the
assumption that the two species were non-interacting, the co-culture model for species i
and j was formulated as follows:
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(1)

max µ = µ i + µ j = wiT vi + wTj v j
vi ,v j

 Ai 0   vi  0
 0 A  v  =  
j  j 
0 

 vi ,min   vi   vi ,max 
v
≤ ≤

 j ,min  v j  v j ,max 

(2)

The co-culture objective function was assumed to be the sum of the individual species
growth rates, which was equivalent to assuming each species maximizes its individual
growth rate from the available substrates. The linear programs (1) and (2) were solved
using the Mosek optimization toolbox (Mosek ApS, Denmark) within Matlab
(Mathworks, Natick, MA).
3.2.2 Co-Culture Dynamic Flux Balance Models
The stoichiometric models were adapted for dynamic flux balance analysis by the
addition of the following substrate uptake kinetics:
𝑣𝑔 = 𝑣𝑔,𝑚𝑎𝑥
𝑣𝑧 = 𝑣𝑧,𝑚𝑎𝑥

𝐺

1

(3)

𝐾𝑔 +𝐺 1+ 𝐸
𝑍

𝐾𝑖𝑒

1

𝐾𝑧 +𝑍

𝐸
1+𝐾
𝑖𝑒

𝑣𝑜 = 𝑣𝑜,𝑚𝑎𝑥

𝐾𝑜 +𝑂

𝑂

1

1+

𝐺
𝐾𝑖𝑔

(4)

(5)

where G, Z, O and E are the extracellular concentrations of glucose, xylose, oxygen and
ethanol, respectively, vg,max, vz,max and vo,max are the maximum uptake rates of each
substrate, Kg, Kz and Ko are corresponding saturation constants, and Kie and Kig are
inhibition constants.

The glucose uptake rate (3) is dictated by Michaelis-Menten
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kinetics with the addition of an inhibitory term that reflects growth rate suppression at
high ethanol concentrations. The xylose uptake rate (4) followed similar kinetics with the
addition of a glucose inhibition term to account for catabolite repression that results in
diauxic growth.
Extracellular biomass, glucose, xylose and ethanol were described with the following
equations:
𝑑𝑋𝑔

= 𝜇𝑔 𝑋𝑔

(6)

= 𝜇𝑧 𝑋𝑧

(7)

= −𝑣𝑔 𝑋𝑔

(8)

= −𝑣𝑧 𝑋𝑧

(9)

= (𝑣𝑒,𝑔 𝑋𝑔 + 𝑣𝑒,𝑧 𝑋𝑧 )

(10)

𝑑𝑡

𝑑𝑋𝑧
𝑑𝑡

𝑑𝐺
𝑑𝑡

𝑑𝑍
𝑑𝑡

𝑑𝐸
𝑑𝑡

where Xg and Xz are the biomass concentrations for the glucose and xylose consuming
microbes, respectively, ve,g and ve,z are the ethanol synthesis fluxes for the two microbes,
and µg and µz are the individual microbe growth rates. Oxygen balances were omitted
assuming the dissolved oxygen concentration could be regulated at 0.24 mmol/ for
aerobic simulations.
The substrate uptake parameters used in dynamic flux balance simulations for both wildtype and mutant E. coli and S. cerevisiae strains are listed in Table 3.1. Simulations of the
recombinant strains used the same constants as the wild-type strains except for those
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parameters specified in the table. Differences between the substrate uptake rates under
anaerobic and aerobic growth conditions (Hjersted et al. 2007) were neglected. A set of
mixed substrate growth curves (Eiteman et al. 2008) was used to estimate a value of the
glucose inhibition constant (Ki,g) for wild-type E. coli. The ethanol inhibition constant
(Ki,e) for wild-type E. coli accounted for the negative effect of high ethanol
concentrations on cell growth (Sainz et al. 2003). Based on mixed-substrate experiments
(Eiteman et al. 2008), the glucose uptake parameters for the glucose-only utilizing E. coli
strain ALS1008 were estimated to be the same as for the wild-type values. The
parameters for the ZSC113 xylose uptake kinetics were found by fitting dynamic flux
balance predictions to batch fermentation data (Eiteman et al. 2008).
Dynamic flux balance model simulations were performed in Matlab by simultaneous
solution of the linear program for growth maximization (2) with Mosek and integration of
the extracellular mass balance equations (6)-(10) with the code ode23. The total inoculum
concentration was fixed at 0.1 g/L, with the relative amounts of the two species specified
for each simulation. Unless otherwise noted, all batch simulations were performed with
an initial glucose concentration of 16 g/L and an initial xylose concentration of 8 g/L to
reflect a sugar mixture that could result from the hydrolysis of cellulosic biomass. The
final batch time was determined as the time at which the glucose concentration dropped
below 0.1 g/L and the xylose concentration dropped below 1.5 g/L. Due to the
preferential consumption of glucose by the various species (Chu and Lee 2007; Dien et
al. 2003), the xylose limit usually determined the batch time. For the first system
consisting of the E. coli mutants ALS1008 and ZSC113, batch fermentation performance
was determined by the substrate utilization rate calculated as difference in the initial and
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final total sugar concentrations divided by the batch time. The performance of the second
system comprised of wild-type S. cerevisiae and E. coli ZSC113 was quantified with the
ethanol productivity defined as the final concentration of ethanol divided by the batch
time.
3.3 Results and Discussion
3.3.1 Mono-Culture Simulations
We have validated dynamic flux balance model predictions of wild-type S. cerevisiae
metabolism using transient data for aerobic growth on glucose media in batch culture
(Hanly et al. 2010). Figure 3.1 shows a comparison of batch culture data (Eiteman et al.
2008) and predictions from the wild-type E. coli dynamic flux balance model for batch
aerobic growth on glucose/xylose mixed media. Initial glucose, xylose and biomass
concentrations were obtained from the experimental measurements at time zero. The
maximum xylose uptake rate (vz,max) and the glucose inhibition constant (Ki,g) were
adjusted by trial-and-error to match the experimental and predicted xylose concentration
profiles. The model provided good agreement with the data except for a slight
underprediction of glucose consumption and a slight overprediction of xylose
consumption, which might be attributable to neglecting the transcriptional processes
needed to switch from glucose to xylose metabolism (Khankal et al. 2009). To quantify
the prediction error, we computed the following least-squares error measure e for each
measured variable:

e = 100

n

( yˆ i − y i ) 2

i =1

y i2

∑
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(11)

where y is the measured value, yhat is the corresponding predicted value, and n is the
number of measured data points in the batch run. The error was 65.7% for the biomass
concentration, 35.9% for the glucose concentration and 95.2% for the xylose
concentration.

Diauxic growth was evident with significant xylose consumption

occurring only after glucose was completely exhausted. The batch time at which the
predicted xylose concentration dropped below 1.5 g/L was over 8 hours.
Dynamic model predictions for anaerobic batch growth of wild-type E. coli and
recombinant S. cerevisiae strain RWB218 mono-cultures on glucose/xylose media are
shown in Figure 3.2. As under aerobic conditions, E. coli exhibited a diauxic growth
pattern characterized by very limited xylose consumption prior to exhaustion of glucose
(Figure 3.2A). The resulting batch time of approximately 23 hours was substantially
longer than for aerobic growth. The non-growth associated ATP maintenance
requirement used in the E. coli model caused growth to stop at a xylose concentration of
approximately 1 g/L. A relatively low ethanol concentration of approximately 5 g/L was
predicted at the final batch time. The recombinant S. cerevisiae model predicted a similar
diauxic growth pattern but a much longer batch time of approximately 43 hours due to its
slower growth. While a higher ethanol concentration of approximately 10 g/L was
predicted at the final batch time, the recombinant S. cerevisiae culture was predicted to
have a lower ethanol productivity (0.22 g/L/h) than the wild-type E. coli culture (0.25
g/L/h).
3.3.2 E. coli Co-Culture Simulations
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E. coli batch co-culture simulations for the glucose only consuming mutant ALS1008 and
the xylose only consuming mutant ZSC113 were conducted to analyze and optimize total
substrate utilization rate on mixed media. Only aerobic growth was considered since
substrate utilization was substantially greater than for anaerobic conditions. The
ALS1008 inoculum was varied such that the total initial biomass concentration remained
0.1 g/L to determine the effect of the inoculum on substrate utilization (Figure 3.3A).
Maximal substrate utilization was observed at an ALS1008 inoculum of 0.06 g/L and
ZSC113 inoculum of 0.04 g/L, initial substrate concentrations which caused both the
glucose concentration to drop to 0.1 g/L and the xylose concentration to drop to 1.5 g/L at
the final batch time (Figure 3.3B). The co-culture avoided diauxic growth by consuming
the two substrates simultaneously and the optimal inoculum resulted in the substrates
being equally consumed according to our definition of the batch time.
Also shown in Figure 3.3A are results for E. coli mono-cultures with the xylose uptake
kinetics of the wild-type strain K-12 and the recombinant strain ZSC113, both
implemented with a pure inoculum of 0.1 g/L. The K-12 result was the substrate
utilization rate obtained with the K-12 wild-type strain, while the ZSC113 result
represented the substrate utilization rate obtained with a hypothetical strain that has the
glucose uptake kinetics of the wild-type and the xylose uptake kinetics of ZSC113. The
co-culture was predicted to have a substrate utilization rate approximately 15% greater
than the K-12 wild-type strain. A similar decrease in batch time was observed
experimentally in a co-culture of the two strains (Eiteman et al. 2008). The results
suggested that the improved performance of the co-culture was mostly attributable to the
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enhanced xylose uptake kinetics of the ZSC113 mutant rather than simultaneous
consumption of the two sugars as suggested in the original experimental study.
3.3.3 E. coli/S. cerevisiae Co-Culture Simulations
Batch co-culture simulations for wild-type S. cerevisiae that only consumes glucose and
the xylose only consuming E. coli mutant ZSC113 were conducted to predict and
optimize ethanol productivity on mixed media. First the E. coli/S. cerevisiae inoculum
was optimized for maximal ethanol production under anaerobic growth conditions subject
to the constraint that the total initial biomass concentration remained 0.1 g/L. Then we
considered two growth phases, aerobic growth to promote cell growth followed by
anaerobic growth to achieve ethanol synthesis, and simultaneously optimized the
inoculum and the aerobic-anaerobic switching time for maximal ethanol productivity.
Simulations were performed assuming the two species were non-interacting and that each
species was able to achieve optimal growth at a common pH and temperature. The effect
of reduced strain growth rates at non-optimal pH and temperature values also was
investigated (Davison and Stephanopoulos 1986).
The S. cerevisiae inoculum was varied to determine the effect of initial substrate
concentrations on ethanol productivity for the given sugar mixture (Figure 3.4). The total
inoculum concentration was fixed at 0.1 g/L. The end points corresponded to pure
cultures of xylose only consuming ZSC113 (left) and glucose only consuming wild-type
S. cerevisiae (right). Maximal ethanol productivity was achieved at a S. cerevisiae
inoculum of 0.035 g/L and ZSC113 inoculum of 0.065 g/L. The optimal ratio of S.
cerevisiae to ZSC113 in the inoculum was found to be the same as the ratio of the
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glucose and xylose sugars they consume, namely 2/1. Further demonstrating that
concurrent substrate consumption is desirable, the batch times with respect to glucose and
xylose were equal at this optimal inoculum.
The effect of the aerobic-anaerobic switching time on ethanol productivity was analyzed
for the optimal E. coli/S. cerevisiae inoculum determined under anaerobic conditions
(Figure 3.5A). The end points corresponded to pure aerobic growth (left) and pure
anaerobic growth (right). For this inoculum, the switching time had a relatively small
effect with the optimal time of approximately 8.5 hours yielding a productivity less than
10% higher than that obtained for the worse case, purely aerobic growth. As before, the
optimum corresponded to the case where the substrates were equally consumed according
to our definition of the batch time. A second, lower peak observed at a switching time of
approximately 4.0 hours was attributable to complete xylose consumption by ZSC113
during the aerobic growth phase. Beyond this point ZSC113 does not grow anaerobically
and produces no ethanol, eliminating any advantage of the co-culture.
Next the inoculum and the aerobic-anaerobic switching time were varied simultaneously
to determine the optimal combination for ethanol production. The problem was simplified
by noting that optimal performance would occur when both substrates reached their
defined batch-ending concentrations simultaneously. Therefore, the optimal inoculum for
each switching time was determined by varying the inoculum composition until the final
batch times computed with respect to the two substrates were within 0.1 hours (Figure
3.5B). The ZSC113 inoculum was a monotonically decreasing function of the switching
time because the longer aerobic phases favored E. coli growth and xylose consumption.
By contrast, the switching time had a well defined maximum as cell growth was
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insufficient at shorter switching times and ethanol synthesis was unduly sacrificed at
longer times. An optimal productivity of 1.0 g/L/h was achieved for an inoculum of 0.088
g/L S. cerevisiae and 0.012 g/L ZSC113 at a switching time of 6.0 hours. The small
ZSC11 fraction in the optimal inoculum produced a high density of S. cerevisiae cells
and maintained a high xylose concentration for ethanol production during the anaerobic
growth phase. Concentration profiles for the optimal case demonstrate that ZSC113 and
S. cerevisiae biomass concentrations were roughly equal throughout the batch (Figure
3.6).
Figure 3.7 provides a comparison of predicted batch ethanol productivities from
glucose/xylose media with six combinations of strains, inoculums and growth conditions:
(1) recombinant S. cerevisiae strain RWB218 in anaerobic culture (Figure 3.2B); (2)
wild-type E. coli strain K-12 in anaerobic culture (Figure 3.2A); (3) RWB218 with
optimized aerobic-anaerobic switching time; (4) K-12 with optimized aerobic-anaerobic
switching time; (5) co-culture of wild-type S. cerevisiae and recombinant E. coli strain
ZSC113 in anaerobic culture with optimized inoculum (Figure 3.5A); and (6) co-culture
of wild-type S. cerevisiae and ZSC113 with optimized inoculum and aerobic-anaerobic
switching time (Figure 3.5B). For mono-cultures grown under anaerobic conditions,
wild-type E. coli provided a slight improvement in ethanol productivity compared to the
S. cerevisiae strain engineered for xylose consumption. Mono-culture productivity
enhancements of approximately 40% were achieved by allowing combined aerobicanaerobic growth and optimizing the switching time between the two growth phases. The
co-culture grown under anaerobic conditions yielded a productivity increase of more than
10% greater than the best mono-culture. Optimization of the aerobic-anaerobic switching
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time produced a substantial co-culture productivity increase of almost 100% compared to
the optimized anaerobic co-culture.
We further explored optimization of the E. coli/S. cerevisiae system for different
glucose/xylose mixtures representative of hydrolysates derived from biomass feedstocks.
Figure 3.8 shows the optimal solutions obtained for glucose/xylose ratios in the range 1-4
for media containing 24 g/L total sugars. For each case, the inoculum and the aerobicanaerobic switching time were adjusted using the iterative procedure described earlier to
achieve maximal ethanol productivity. Because S. cerevisiae yielded more ethanol from
glucose than did ZSC113 from xylose, the productivity was a monotonically increasing
function of the glucose/xylose ratio (Figure 3.8A). As expected, the ZSC113 inoculum
increased as the glucose/xylose ratio decreased as only ZSC113 consumed the pentose
sugar. The aerobic-anaerobic switching time increased with increasing glucose/xylose
ratio because a longer aerobic phase could occur with a larger ZSC113 inoculum without
encountering completely non-fermentative xylose consumption by the bacterium, while
the batch time was relatively constant since the total inoculum and total sugar
concentration were held constant (Figure 3.8B).
The previous co-culture modeling results were obtained under the simplifying assumption
that wild-type S. cerevisiae and the recombinant E. coli strain ZSC113 were able to
achieve their optimal growth rates at a common pH and temperature. This assumption
allowed the substrate uptake kinetics determined at optimal conditions for the individual
microbes to be used directly in the co-culture model. Because wild-type E. coli and S.
cerevisiae are known to have different preferred growth conditions(Davison and
Stephanopoulos 1986), the effect of reduced strain growth rates at common, non-optimal
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pH and temperature values was investigated. Figure 3.9 shows the effect of individually
reducing the maximum uptakes rate of glucose for wild-type S. cerevisiae or xylose for
ZSC113 on the ethanol productivity. For each point shown, the inoculum and the aerobicanaerobic switching time were optimized. Productivity was significantly more sensitive
to the xylose uptake rate than the glucose uptake rate, suggesting that optimal growth
conditions for the co-culture would likely be closer to the optimal pH and temperature for
E. coli than the optimal values for S. cerevisiae. The highest predicted productivity
obtained for an optimized mono-culture was approximately 0.5 g/L/h (Figure 3.7). The
results in Figure 3.9 indicate that an optimized co-culture could yield higher
productivities despite substantial reductions in individual microbe uptake rates. We are
currently performing experiments to test this hypothesis.
3.4 Conclusions
We utilized dynamic flux balance modeling to simulate and optimize batch co-cultures of
specialized glucose and xylose consuming microbes under the assumptions that the
microbes were non-interacting and both microbes grew optimally under common
environmental conditions. The modeling work presented here represents a first step in in
silico design of microbial consortia for efficient consumption of pentose and hexose
sugars derived from lignocellulosic biomass. Additional improvements may be achieved
through in silico implementation of metabolic engineering strategies, in particular gene
insertions experimentally shown to increase ethanol production in S. cerevisiae (Bro et al.
2006) and E. coli (Ohta et al. 1991). Future work will focus on experimental validation of
the model assumptions and predictions for the E. coli/S. cerevisiae system. Key to this
effort will be identification of a common pH and temperature that offers the best
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compromise between growth rates of the two microbes. Our simulation results and
previous experimental studies (Davison and Stephanopoulos 1986; Qian et al. 2006)
suggest that optimal growth conditions for the co-culture would likely be closer to the
optimal pH and temperature for S. cerevisiae than to the optimal values for E. coli. We
will investigate possible mutualistic or antagonistic effects of metabolites excreted by the
microbes into the growth medium on co-culture behavior. Interactions will be identified
by comparing the growth rates of mono-cultures of S. cerevisiae on glucose and E. coli
ZSC113 on xylose to their collective performance in co-culture.
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Table 3.1 Substrate uptake parameter values used in dynamic flux balance analysis of
wild-type and recombinant E. coli and S. cerevisiae strains.
Wild-type
parameter

E. coli value

Reference

S. cerevisiae
value

vg,max (mmol/g/h)

10.5

Varma & Palsson 1994

22.4

Kg (g/L)

0.0027

Wong et al. 1997

0.8

vo,max (mmol/g/h)

15

Varma and Palsson 1994

2.5

Ko (mmol/L)

0.024

0.003

vz,max (mmol/g/h)

6

0

—

Kz (g/L)

0.0165

Meadows et al. 2010
Shamanna & Sanderson
1979
Shamanna & Sanderson
1979

Reference
Hjersted & Henson
2009
Hjersted & Henson
2009
Hjersted & Henson
2009
Hjersted & Henson
2009

0

—

Ki,g (g/L)

0.005

—

0.5

Ki,e (g/L)

—

10

Mutant parameter

20
ZSC113
value

Hjersted et al. 2007
Hjersted & Henson
2009

vg,max (mmol/g/h)

0

—

7.3

Kuyper et al. 2005

Kg (g/L)

0

—

1.026

Kuyper et al. 2005

vz,max (mmol/g/h)

12

—

32

Kuyper et al. 2005

Kz (g/L)

0.25

—

14.026

Kuyper et al. 2005

RWB218 value
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Figure 3.1 Comparison of model predictions and experimental data (Eiteman et al. 2008)
for wild-type E. coli aerobically consuming a mixture of glucose and xylose.
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Figure 3.2 Dynamic flux balance model predictions for anaerobic batch growth of wildtype E. coli (A) and S. cerevisiae (B) mono-cultures on glucose/xylose media.
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Figure 3.3 Dynamic flux balance model predictions for aerobic batch growth of a coculture comprised of E. coli recombinant strains ALS1008 and ZSC113 on
glucose/xylose media. The substrate utilization rate was determined as a function of the
ALS1008 inoculum concentration (blue dots). Also shown are the substrate utilization
rates predicted for the K-12 wild-type E. coli strain (green solid line) and for a
hypothetical E. coli strain that had the glucose uptake kinetics of the wild-type and the
xylose uptake kinetics of ZSC113 (red dashed line) (A). The individual strain, glucose
and xylose transient concentrations are shown for the optimal inoculum (B).
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Figure 3.4 Dynamic flux balance model predictions for anaerobic batch growth of a coculture comprised of wild-type S. cerevisiae and E. coli recombinant strain ZSC113 on
glucose/xylose media. The ethanol productivity was determined as a function of the S.
cerevisiae inoculum concentration.
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Figure 3.5 Dynamic flux balance model predictions for combined aerobic-anaerobic
batch growth of a co-culture comprised of wild-type S. cerevisiae and E. coli
recombinant strain ZSC113 on glucose/xylose media. The ethanol productivity was
determined as a function of the aerobic-anaerobic switching time at the optimal inoculum
for anaerobic growth (A) and the ZSC113 inoculum concentration and the aerobicanaerobic switching time (B).
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Figure 3.6 Dynamic flux balance model predictions for combined aerobic-anaerobic
batch growth of a co-culture comprised of wild-type S. cerevisiae and E. coli
recombinant strain ZSC113 on glucose/xylose media. The individual strain, glucose,
xylose and ethanol transient concentrations are shown for the optimal inoculum and
aerobic-anaerobic switching time in Figure 3.5.
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Figure 3.7 Comparison of predicted batch ethanol productivities from glucose/xylose
media with different combinations of strains, inoculums and growth conditions:
recombinant S. cerevisiae strain RWB218 in anaerobic culture (RWB218 Ana); wild-type
E. coli strain K-12 in anaerobic culture (K-12 Ana); RWB218 with optimized aerobicanaerobic switching time (RWB218 Opt); K-12 with optimized aerobic-anaerobic
switching time (K-12 Opt); co-culture of wild-type S. cerevisiae and recombinant E. coli
strain ZSC113 in anaerobic culture with optimized inoculum (Co-culture Ana); and (6)
co-culture of wild-type S. cerevisiae and ZSC113 with optimized inoculum and aerobicanaerobic switching time (Co-culture Opt).
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Figure 3.8 Dynamic flux balance model predictions for combined aerobic-anaerobic
batch growth of a co-culture comprised of wild-type S. cerevisiae and E. coli
recombinant strain ZSC113 on glucose/xylose media. The ethanol productivity was
determined as a function of the inoculum concentration (A) and the aerobic-anaerobic
switching time and batch time (B) over a range of glucose/xylose concentrations.
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Figure 3.9 Dynamic flux balance model predictions for combined aerobic-anaerobic
batch growth of a co-culture comprised of wild-type S. cerevisiae and E. coli
recombinant strain ZSC113 on glucose/xylose media. The S. cerevisiae maximum uptake
rate and the ZSC113 xylose uptake rate were reduced individually and the inoculum
concentration and the aerobic-anaerobic switching time were optimized for each case.
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CHAPTER 4
DYNAMIC FLUX BALANCE MODELING OF S. CEREVISIAE AND
E. COLI CO-CULTURES FOR EFFICIENT CONSUMPTION OF
GLUCOSE/XYLOSE MIXTURES
Current research into the production of biochemicals from lignocellulosic feedstocks are
focused on the identification and engineering of individual microbes that utilize complex
sugar mixtures.

Microbial consortia represent an alternative approach that has the

potential to better exploit individual species capabilities for substrate uptake and
biochemical production. In this work, we construct and experimentally validate a
dynamic flux balance model of a Saccharomyces cerevisiae and Escherichia coli coculture designed for efficient aerobic consumption of glucose/xylose mixtures. Each
microbe is a substrate specialist, with wild-type S. cerevisiae consuming only glucose and
engineered E. coli strain ZSC113 consuming only xylose, to avoid diauxic growth
commonly observed in individual microbes. Following experimental identification of a
common pH and temperature for optimal co-culture batch growth, we demonstrate that
pure culture models developed for optimal growth conditions can be adapted to the
suboptimal, common growth condition by adjustment of the non-growth associated ATP
maintenance of each microbe. By comparing pure culture model predictions to co-culture
experimental data, the inhibitory effect of ethanol produced by S. cerevisiae on E. coli
growth was found to be the only interaction necessary to include in the co-culture model
to generate accurate batch profile predictions. Co-culture model utility was demonstrated
by predicting initial cell concentrations that yield simultaneous glucose and xylose
exhaustion for different sugar mixtures. Successful experimental validation of the model
predictions demonstrated that steady-state metabolic reconstructions developed for
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individual microbes can be adapted to develop dynamic flux balance models of microbial
consortia for the production of renewable chemicals.
4.1 Introduction
The development of alternative, renewable feedstocks to reduce or replace our
dependence on fossil fuels has emerged as a paramount challenge for maintaining the
economic security and environmental well being of the United States and other developed
countries. Most current research efforts are aimed at identifying and engineering
individual, omnipotent microbes for biochemicals production. Currently available
microbes are restricted with respect to their substrate utilization and/or product yield
capabilities. Some microbes such as Escherichia coli and Scheffersomyces stipitis can
ferment hexose sugars and pentose sugars such as xylose, which is one of the main
products of enzymatic lignocellulose degradation. However, high concentrations of
hexose sugars such as glucose often inhibit xylose uptake by catabolite repression,
resulting in diauxic growth patterns and low productivities (Govindaswamy and Vane
2007; Lawford and Rousseau 1994; Sedlak et al. 2003). Metabolic engineering efforts
aimed at expanding substrate versatility and improving biochemical productivity have
produced mixed results (Abbott et al. 2009; Saerens et al. 2010; van Maris et al.
2006).While progress has been made on engineering xylose utilization in Saccharomyces
cerevisiae (van Zyl et al. 2007), the problem of diauxic growth persists as xylose is
translocated through the same family of transporters as glucose but at a much lower
affinity. Furthermore, the addition of non-native pathways and functionality can place a
detrimental metabolic burden on the organism (Lee et al. 2008). Despite decades of
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research, a microbe capable of rapidly utilizing both pentose and hexose sugars has yet to
be discovered or created.
While metabolic engineering offers the possibility of combining efficient sugar utilization
and high product yields into a single mutant strain, alternative approaches have recently
emerged. Microbial consortia consisting of synergistic combinations of sugar consuming
and biochemical producing species may offer distinct advantages over single microbe
strategies (Brenner et al. 2008; Lee et al. 2008). Because natural microbial consortia are
too complex to be used directly for biochemical production, research has focused on
synthetic consortia comprised of a few well characterized and readily engineered
microbes. Such consortia offer the advantage of segregated metabolic function, which
both distributes the metabolic burden among member organisms and segregates key
pathways for independent optimization. Mixed-culture systems can be more robust than
pure cultures, as the population of each species can be adjusted according to the amount
of available substrate to maximize productivity (Eiteman et al. 2009). These consortia
can be designed to take advantage of the native capabilities of different microbes to
metabolize pentose and hexose sugars (Alper and Stephanopoulos 2009). Then metabolic
engineering efforts can be focused on enhancing the natural behavior of the individual
microbes instead of engineering a single, omnipotent microbe.
A common approach to maintain low hexose concentrations and avoid catabolite
repression is to co-culture a pentose fermenting microbe with a hexose fermenting yeast
(Beck et al. 1990; De Bari et al. 2004; Leschine and Canale-Parola 1984; Qian et al.
2006; Taniguchi et al. 1997a; Taniguchi et al. 1997b). For example, co-culture systems
comprised of a respiratory deficient S. cerevisiae mutant for glucose consumption and S.
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stipitis for xylose consumption have been investigated for ethanol production (Laplace et
al. 1993b; Taniguchi et al. 1997a; Taniguchi et al. 1997b). Recently a co-culture system
comprised of glucose and xylose specific E. coli mutants was developed to co-utilize
these substrates (Eiteman et al. 2008) and to convert them into lactate (Eiteman et al.
2009). Despite these studies, the development of microbial consortia for efficient sugar
consumption and biochemicals production remains a largely unstudied problem.
Constraints-based modeling with genome-scale pathway reconstructions is widely used
for in silico metabolic analysis and engineering of individual microbes (Feist et al. 2009;
Fong et al. 2005; Price et al. 2003; Varma and Palsson 1994). The challenges associated
with extending these methods to microbial consortia for

biochemicals production

include: (1) accounting for non-optimal, common fermentation conditions needed to
promote consortia growth; (2) describing the dynamic conditions that exist in batch and
fed-batch mixed-cultures; and (3) identifying and incorporating interaction effects
between the various microbes. While several investigators have proposed the use of
genome-scale flux balance models for the analysis of microbial co-culture systems
(Klitgord and Segrè 2010; Salimi et al. 2010; Stolyar et al. 2007; Zhuang et al. 2011),
generally applicable modeling and analysis tools that parallel methods for pure cultures
need to be developed.
In this work, we focus on the problem of efficient glucose and xylose utilization with a
co-culture system comprised of wild-type S. cerevisiae and the engineered E. coli strain
ZSC113. Our interest in this particular system was attributable to several factors. S.
cerevisiae rapidly consumes glucose, while E. coli can natively metabolize pentose
sugars such as xylose (Ohta et al. 1991; Yomano et al. 2008). A stable mixed-culture of
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these two microbes has been developed for continuous fermentation (Davison and
Stephanopoulos 1986a). Synergy has been observed in the fermentation of biomass
hydrolysates, as S. cerevisiae can metabolize some compounds that are toxic to E. coli
(Okuda et al. 2008; Qian et al. 2006). Furthermore, both microbes have well established
genome-scale reconstructions (Duarte et al. 2004; Reed et al. 2003) for metabolic
analysis and engineering, and genetic engineering tools exist for realizing favorable in
silico strategies. Because glucose is the preferred substrate of both organisms, we utilized
the engineered E. coli strain ZSC113 (Curtis and Epstein 1975) that is unable to
metabolize glucose due to gene deletions for the glucose and mannose ABC transporters
and the enzyme hexokinase that catalyzes the first reaction in glycolysis to ensure coutilization of the two substrates. This strain has been previously used in co-culture with a
glucose-specific E. coli mutant to produce lactate from mixtures of glucose and xylose
(Eiteman et al. 2008; Eiteman et al. 2009).
We recently developed a dynamic flux balance model for this co-culture system by
combining genome-scale metabolic reconstructions of the two individual organisms
(Hanly and Henson 2011). The co-culture model was used to perform in silico studies of
anaerobic growth and ethanol optimization in batch culture. Model parameters were
obtained from previous experimental studies or simply assigned reasonable values
without experimental validation. By contrast, the goal of the present study is to
experimentally validate the ZSC113/S. cerevisiae system model for aerobic growth on
glucose/xylose mixtures and to illustrate that the model can be used to optimize substrate
consumption rates such that batch times are minimized. Model parameters are estimated
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from batch fermentation data, and extensibility to different culture conditions is tested
using batch data for different substrate concentrations.
4.2 Materials and Methods
4.2.1 Microorganisms and Media
The wild-type S. cerevisiae strain H1022 (ATCC 32167) was used as the glucose
consuming strain in the co-culture. Stock cultures were maintained on YPG agar plates
stored at 4˚C. The xylose consuming strain E. coli ZSC113 was obtained from the Yale
Coli Genetic Stock Center (New Haven, CT) and maintained on LB agar. A synthetic
medium composed of 1.00 g MgSO4 ·7 H2O, 1.10 g/L KCl, 0.15 g CaCl2 · 2 H2O, 1.00 g
(NH4)2HPO4, 8.75 g/L (NH4)2SO4, 60.3 mg myo-inositol, 30.0 mg Ca-panthothenate, 6.0
mg thiamine-HCl, 1.5 mg pyridoxine-HCl, 0.03 mg biotin, 15.0 mg FeCl3 · 6 H2O, 10.6
mg MnSO4 · H2O, 9.0 mg ZnSO4 · 7 H2O, and 2.4 mg CuSO4 · 2 H2O per liter,
supplemented with the desired amounts of glucose and xylose, was used for all bioreactor
cultivations (Rieger et al. 1983). The growth rate of E. coli in this media was shown to be
similar to that obtained with M9 minimal media (data not shown). Before inoculation
into the bioreactors, pre-cultures of the pure organisms were grown at 30˚C and 200 RPM
for 18 hours in 60 mL shake flasks. S. cerevisiae was grown in the synthetic media with
20 g/L glucose, while lysogeny broth was used to pre-culture ZSC113.
4.2.2 Fermentation
Fermentations were conducted in an HEL BioX array of 4 parallel 250 mL vessels
situated in a shared heating block (HEL Group Ltd., Barnet, UK). Electrochemical probes
monitored the dissolved oxygen and pH in each vessel, while individual thermocouples
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recorded the media temperatures. Aerobic conditions at a dissolved oxygen concentration
of 20% or greater were maintained by sparging each reactor with house air at a rate of
200 cc/min and an impeller speed of 700 RPM. The operating setpoints of each reaction
vessel, including temperature, pH and agitation rate, were set individually for each
reactor through winISO software package (HEL Group Ltd., Barnet, UK). The pH of
each fermentation was controlled at setpoint by the automatic addition of 1 N hydrogen
sulfate or 2 N NaOH. Antifoam A was added to the reactors as necessary to prevent
foaming. The initial working volume of each fermentation was 215 mL. Samples of 4
mL were drawn from each vessel using a peristaltic pump intermittently throughout the
lag phase and once every hour during exponential growth. The first 3 mL of each sample
was discarded to ensure media was taken from the reactor bulk and not from the fluid
entrained in the sample tubing. The remaining 1 mL was analyzed for biomass and
metabolite concentrations.
4.2.3 Analytical Methods
S. cerevisiae and E. coli grown in co-culture fermentations were distinguished and
enumerated with a Coulter Multisizer 3 (Beckman Coulter, Brea, CA). Due to the size
difference of the two microbes, the populations appeared as two separate peaks in the size
distribution (Davison and Stephanopoulos 1986b). A 30µm aperture was used to best
capture the peaks centered around 1 µm for E. coli and 8 µm for S. cerevisiae. A 10-100
µL sample was dispersed in 60 mL of 2% NaCl solution so that the total cell count in the
100 µm analytical volume was between 10,000 and 30,000 (Drake and Tsuchiya 1973).
The total cell volume per mL of media was calculated from cell counts repeated in
triplicate, then averaged using the Multisizer software package (Beckman Coulter, Brea,
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CA). A linear regression between the dry cell weight and cell volume as measured by the
Coulter counter was established for each strain. The slopes found for S. cerevisiae and E.
coli ZSC113 were 3.62x10-13 and 6.16x10-13 g/µm3, respectively.
Growth in S. cerevisiae and ZSC113 pure culture fermentations was monitored by both
the Coulter counter method and by weighing pellets from 10 mL media samples that had
been centrifuged and dried overnight in an oven set to 120˚C. Biomass concentrations in
pre-culture shake flasks and pure culture fermentations were measured by correlating the
optical density at 595 nm to dry cell weight. A WPA UV1101 Biotech Photometer
(Biochrom Ltd., Cambridge, UK) was used to measure optical density. A regression
coefficient of 0.408 g/L/OD was found for S. cerevisiae and 0.260 g/L/OD was found for
E. coli ZSC113. Samples were diluted with sterile media so that each OD reading was
less than 0.4 and well within the linear range of the dry weight correlation. Each
fermentation was initialized with a total biomass concentration of 0.1 g/L by measuring
the biomass concentration in the pre-culture and calculating the culture volume required
to inoculate at the target cell density. Allowing for error in the biomass measurements
and the time elapsed from biomass measurement to inoculation, we estimate that the
initial biomass concentrations was within 0.001 g/L of the target value for each cell type.
Extracellular metabolite concentrations were measured with two YSI 2700 SELECT
biochemistry analyzers with the appropriate membrane-bound enzymes and buffers (YSI
Inc., Yellow Springs, OH). One unit was configured for the measurement of ethanol,
while the other unit was configured for the simultaneous measurement of glucose and
xylose. Raw readings were interpreted by the 2700 Xylose PC Software (YSI Inc.,
Yellow Springs, OH) to resolve cross-talk between membranes. Samples were diluted
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with sterile media as necessary to ensure all measurements remained in the range of
linear correlation.
4.2.4 Model Development
The co-culture stoichiometric matrix was constructed from the genome-scale metabolic
reconstructions S. cerevisiae iND750 (Duarte et al. 2004) and E. coli iJR904 (Reed et al.
2003) assuming the species were non-interacting as previously described (Hanly and
Henson 2011). The wild-type E. coli model was modified by constraining flux bounds for
glucose exchange and glucose kinase at zero to mathematically represent the associated
gene deletions. Flux distributions for S. cerevisiae (vy) and E. coli ZSC113 (vc) were
calculated from the following linear program based on the additional assumption that the
two species attempted to maximize their individual growth rates:

max μ = μ y + μ c = w Ty v y + w cT v c
v y ,vc

 A y 0   v y   0
 0 A v  =  
 0
c  c 

 v y,min   v y   v y,max 
v
≤ ≤

 c,min   v c   v c,max 

(1)

where the subscript i represents the species, Ai is the matrix of stoichiometric coefficients,
vi is the vector of reaction fluxes including exchange fluxes, vi,min and vi,max are vectors of
lower and upper flux bounds, µi is the growth rate, and wy and wc are vectors of
experimentally determined weights that represent the contribution of each flux to biomass
formation in S. cerevisiae (Duarte et al. 2004) and E. coli (Reed et al. 2003), respectively.
The co-culture objective function µ was taken to be the sum of the individual species
growth rates. Given that this approach represented a simple extension of pure culture
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models, the two species did not compete for the same substrates and more complex
objective functions were not needed to match batch fermentation data (see Results), this
assumption was deemed sufficient for the present study.

Because competition for

common growth substrates and product inhibition were the only major interactions
identified between wild-type S. cerevisiae and E. coli (Davison and Stephanopoulos
1986a),no interactions in the form of metabolite exchange was included in the co-culture
model and the stoichiometric matrix had the assumed block diagonal structure. The
relative contributions of biomass precursors to cell mass formation were expected to
change in response to environmental conditions (Senger 2010). While the NGAM
parameter has been used as an approximation to a set of dynamic weighting coefficients
(Senger and Papoutsakis 2008), we assumed constant model parameters for simplicity
and because time-varying weights were not needed to match batch fermentation data. The
co-culture model was also used to simulate pure cultures of S. cerevisiae and E. coli by
constraining all fluxes of the unmodeled organism to zero. The steady-state flux balance
model (1) was made dynamic through the addition of the following extracellular mass
balance equations:
dX y
dt

= µy X y

(2)

dX c
= µc X c
dt

(3)

dG
= −v g X y
dt

(4)
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dX y
dt

= −v z X c

(5)

dE
= ve , y X y + ve,c X c
dt

(6)

where Xy and Xc are the biomass concentrations of S. cerevisiae and ZSC113,
respectively, G, Z, and E are the concentrations of glucose, xylose, and ethanol,
respectively, ve,y and ve,c are the ethanol exchange fluxes for the two microbes, and vg and
vz are glucose and xylose uptake rates, respectively. Oxygen balances were omitted under
the reasonable assumption that the dissolved oxygen concentration was regulated at or
above 0.1 mmol/L through aeration and agitation.
Upper bounds on sugar and oxygen uptake rates due to transport limitations were
calculated using the following kinetic expressions:
v g = v g ,max

G
Kg + G

v z = v z ,max

z
Kz + Z

vo = vo ,max

1

E
1+
K ie

1

E
1+
K ie

O
Ko + O

(7)

(8)

(9)

where vg,max, vz,max and vo,max are the maximum uptake rates of each substrate, Kg, Kz and
Ko are corresponding saturation constants, and Kieg

and Kiez are ethanol inhibition

constants. The glucose (7) and xylose (8) uptake rates were assumed to follow Michaelis-
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Menten kinetics with an additional inhibitory term that reflects growth rate suppression at
high ethanol concentrations (Hjersted et al. 2007). Oxygen uptake was calculated from a
Michaelis-Menten expression based on the dissolved oxygen content of the medium
(Sonnleitner and Käppeli 1986a). Different oxygen uptake parameters were used for each
organism.
Under aerobic conditions S. cerevisiae can consume ethanol as a growth substrate after
glucose is exhausted from the media, while E. coli is unable to metabolize ethanol
(Echave et al. 2002). Mahadevan and co-workers previously demonstrated the capability
of a dynamic flux balance model to capture diauxic growth of E. coli on glucose and
acetate (Mahadevan et al. 2002). Because ethanol diffuses freely across the plasma
membrane (Guijarro and Lagunas 1984), S. cerevisiae ethanol uptake does not follow
typical saturation type kinetics. We modeled this behavior by removing the lower bound
on the ethanol exchange flux:
− ∞ < ve , y < ∞

(10)

A positive flux indicated ethanol production, while a negative flux occurred during
ethanol consumption. The amount of ethanol actually consumed in silico was determined
by the amount of oxygen available. When grown in aerobic batch culture S. cerevisiae
consumes glucose oxido-fermentatively, producing more ethanol and utilizing less
oxygen than when glucose uptake is maintained at or below the respiratory capacity of S.
cerevisiae in continuous culture (Sonnleitner and Käppeli 1986a). Because ethanol
consumption by S. cerevisiae is purely respiratory, the maximum oxygen uptake rate had
to be increased to accurately model this growth phase. Once the predicted glucose
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concentration dropped below 0.01 g/L, a value at which ethanol consumption was first
observed experimentally, the maximum oxygen uptake rate was increased to reflect this
change in metabolic phenotype.
4.2.5 Estimation of Substrate Uptake Parameters
Pure culture and co-culture dynamic flux balance models were solved by using the
Mosek optimization toolbox (Mosek ApS, Denmark) to resolve the linear program for
intracellular metabolism and the differential equation solver ode23 in Matlab
(Mathworks, Natick, MA) (Hjersted and Henson 2006) to integrate the extracellular mass
balance equations. Sugar uptake parameters for each microbe were determined by trialand-error as the combination of maximum uptake and saturation constants that minimized
the least squares error between predicted and measured batch concentration profiles for
anaerobic pure cultures. The S. cerevisiae ethanol inhibition constant (Kieg) was fixed at
the value used in our previous modeling study (Hjersted and Henson 2009), while the
glucose uptake parameters (vg,max, Kg) were estimated from biomass, glucose and ethanol
concentration profiles during the exponential growth phase. Because ZSC113 pure
cultures did not produce sufficient ethanol to elicit an inhibitory response, the parameters
adjusted were vz,max and Kz and the data used were biomass, xylose and ethanol
concentration profiles.
With sugar uptake parameters held constant, the oxygen uptake parameters (vo,max, Ko) for
each organism were found by trial-and-error minimization of the least squares error
between predicted and measured batch concentration profiles for aerobic pure cultures
following the procedure outlined above. Because ZSC113 does not produce ethanol
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aerobically, the data used in this case were only the biomass and xylose concentration
profiles. To model the S. cerevisiae metabolic phenotype change that occurs following
the switch to ethanol as the carbon source, the maximum oxygen uptake (vo,max) was
increased to 8.0 mmol/gdw/h for growth on ethanol (Sonnleitner and Käppeli 1986a). The
ethanol inhibition constant (Kiez) for ZSC113 xylose uptake was found by minimizing the
least squares error between co-culture model predictions and ZSC113 biomass and xylose
concentration profiles from a co-culture experiment where the ethanol concentration was
sufficiently high to cause growth inhibition. The resulting parameter values are shown in
Table 4.1.
4.2.6 Inoculum Optimization
The co-culture dynamic flux balance model was used to predict the S. cerevisiae and
ZSC113 inoculum that would simultaneously exhaust a given mixture of glucose and
xylose. Determination of this optimal inoculum was achieved through an iterative
algorithm that used the initial glucose and xylose concentrations as inputs. The algorithm
was initialized with an equal inoculum of each organism such that the total inoculum
concentration was 0.1 g/L. The co-culture model was simulated with this inoculum, and
batch times with respect to glucose and xylose were calculated. The glucose and xylose
batch times were defined as the times at which glucose was 98% consumed and xylose
was 85% consumed, respectively. If the difference Δtb between the glucose and xylose
batch times was greater than 0.05 hours, the inoculum was adjusted by an amount
proportional to Δtb:
y 0,n +1 = y o ,n + 0.002∆t b ,n
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(11)

c0,n+1 = co ,n − 0.002∆t b ,n

(12)

where y0,n and c0,n are the inoculum concentrations of S. cerevisiae and ZSC113 for
iteration n. Therefore if the xylose batch time was greater than the glucose batch time
(Δtb < -0.05 h), the S. cerevisiae inoculum was decreased and the ZSC113 inoculum was
increased. Iterations continued until |Δtb| < 0.05 hour.
4.3 Results
The procedure used to construct the dynamic flux balance model of the S. cerevisiae/E.
coli ZSC113 co-culture system is depicted in Figure 4.1. Pure culture batch fermentation
experiments were performed to determine the substrate uptake kinetics of each microbe at
its optimal pH and temperature. These uptake kinetics were combined with genome-scale
reconstructions of intracellular metabolism and dynamic extracellular mass balances to
develop a pure culture dynamic flux balance model of each microbe for growth on its
respective substrate. A series of pure culture batch experiments were performed to
determine a common pH and temperature that maximized combined biomass productivity
of the two microbes. We found that good predictions of pure culture dynamics could be
obtained simply by increasing the non-growth associated ATP maintenance of each
microbe. Then a series of co-culture experiments were performed for different substrate
mixtures to identify possible interactions between the two microbes. We found that a coculture dynamic flux balance model with good predictive capabilities could be developed
simply by introducing ethanol inhibition into the xylose uptake rate to reflect ZSC113
growth suppression.
4.3.1 Pure Cultures at Optimal Growth Conditions
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Following the procedure shown in Figure 4.1, we first conducted pure culture batch
experiments at the optimal growth conditions for each microbe to estimate substrate
uptake parameters and to access the pure culture dynamic flux balance models. These
fermentations were performed at 30˚C and pH 5 for S. cerevisiae and 37˚C and pH 7 for
ZSC113. A comparison of measured concentration profiles and corresponding model
predictions for aerobic batch cultures of S. cerevisiae and ZSC113 are shown in Figure
4.2. The substrate uptake parameters used in these simulations are listed in Table 4.1. The
ZSC113 model predictions (Figure 4.2A) were very satisfactory with only small
differences observed between the measured and predicted profiles. An ethanol
concentration profile was not shown for this case because E. coli does not produce this
metabolic byproduct under aerobic conditions.
The S. cerevisiae model predictions (Figure 4.2B) were very good with the exception of
the biomass concentration following the transition from glucose to ethanol as the carbon
source. The observed biomass overprediction was attributable to unmodeled
transcriptional and translational processes needed to synthesize enzymes for ethanol
catabolism. Because these dynamics were not included in the model, the diauxic lag
between the glucose and ethanol growth phases was not captured. However, the ultimate
goal of this study was to engineer the co-culture system such that glucose and xylose
were simultaneously exhausted. As shown below, ethanol consumption was minimal
under these conditions and modeling of diauxic growth was not necessary.
4.3.2 Determination of Common Growth Conditions
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Because S. cerevisiae and E. coli do not share the same optimal growth conditions, a
common temperature and pH for co-culturing the microbes had to be determined.
Previous studies involving co-cultures of these two organisms used different growth
conditions that depended on the specific strains and the particular application (Davison
and Stephanopoulos 1986a; Davison and Stephanopoulos 1986b; Okuda et al. 2008; Qian
et al. 2006). Because the co-culture flux balance model (1) was formulated to maximize
total biomass, the temperature and pH that maximized the normalized biomass
productivity was chosen for further co-culturing of the two microbes. The biomass
productivity of each organism was determined by dividing the individual microbe
biomass produced in co-culture by the time required to reach stationary phase. The
normalized biomass productivity of each microbe was calculated by dividing the biomass
productivity for a particular co-culture growth condition by the biomass productivity
obtained for the optimal growth condition in pure culture. The total normalized biomass
productivity was defined as the sum of the two individual values.
Co-culture fermentations inoculated with 0.05 g/L of each microbe and initiated with 16
g/L glucose and 8 g/L xylose were conducted at an array of temperatures between 30 and
37˚C and pH values between 5 and 7. We first performed co-culture experiments at the
four possible combinations of optimal pH and temperatures for the two strains, and then
narrowed our search around the combination that yielded the best normalized biomass
productivity. The results shown in Table 4.2 indicate that the best common growth
conditions corresponded to a temperature of 32.5˚C and a pH of 5.5. This combination
produced a normalized biomass productivity of 1.7, only 15% below the maximum
possible value of 2. We found that both S. cerevisiae and E. coli ZSC113 were most
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sensitive to pH, probably due to the strong effect of pH on the energy each microbe must
expend to establish and maintain the proton motive force. The best pH was closest to the
S. cerevisiae optimum, most likely because the yeast TCA cycle operates most efficiently
in the pH range 4–6 (Blank and Sauer 2004). The optimal pH identified through this
series of co-culture experiments was near the value at which the growth rate of wild-type
E. coli on glucose in continuous culture begins to drop with decreasing pH (Davison and
Stephanopoulos 1986b).
4.3.3 Pure Cultures at Suboptimal Growth Conditions
Flux balance analysis is based in the assumption that the modeled organism grows under
optimal culture conditions. Because S. cerevisiae and E. coli do not share the same
optimal growth temperature and pH, the dynamic flux balance models developed for
optimal growth conditions must be adapted to the common growth conditions determined
experimentally. We investigated two methods for adapting the pure culture models to
these suboptimal growth conditions. The first approach involved re-estimating the
substrate uptake parameters from batch fermentation data collected at the suboptimal
conditions. While this approach generated models that could accurately reproduce the
concentration profiles used for estimation, unsatisfactory predictions were obtained when
the models were validated with other glucose/xylose mixtures (not shown). We found
that more accurate predictions over a range of initial substrate concentrations could be
obtained by increasing the non-growth associated maintenance (NGAM) for each
organism while leaving the substrate uptake parameters fixed at the values estimated at
optimal growth conditions. While this approach was not entirely mechanistic, the
microbes were expected to be less energetically efficient at suboptimal growth conditions
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and NGAM adjustments were deemed to be reasonable. Meadows and coworkers have
demonstrated that NGAM for engineered E. coli can be expressed as a function of the
extracellular environment (Meadows et al. 2010).
Figure 4.3 shows a comparison of measured concentration profiles with those predicted
with the original NGAM values and the optimized NGAM values for pure batch cultures
grown at the common, suboptimal conditions of 32.5˚C and 5.5 pH. For each microbe,
the optimized results were obtained by manually adjusting the NGAM value such that the
least-squares error between the predicted and measured profiles was minimized. The
necessary adjustments from the original values were 7.6 to 10.5 mmol/gdw/h for E. coli
ZSC113 and 1.0 to 3.6 mmol/gdw/h for S. cerevisiae. Due to increased non-growth
associated consumption of energy, slower growth rates and longer batch times were
observed at the suboptimal conditions. The S. cerevisiae model predicted that redox
balance at suboptimal conditions was maintained through a small increase of 0.1 g/L in
the ethanol flux. The model fits shown in Figure 4.3 are comparable to those in Figure
4.2 for pure cultures at optimal growth conditions, with the error in the predicted S.
cerevisiae biomass profile again due to the unmodeled diauxic lag. Furthermore, the pure
culture models with adjusted NGAM values were extensible to other substrate mixtures
(shown below). Therefore, we concluded that adjustment of the NGAM provided a
simple and effective means to adapt each pure culture model to the common growth
conditions needed for co-culturing the two microbes.
4.3.4 Co-culture at Identified Growth Conditions
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Having established that the individual dynamic flux balance models could predict pure
batch fermentations at the identified co-culture conditions, the two microbes were cocultured at these conditions with an equal inoculum with 0.05 g/L of each organism. A
co-culture dynamic flux balance model generated directly from the two pure culture
models generated satisfactory predictions of S. cerevisiae glucose consumption, biomass
production and ethanol synthesis modulo the diauxic lag (Figure 4.4A), suggesting that S.
cerevisiae was largely uninfluenced by the presence of ZSC113. By contrast, predicted
ZSC113 xylose consumption and biomass production were substantially higher than
observed experimentally (not shown). E. coli growth inhibition was also observed when
the wild types strains were co-cultured in a continuous bioreactor under substrate
competition (Davison and Stephanopoulos 1986a). Therefore, we hypothesized that the
growth of ZSC113 was inhibited by a metabolic byproduct excreted by S. cerevisiae.
Recognizing that ZSC113 was exposed to much higher concentrations of ethanol in coculture than in pure culture and that ethanol is a known inhibitor of E. coli growth, we
incorporated an ethanol inhibition term into the ZSC113 xylose uptake rate (8). The
ZSC113 predictions in Figure 4.4A generated with the ethanol inhibition constant Kie =
8.0 g/L produced excellent agreement with experiment, suggesting that this simple
modification was sufficient to capture species interactions. However, this result does not
preclude the possibility of other unmodeled interactions including

ZSC113 growth

inhibition due to other byproducts excreted by S. cerevisiae.
4.3.5 Inoculum Optimization
Because the batch co-culture experiment shown in Figure 4.4A was performed with an
equal inoculum with 0.05 g/L of each organism, glucose was consumed much faster by S.
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cerevisiae than xylose was consumed by ZSC113. Compared to pure cultures, a
significant advantage of mixed-cultures is that the initial concentration of each organism
can be tuned for the specific substrate mixture to achieve efficient co-utilization of
available substrates and maximization of culture productivity (Eiteman et al. 2009). Since
the co-culture model was able to generate excellent predictions up to the diauxic switch
(Figure 4.4A), we hypothesized that the model could be used for in silico determination
of an optimal inoculum that would produce simultaneous exhaustion of the two sugars.
Our hypothesis was first tested for initial sugar concentrations of 16 g/L glucose and 8
g/L xylose as described in the Materials and Methods. The co-culture dynamic flux
balance model predicted that an inoculum of 0.027 g/L S. cerevisiae and 0.073 g/L
ZSC113 would yield simultaneous exhaustion of the two sugars at 9.8 hours. This
prediction proved to be highly accurate, as the validation experiment performed also
resulted in a final batch time of 9.8 hours (Figure 4.4B). As an unoptimized inoculum
with equal initial species concentrations produced a batch time of 11.5 hours, the
optimization procedure generated a 15% decrease in batch time (Table 4.3) and a
corresponding increase in the productivity of substrate consumption. More generally, the
co-culture model produced satisfactory predictions of all concentration profiles up to the
S. cerevisiae diauxic shift to growth on ethanol following sugar exhaustion.
To further validate the co-culture model and its ability to predict optimal inocula, we
investigated two other mixtures with 24 g/L total sugar. When the sugar mixture was 12
g/L glucose and 12 g/L xylose, an equal inoculum produced an experimental batch time
of 11.8 hours and a predicted batch time of 12.5 hours (Table 4.3). Glucose was
completely consumed approximately 5.5 hours before xylose exhaustion due to the
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relatively high initial xylose/glucose ratio (Figure 4.5A). By contrast, an optimized
inoculum with 0.0125 g/L S. cerevisiae and 0.0875 g/L ZSC113 produced an
experimental batch time of 9.9 hours, corresponding to a 18% reduction in batch time
compared to the unoptimized case. For both inocula, the co-culture model generated
satisfactory predictions of the sugar, biomass and ethanol concentration profiles until S.
cerevisiae growth on ethanol following sugar exhaustion (Figure 4.5B) Similar results
were obtained for a sugar mixture of 8 g/L glucose and 16 g/L xylose, with an optimized
inoculum of 0.0075 g/L S. cerevisiae and 0.0925 g/L ZSC113 producing an experimental
batch time of 10.9 hours and a 14% time reduction from the unoptimized case (Table
4.3). With the exception of the glucose concentration for the unoptimized case, the coculture model generated satisfactory predictions prior to the S. cerevisiae diauxic lag
(Figure 4.6).
4.4 Discussion
We

proposed

a

general

methodology

for

converting

steady-state

metabolic

reconstructions of individual microbes into dynamic flux balance model of microbial
consortia. The approach requires the availability of genome-scale reconstructions or other
suitable metabolic flux balance models, possibly modified to represent engineered mutant
behavior. A dynamic flux balance model of each organism is constructed by augmenting
the metabolic flux description with dynamic extracellular mass balances and substrate
uptake kinetics identified from pure culture batch experiments. Experimental design is
used to search over a feasible range of temperature and pH values to identify conditions
that maximize consortium biomass production. Using data from pure culture experiments
performed at these identified conditions, each individual dynamic flux balance model is
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adjusted to consortium growth conditions by increasing the non-growth associated ATP
maintenance to reflect depressed growth. A series of mixed-culture experiments are
performed to identify possible interactions between the microbes for incorporation into
the consortium dynamic flux balance model. The exact nature of the species interactions
and the best method for modeling the interactions is expected to be highly system
dependent. In the present study, species interactions could be handled simply by adding
ethanol inhibition to the ZSC113 xylose uptake equation. For symbiotic systems where
metabolite cross-feeding occurs, the co-culture stoichiometric matrix would need to be
modified. Following successful experimental validation, the consortium model can be
used for in silico investigations of metabolic and process engineering strategies designed
to enhance consortium performance.
The model building procedure was applied to the problem of efficient glucose and xylose
utilization with a co-culture system comprised of wild-type S. cerevisiae that consumes
only glucose and the engineered E. coli strain ZSC113 that consumes only xylose.
Starting with available genome-scale metabolic reconstructions, we constructed dynamic
flux balance models that were able to accurately predict sugar, biomass and ethanol
concentration profiles from batch pure culture experiments performed at the optimal
temperature and pH of each microbe. The main shortcoming of the pure cultures models
was the inability of the S. cerevisiae model to capture the diauxic lag due to the transition
from glucose to ethanol as the carbon source. However this simplification was deemed
acceptable since the ultimate goal of this study was to engineer the co-culture system
such that glucose and xylose were simultaneously exhausted, conditions under which
ethanol consumption will be minimal.
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Co-culture experiments performed at different combinations of temperature and pH that
spanned the optimal growth conditions of the individual microbes showed that maximal
co-culture biomass production was achieved at 32.5˚C and 5.5 pH. Both organisms were
particularly sensitive to pH, with the optimal co-culture pH being closest to the preferred
S. cerevisiae value of 5. We found that the pure culture models developed for optimal
growth conditions could be readily adapted to the identified co-culture conditions by
increasing the NGAM flux of each microbe. Increasing the maintenance demands
allowed the co-culture model to reproduce the decreased biomass yields of S. cerevisiae
and ZSC113 at suboptimal temperature and pH. This result demonstrates a possible
advantage of using genome-scale metabolic reconstructions for co-culture model
development as the NGAM mainly accounts for ATP consumption outside of primary
metabolism and most likely improves model extensibility to different growth conditions.
The explicit inclusion of reactions that utilize ATP to maintain membrane gradients and
other cell processes in the stoichiometric matrix could further improve model predictions.
The pure culture models with increased NGAM were combined to produce a co-culture
dynamic flux balance model assuming no interactions between the two microbes.
Comparison of co-culture model predictions and co-culture batch data showed that
ZSC113 growth was inhibited compared to pure culture growth. Because co-cultures had
elevated ethanol levels due to S. cerevisiae overflow metabolism and ethanol is a well
known inhibitor of E. coli growth, an ethanol inhibition term was incorporated into the
xylose uptake rate to account for ZSC113 growth suppression. The resulting co-culture
model was able to accurately predict sugar, species and ethanol concentration profiles for
different glucose/xylose mixtures up to the S. cerevisiae diauxic switch. The inhibitory
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effect of ethanol secreted by S. cerevisiae on ZSC113 growth was the only interspecies
interaction identified in this study. However, co-culturing these strains may induce
transcriptional changes that have more subtle effects on cell metabolism. A more
comprehensive analysis could be performed by collecting gene expression data from pure
and mixed cultures to identify downregulated and upregulated genes for possible
incorporation into the co-culture dynamic flux balance model.
Some co-culture model parameters used in this study differ from those used in our
previous modeling study on S. cerevisiae/E. coli co-cultures (Hanly and Henson 2011).
The previous model employed larger maximum xylose and oxygen uptake parameters
and a much smaller ethanol inhibition constant for xylose uptake. These differences were
directly attributable to the assumption that optimal growth environments were achieved
for both organisms despite co-culturing. Consequently, the previous model overpredicted
xylose uptake at low ethanol concentrations and probably underpredicted xylose uptake
at high ethanol concentrations.
In co-culture batch experiments with an equal S. cerevisiae and ZSC113 inoculum,
glucose was consistently exhausted before xylose for all sugar mixtures considered due to
the relatively slow growth of ZSC113 on xylose. Therefore, we embedded the co-culture
dynamic flux balance model within a simple iterative algorithm to predict the inoculum
and batch time necessary to simultaneously exhaust the two sugars for a given mixture.
We experimentally implemented the computed inocula for three sugar mixtures and
found that the co-culture model produced accurate predictions of the batch time and
concentration profiles for simultaneous exhaustion of the two sugars. The ability to adjust
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the inoculum according to the relative abundance of the fermentable substrates produced
an average reduction in batch time of 15% compared to an equal inoculum.
The microbial co-culture system investigated in this study was specifically designed for
efficient aerobic consumption of glucose/xylose mixtures. Further enhancements in sugar
consumption rates may be achieved through the development of more sophisticated
fermentation strategies such as fed-batch operation or staggering the inoculation of the
two organisms. The system also could be engineered for aerobic conversion of these
substrates into specific products. For example, the co-culture dynamic flux balance model
could be used to screen candidate gene deletions and insertions for increased growth and
product formation rates. In principle, the integrated experimental/modeling approach
developed in this study could be pursued to optimize the co-culture system for anaerobic
fermentation and the synthesis of metabolic byproducts such as ethanol. We found that
ZSC113 exhibited very slow anaerobic growth rates at the aerobic co-culture conditions
identified in this study (data not shown). This demonstrates that different co-culture
conditions will be necessary to promote anaerobic growth. Previous use of ZSC113 in
anaerobic co-culture has followed an initial aerobic growth phase (Eiteman et al. 2008),
suggesting additional engineering of ZSC113 metabolism will be required for the
proposed system to be feasible for anaerobic fermentation.
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Table 4.1 Substrate uptake parameters for the co-culture dynamic flux balance model
Parameter

E. coli ZSC113

S. cerevisiae

vg,max (mmol/g/h)
25.9
Kg (g/L)
0.5
vz,max (mmol/g/h)
9
Kz (g/L)
0.01
Ki,e (g/L)
8
10
vo,max (mmol/g/h)
8
1.5*
Ko (mmol/L)
0.001
0.003
*The vo,max was increased to 8.0 mmol/g/h for S. cerevisiae growth on ethanol.
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Table 4.2 Normalized biomass productivities for batch co-cultures grown with different
combinations of temperature and pH
pH
7
Temperature
(°C)

30
32.5
35
37

0.663
1.000

6
0.943
1.093
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5.5
1.580
1.680
1.024
0.963

5.25
1.289
0.967

5
1.360
0.497

Table 4.3 Comparison of experimental and predicted co-culture batch times for equal and
optimized inoculums
Unoptimized

Optimized

Sugar
Mixture (g
Glucose/ g
Xylose)

Inoculum (g
S. cerevisiae /
g ZSC113)

Experiment

Model

16/8

0.05/0.05

11.6

12/12

0.05/0.05

8/16

0.05/0.05

Batch Time
Reduction (%)

Experiment

Model

Experiment

Model

11.5

Inoculum
(g S.
cerevisiae /g
ZSC113)
0.027/0.073

9.8

9.8

15.5

14.9

11.8

12.5

0.0125/0.0875

9.9

10.3

16.1

18.2

12.7

12.8

0.0075/0.0925

10.9

10.4

14.2

18.6

Batch Time (h)
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Batch Time (h)

Figure 4.1 Procedure for converting single microbe metabolic reconstructions into a
dynamic flux balance model (DFBM) of the S. cerevisiae and E. coli ZSC113 co-culture
system
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Figure 4.2 Experimental data (points) and best-fit pure culture model simulations with
original NGAM values (solid lines) for aerobic batch fermentations performed at optimal
growth conditions for each microbe. (a) ZSC113 grown at 37˚C and pH 7 and (b) S.
cerevisiae grown at 30˚C and pH 5
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Figure 4.3 Experimental data (points), pure culture model simulations with original
NGAM values (dashed lines) and best-fit pure culture model simulations with optimized
NGAM values (solid lines) for aerobic batch fermentations performed at suboptimal
growth conditions (32.5˚C and 5.5 pH) for each microbe. (a) ZSC113 predictions
obtained by increasing NGAM from 7.6 to 10.5 mmol/gdw/h and (b) S. cerevisiae
predictions obtained by increasing NGAM from 1.0 to 3.6 mmol/gdw/h
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Figure 4.4 Experimental data (points) and co-culture model predictions (solid lines) for
aerobic batch fermentations with 0.1 g/L total inoculum for a sugar mixture of 16 g/L
glucose and 8 g/L xylose. (a) Equal inoculum with 0.5 g/L of each microbe and (b)
optimized inoculum with 0.027 g/L S. cerevisiae and 0.073 g/L ZSC113
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Figure 4.5 Experimental data (points) and co-culture model predictions (solid lines) for
aerobic batch fermentations with 0.1 g/L total inoculum for a sugar mixture of 12 g/L
glucose and 12 g/L xylose. (a) Equal inoculum with 0.5 g/L of each microbe and (b)
optimized inoculum with 0.0125 g/L S. cerevisiae and 0.0875 g/L ZSC113
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Figure 4.6 Experimental data (points) and co-culture model predictions (solid lines) for
aerobic batch fermentations with 0.1 g/L total inoculum for a sugar mixture of 8 g/L
glucose and 16 g/L xylose. (a) Equal inoculum with 0.5 g/L of each microbe and (b)
optimized inoculum with 0.0075 g/L S. cerevisiae and 0.0925 g/L ZSC113
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CHAPTER 5
DYNAMIC METABOLIC MODELING OF A MICROAEROBIC
YEAST CO-CULTURE: PREDICTING AND OPTIMIZING
ETHANOL PRODUCTION FROM GLUCOSE/XYLOSE MIXTURES

A key step in any process that converts lignocellulose to biofuels is the efficient
fermentation of both hexose and pentose sugars. The co-culture of respiratory-deficient
Saccharomyces cerevisiae and wild-type Scheffersomyces stipitis has been identified as a
promising system for microaerobic ethanol production because S. cerevisiae only
consumes glucose while S. stipitis efficiently converts xylose to ethanol. To better predict
how these two yeasts behave in batch co-culture and to optimize system performance, a
dynamic flux balance model describing co-culture metabolism was developed from
genome-scale metabolic reconstructions of the individual organisms. First a dynamic
model was developed for each organism by estimating substrate uptake kinetic
parameters from batch pure culture data and evaluating model extensibility to different
microaerobic growth conditions. The co-culture model was constructed by combining the
two individual models assuming a cellular objective of total growth rate maximization.
To obtain accurate predictions of batch co-culture data collected at different microaerobic
conditions, the S. cerevisiae maximum glucose uptake rate was reduced from its pure
culture value to account for more efficient S. stipitis glucose uptake in co-culture. The
dynamic co-culture model was used to predict the inoculum concentration and aeration
level that maximized batch ethanol productivity. The model predictions were validated
with batch co-culture experiments performed at the optimal conditions. Furthermore, the
dynamic model was used to predict how engineered improvements to the S. stipitis xylose
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transport system could improve co-culture ethanol production. These results demonstrate
the utility of the dynamic co-culture metabolic model for guiding process and metabolic
engineering efforts aimed at increasing microaerobic ethanol production from
glucose/xylose mixtures.
5.1 Background
An essential component of the quest for energy independence is to develop renewable
sources of energy via the conversion of plant biomass to liquid transportation fuels.
Lignocellulosic biomass is a heterogeneous collection of polymers that compose plant
cell walls, namely celluloses, hemicelluloses, pectins, lignins and proteoglycans (Lynd et
al. 2002). The production of liquid fuels from biomass currently occurs in four major
steps: pretreatment to make the feedstock more amenable to enzymatic degradation,
hydrolysis of the cellulose and hemicellulose fractions to release sugar monomers and
oligomers, fermentation of the released hexose and pentose sugars to produce fuels, and
recovery of the fuels from the reactor bulk using separation technologies such as
distillation (Lynd et al. 2008; Wyman 2007).
The fermentation of sugar mixtures that result from biomass hydrolysis is a significant
bottleneck in the overall process. Few fermentative microbes that efficiently convert both
hexose and pentose sugars to liquid fuels such as ethanol have been identified (Gírio et al.
2010; Gowen and Fong 2010). The majority of current research efforts are focused on
engineering multiple metabolic functionalities, such as the introduction of exogenous
pentose consumption pathways, into a single organism (Ha et al. 2011). However, this
approach often results in conversion inefficiencies due to bottlenecks in metabolic
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pathways and may place a heavy metabolic burden on the organism (Almeida et al. 2011;
Pickens et al. 2011). In recent years, research has increasingly focused on the use of
defined microbial consortia for biotechnology applications (Brenner et al. 2008).
Microbial communities perform the task of biomass degradation in nature, albeit at a rate
much slower than required for an industrial process (Wei et al. 2009). Mixed cultures
allow for the selection of microbes that are best suited for performing one task of the
overall conversion process (Alper and Stephanopoulos 2009) and moves the engineering
focus from introducing new functionalities to improving existing metabolic pathways.
Other benefits of mixed culture systems include tunability and increased resistance to
environmental stress (Eiteman et al. 2009; Fazzini et al. 2010).
Saccharomyces cerevisiae is a robust, budding yeast that has been widely used for
fermentation of refined corn starch to fuel ethanol (Chemier et al. 2009). Because this
yeast is Crabtree-positive, excess sugar that would otherwise overload its limited
respiratory capacity overflows into the fermentative pathway. Thus, the yeast produces
significant titers of ethanol when grown aerobically in batch culture (Sonnleitner and
Käppeli 1986b). However, S. cerevisiae is unable to utilize pentose sugars, such as xylose
and arabinose, that result from the hydrolysis of hemicellulose. The engineering of
pentose metabolism into the S. cerevisiae genome has been achieved, but problems with
co-factor imbalances and gene expression have hindered the efficiency of these mutants
(Matsushika et al. 2009).
Another species of yeast, Scheffersomyces stipitis (formerly known as Pichia stipitis), can
natively ferment xylose to ethanol but it retains a preference for glucose as the carbon
source. The growth and metabolite profile of this yeast is highly sensitive to the
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oxygenation level. Unlike S. cerevisiae, S. stipitis is a Crabtree-negative yeast that only
produces ethanol under oxygen-limited conditions (Passoth et al. 1996). S. stipitis is
among the most efficient native fermenters of xylose when grown under microaerobic
culture conditions. In certain aeration regimes, however, this yeast can reassimilate
ethanol while often simultaneously consuming other growth substrates (Silva et al. 2012).
Unlike most fermentative microorganisms, wild-type S. stipitis is unable to grow
anaerobically. Insertion of the URA1 gene from S. cerevisiae has been shown to enable S.
stipitis to grow anaerobically on glucose (Shi and Jeffries 1998). However, there are no
known gene insertions that allow for S. stipitis anaerobic growth on xylose
(Balagurunathan et al. 2012; Caspeta et al. 2012). Thus, aeration level is a critical
operating variable that must be tightly regulated to maximize xylose conversion to
ethanol by wild-type S. stipitis.
S. cerevisiae and S. stipitis have been co-cultured for the production of ethanol from
glucose and xylose mixtures (Delgenes et al. 1998; Srilekha Yadav et al. 2011; Taniguchi
et al. 1997b). In these studies, a respiratory-deficient strain of S. cerevisiae was used so
the dissolved oxygen concentration could be more easily controlled at a level that was
favorable for ethanol production by S. stipitis. Because it lacks the respiratory capability
of a wild-type strain, respiratory-deficient S. cerevisiae could not utilize non-fermentable
carbon sources such as ethanol once glucose had been exhausted (Goldring et al. 1971).
The inability of these strains to grow on the ethanol produced under certain microaerobic
conditions resulted in high ethanol titers. In fact, co-culturing these two yeasts on a
mixture of glucose and xylose has been shown to yield more ethanol than can be
produced by either yeast alone (Taniguchi et al. 1997b).
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Constraint-based analysis using genome-scale metabolic reconstructions is a widely used
computational tool for predicting how fluxes through microbial metabolic pathways will
respond to changes in the culture environment or gene deletions/insertions (Feist et al.
2009; Price et al. 2003). With the addition of substrate uptake kinetics and extracellular
mass balances on growth-limiting substrates and metabolic byproducts, these steady-state
models can be adapted to predict culture dynamics that are critical in batch and fed-batch
fermentations (Hjersted and Henson 2006; Mahadevan et al. 2002; Varma and Palsson
1994). Recently, constraints-based modeling has been applied to mixed-culture systems
(Salimi et al. 2010; Stolyar et al. 2007; Zhuang et al. 2011). In addition to describing
individual species metabolism, mixed-cultures models must account for possible
interactions between the species as well as postulate a community objective that captures
the combined metabolic behavior. While the assumption that each species attempts to
maximize its own growth rate is most common, other community objectives that capture
more complex behavior such as altruism can be employed (Zomorrodi and Maranas
2012).
In this study, we used dynamic flux balance analysis (DFBA) to drive the experimental
optimization of ethanol production from a respiratory-deficient S. cerevisiae and wildtype S. stipitis co-culture growing microaerobically on a mixture of glucose and xylose.
A dynamic model of S. stipitis metabolism was developed from a recently published
genome-scale reconstruction (Balagurunathan et al. 2012) by estimating glucose and
xylose uptake parameters from batch pure culture data. Because the respiratory-deficient
S. cerevisiae mutant had non-specific genetic alterations, we considered several plausible
modifications of the wild-type metabolic network (Feist and Bernhard 2008) to develop a
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S. cerevisiae dynamic model consistent with batch pure culture data. Co-culture
experiments demonstrated that S. cerevisiae competed less successfully for glucose than
expected from combining the pure culture dynamic models under the community
objective of total biomass maximization. A revised co-culture model with reduced S.
cerevisiae glucose uptake was shown to provide accurate predictions of batch co-culture
data over a range of microaerobic growth conditions. The experimentally validated model
was used to optimize the batch ethanol productivity by adjusting the inoculum
concentrations and the aeration level. Finally, the model was used to examine what
modifications to the S. stipitis xylose transport system would yield the largest
improvements in co-culture ethanol production.
5.2 Methods
5.2.1 Experimental
The wild-type S. stipitis strain NRRL Y-7124 (ATCC 58376) was used in this study. S.
cerevisiae 311 (ATCC 42511), a mutant that was created by treating a wild-type strain
with ethidium bromide (Heerde and Radler 1978), was chosen as the respiratory-deficient
S. cerevisiae strain. Stocks of the two yeasts were stored at 4 °C on YM agar slants.
All pure and mixed cultures were performed in a synthetic yeast minimal medium
(Rieger et al. 1983). The composition per liter of water was 1.00 g MgSO4 ·7 H2O, 1.10
g/L KCl, 0.15 g CaCl2 · 2 H2O, 1.00 g (NH4)2HPO4, 8.75 g/L (NH4)2SO4, 60.3 mg myoinositol, 30.0 mg Ca-panthothenate, 6.0 mg thiamine-HCl, 1.5 mg pyridoxine-HCl, 0.03
mg biotin, 10.6 mg MnSO4 · H2O, 9.0 mg ZnSO4 · 7 H2O, 5.0 mg FeSO4 · 7 H2O, and
2.4 mg CuSO4 · 2 H2O. Pre-cultures in media containing 20 g/L glucose and 20 g/L
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xylose for S. cerevisiae and S. stipitis, respectively, were grown at 30 °C for 36 hours on
a shake table set at 175 RPM. The inoculum concentration for each experiment was
determined by calculating the volume of preculture required to obtain the target initial
concentration of each cell type using the measured biomass concentration in the shake
flask media.
All fermentations were performed in a HEL BioX array of 4 250 mL vessels situated in a
shared block that provided both electric heat and independent magnetic agitation (HEL
Group Ltd., Barnet, UK). Electrochemical probes monitored the dissolved oxygen and
pH in each vessel, while individual thermocouples recorded the media temperatures.
Bioreactor cultivations were performed at a constant temperature of 30°C and pH of 5,
the optimal growth conditions for each yeast species (Laplace et al. 1991). The pH in
each vessel was controlled by the automatic addition of 1 N sulfuric acid or 2 N NaOH.
Glucose and xylose were autoclaved separately and added to the growth media in the
amounts indicated for each experiment. Antifoam A was added to the reactors as
necessary to prevent foaming.
Aeration of culture media was found to be a crucial operating variable. The agitation
speed was held constant at 500 RPM for both pure and mixed culture fermentations. The
gas flow rate into each reactor was altered according to the aeration level required for
each experiment. A linear relationship between the gas sparge rate and the gas-liquid
oxygen mass transfer coefficient (kLa) was determined using the static gassing out
method (Lamping et al. 2003). Purely aerobic cultures were aerated with pure oxygen,
while microaerobic fermentations were aerated with house air passed through a HEPAVENT filter (Whatman Ltd., Kent, UK).
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Total cell weight was measured using a correlation between OD595 measured on a WPA
UV1101 Biotech Photometer (Biochrom Ltd., Cambridge, UK) and dry cell weight. Cell
counts of S. cerevisiae and S. stipitis in co-culture were performed on a hemacytometer in
triplicate and averaged. A typical cell count considered approximately 50 S. cerevisiae
cells and 200 S. stipitis cells. Conversion factors between dry cell weight and number of
cells were found by drying pure culture samples of each yeast after cell counts had been
performed. These factors were found to be 0.006943 gdw/L for S. cerevisiae and
0.001944 gdw/L for S. stipitis. Ethanol, glucose and xylose concentrations were
measured by YSI 2700 SELECT biochemistry analyzers (YSI Inc., Yellow Springs, OH)
configured with the enzyme-bound membranes specified for each metabolite. Raw
readings were interpreted by 2700 Xylose PC Software (YSI Inc., Yellow Springs, OH)
to resolve cross-talk between the xylose and glucose specific membranes.
5.2.2 Modeling
The most comprehensive S. cerevisiae metabolic reconstruction currently available,
iMM904 (Mo et al. 2009), was used for pure and mixed culture simulations. The fully
compartmentalized network was reconstructed from 904 genes and accounts for 1228
metabolites and 1412 reactions. S. stipitis metabolism was simulated with iBB814
(Balagurunathan et al. 2012), the first published genome-scale reconstruction for this
organism. This model accounts for 814 genes, 971 metabolites and 1371 reactions that
are compartmentalized in the cytoplasm, mitochondria, and extracellular space.
Following the publication of iBB814, a slightly more detailed S. stipitis metabolic
reconstruction was developed (Caspeta et al. 2012). We do not anticipate that the use of
this alternative reconstruction would significantly alter the results reported in this paper.
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The S. cerevisiae/S. stipitis co-culture model was constructed by combining the iMM904
and iBB814 stoichiometric matrices into a single matrix (Hanly and Henson 2011). Flux
distributions for S. cerevisiae (vc) and S. stipitis (vs) were calculated by solving the
following linear program based on the assumption that the two species attempted to
maximize their individual growth rates:

max μ = μ c + μ s = w Tc v c + w sT v s
vc ,vs

 A c 0   v c  0 
 0 A   v  = 0 
 
s  s 

 v c, min   v c   v c, max 
v
≤ ≤

 s, min   v s   v s, max 

(1)

where the subscript i represents the species, Ai is the matrix of stoichiometric coefficients,
vi is the vector of reaction fluxes including exchange fluxes, vi,min and vi,max are vectors of
lower and upper flux bounds, µi is the growth rate, and wc and ws are vectors of
experimentally determined weights that represent the contribution of each flux to biomass
formation in S. cerevisiae (Mo et al. 2009) and S. stipitis (Balagurunathan et al. 2012),
respectively. Other than competing for the common substrate glucose, the two yeasts
were assumed to grow independently without species interactions. Therefore the coculture objective function µ was assumed to be the sum of the individual species growth
rates, and the inclusion of multi-level objective functions (Zomorrodi and Maranas 2012)
was deemed unnecessary. The co-culture model was also used to simulate pure cultures
of S. cerevisiae and S. stipitis by constraining all fluxes of the unmodeled organism to
zero.
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The steady-state flux balance model (1) was extended to a dynamic model through the
addition of the following extracellular mass balance equations:

dX c
= µc X c
dt
dX s
= µs X s
dt
dG
= −v g ,c X c − v g , s X s
dt

(2)

(3)

(4)

dZ
= −v z , s X s
dt

(5)

dE
= ve ,c X c + ve,s X s
dt

(6)

dO
= −vo ,c X c − vo , s X s + k L a (O * −O)
dt

(7)

where Xc and Xs are the biomass concentrations of S. cerevisiae and S. stipitis,
respectively, G, Z, and E are the concentrations of glucose, xylose, and ethanol,
respectively, ve,c and ve,s are ethanol exchange fluxes, vg,c is the glucose uptake rate for S.
cerevisiae, and vg,s and vz,s are the glucose and xylose uptake rates, respectively, for S.
stipitis. An equation for the dissolved oxygen concentration (O) was necessary to
accurately describe microaerobic growth of S. stipitis (see results). In this equation (7),
vo,c and vo,s are oxygen exchange fluxes, kLa is the volumetric mass transfer coefficient of
oxygen from sparged gas to the culture medium, and O* is the saturation concentration of

119

oxygen. For all simulations, O* was taken to be 0.24 mM, the saturation concentration
for water at 30 °C and 1 atm.
The following substrate uptake expressions were used to calculate upper bounds on the
actual sugar and oxygen uptake rates:
v g = v g ,max

v z = v z ,max

1
G
Kg + G 1+ E
K ieg

Z
1
1
G
E
Kz + Z 1+
1+
K igz
K iez

vo = vo ,max

O
Ko + O

(8)

(9)

(10)

where vg,max, vz,max and vo,max are the maximum uptake rates of each substrate, Kg, Kz and
Ko are corresponding saturation constants, Kieg and Kiez are ethanol inhibition constants,
and Kigz is a glucose inhibition constant. The glucose (8) and xylose (9) uptake rates were
assumed to follow Michaelis-Menten kinetics with an additional inhibitory term that
reflects growth rate suppression at high ethanol concentrations (Hjersted et al. 2007). The
glucose inhibition term added to the xylose uptake kinetics accounted for diauxic growth
where S. stipitis favors glucose over xylose as the carbon source. The oxygen uptake rate
was calculated from a Michaelis-Menten expression based on the dissolved oxygen
content of the medium (Sonnleitner and Käppeli 1986a).
Pure and mixed culture dynamic flux balance models were solved using the Mosek
optimization toolbox (Mosek ApS, Denmark) to resolve the linear program for
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intracellular metabolism within Matlab (Mathworks, Natick, MA) (Hjersted and Henson
2006). Because S. cerevisiae could not meet the non-growth associated ATP maintenance
demand during the xylose-only consumption phase, the maintenance flux was constrained
to zero after glucose depletion to prevent the LP solver from returning zero fluxes for the
S. stipitis network. Due to time-scale differences between the sugar and oxygen
consumption rates, the differential equation system (2)--(7) exhibited a high degree of
stiffness. To reduce the time required to generate large numbers of DFBA simulations for
parameter fitting and in silico culture optimization, Matlab stiff ODE solvers ode15s and
ode23tb were used to obtain approximate solutions. An ODE solver with greater
accuracy, ode23, was used to generate model predictions once parameters had been
estimated or an optimum had been determined. A typical co-culture batch simulation that
was solved in two minutes with ode15s required five hours with ode23.
5.3 Results and Discussion
5.3.1 S. stipitis Pure Cultures
Our initial dynamic model of S. stipitis metabolism did not include a balance on
dissolved oxygen in the culture media. We were unable to satisfactorily fit this model to
measured biomass and ethanol concentration profiles through adjustment of the sugar
uptake rate parameters (see below). Because the dissolved oxygen (DO) concentration
was above the assumed microaerobic value during the initial portion of the batch, we
added the DO balance (7) to account for the apparent gas-liquid mass transfer limitations.
The mass transfer coefficient (kLa) was determined from the gas sparge rate using a linear
correlation (see Materials and Methods). Starting with literatures values when available
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(Weierstall et al. 1999), the uptake rate parameters for glucose (8), xylose (9) and oxygen
(10) were determined by minimizing the least-squares difference between the
experimental and predicted concentration profiles. Parameter adjustments were made by
trial-and-error using glucose, xylose, biomass, and ethanol concentration profile
measurements collected from two microaerobic batch fermentations performed at air
sparging rates of 25 (kLa = 5.5 h-1) and 50 cc/min (kLa = 10.1 h-1). The resulting uptake
parameters are compiled in Table 5.1.
The S. stipitis dynamic models with and without the DO balance (7) are compared in
Figure 5.1 at an air sparging rate of 50 cc/min using initial conditions of 0.40 g/L
biomass, 15.7 g/L glucose and 8.4 g/L xylose. A kLa value of 10.1 h-1 was used in the DO
balance, while the model without the balance used a constant DO value of 0.0072 mM,
the measured level at the end of the batch fermentation. The constant DO model could
not reproduce the lag in ethanol production that resulted from the high level of dissolved
oxygen present during the early stages of the fermentation. Additionally, the constant DO
model produced lower biomass yields and higher ethanol yields than observed in
experiment. Once the DO balance was added, the model could more accurately predict
the time at which S. stipitis began microaerobic substrate consumption and ethanol
production started to outpace biomass growth. The other S. stipitis pure culture
experiment used for uptake parameter fitting of the variable DO model was performed
with a kLa of 5.5 h-1 and initial conditions of 0.25 g/L biomass, 16.8 g/L glucose and 8.4
g/L xylose (Figure 5.2A). As before, the model produced very accurate predictions of the
glucose, xylose, biomass and ethanol concentration profiles with the uptake parameter
values in Table 5.1.
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To examine extensibility of the S. stipitis dynamic model to different microaerobic
conditions, batch experiments were performed at two additional kLa values and model
predictions were generated with the same uptake parameter values listed in Table 5.1.
Figure 5.2B shows a comparison of measured and predicted concentration profiles for a
batch culture performed with a kLa of 7.6 h-1 and initial conditions of 0.25 g/L biomass,
16.8 g/L glucose and 8.0 g/L xylose. The simulation results were generally satisfactory,
although the model predicted slightly faster consumption of both substrates and small
overprediction of biomass production throughout most of the batch. A second validation
experiment was performed with a larger kLa of 12.6 h-1 and initial conditions of 0.2 g/L
biomass, 15.6 g/L glucose and 8.6 g/L xylose. As shown in Figure 5.2C, the model
adequately captured the fermentation dynamics throughout the first 15 hours but it was
unable to predict the subsequent reassimilation of ethanol that is evident in the data.
Although the S. stipitis dynamic metabolic model generated satisfactory predictions over
a range of microaerobic conditions, the model failed to capture the ethanol and biomass
concentration profiles at higher aeration levels once glucose had been exhausted. Ethanol
can be simultaneously produced and reassimilated at these higher kLa values (Silva et al.
2012), resulting in overprediction of ethanol secretion and underprediction of biomass
formation by our model. This phenomenon is likely due to the relative ease at which
ethanol diffuses across the plasma membrane (Guijarro and Lagunas 1984), while the
uptake of xylose has been shown to be facilitated by oxygen (Skoog and Hahn-Hägerdal
1990). Since xylose was more energetically favorable, the LP solver returned a flux
distribution with simultaneous xylose and ethanol uptake only if there was excess oxygen
available beyond that required for xylose metabolism. Even in absence of xylose, the S.
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stipitis metabolic reconstruction predicted that kLa values greater than 34 h-1 would be
required just to meet the ATP maintenance demand for growth on ethanol. By contrast,
we observed ethanol assimilation in our experiments for kLa values as low as 12.6 h-1.
Without altering the objective function or the ATP maintenance coefficient of the iBB814
model, the observed disparity between model and experiment cannot be resolved.
Fortunately, the highest ethanol yields and titers observed experimentally were obtained
at aeration levels under which ethanol assimilation did not occur. As a result, we do not
consider kLa values above ~10 h-1 in the remainder of the paper.
5.3.2 S. cerevisiae 311 Pure Cultures
Because S. cerevisiae 311 was created by applying ethidium bromide to a wild-type
strain, the genetic alterations that produced the respiratory-deficient mutant were nonspecific. As a result, modifications to the wild-type iMM904 metabolic network
necessary to describe S. cerevisiae 311 metabolism were unknown. We used the
metabolic network model to identify putative gene knockouts consistent with the known
alteration of mitochondrial DNA by ethidium bromide treatment (Küenzi et al. 1974) and
to obtain predictions in agreement with our data. All the gene knockouts considered
prevented growth on non-fermentable substrates and reduced oxygen demand. To
determine the reactions to be deleted, model fluxes in the mitochondrial compartment
were systematically set to zero until FBA simulations matched the S. cerevisiae 311
phenotype of lower biomass yields, higher ethanol yields and smaller oxygen demands
than the wild-type strain. This process identified knockouts of genes encoding two
enzymes: ubiquinol-6 cytochrome c reductase and mitochondrial cytochrome c oxidase.
Modifications to these enzymes may well have occurred in S. cerevisiae 311, as other
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respiratory-deficient S. cerevisiae mutants have been created through the direct removal
of the encoding genes (Tzagoloff and Dieckmann 1990).
The S. cerevisiae 311 dynamic model was built on the modified iMM904 metabolic
network with glucose uptake parameters estimated from anaerobic culture data and
oxygen uptake parameters estimated from aerobic culture data with the glucose
parameters fixed (Hanly et al. 2012). The resulting parameter values are listed in Table
5.1. Figure 5.3A shows a comparison of measured concentration profiles and model
predictions for the anaerobic batch fermentation initiated with 0.28 g/L biomass, 18.0 g/L
glucose and 1.8 g/L residual ethanol from the preculture shake flask. Figure 5.3B shows
results for the aerobic fermentation initiated with 0.20 g/L biomass, 15.5 g/L glucose and
1.8 g/L ethanol. In each case, the dynamic model accurately predicted the entire ethanol
profile and the glucose and biomass profiles in the second half of the batch. However, the
model overpredicted glucose uptake and ethanol synthesis during the first half of the
batch. While this discrepancy could have been attributable to the preculture cells used for
inoculation being in stationary rather than exponential phase (Neves et al. 2001), we were
unable to verify this hypothesis through additional experiments in which the preculture
cells were harvested earlier.
To examine extensibility of the S. cerevisiae dynamic model to different aeration levels, a
microaerobic batch experiment was performed at a kLa of 5.5 h-1 and model predictions
were generated with the same uptake parameter values listed in Table 5.1. Figure 5.3C
shows the results obtained for the fermentation initiated with 0.26 g/L biomass, 18.7 g/L
glucose and 1.4 g/L residual ethanol. The model produced excellent agreement with data,
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and only small deviations in the biomass concentration during the initial portion of the
batch and in the ethanol concentration following glucose exhaustion were observed.
5.3.3 Co-culture Modeling
A preliminary dynamic co-culture model was developed by direct combination of the two
individual yeast models assuming no species interactions other than competition for
glucose (see Materials and Methods). This approach resulted in faster glucose
consumption and a higher final concentration of S. cerevisiae 311 than were observed in
our microaerobic batch fermentations (not shown). We found that these discrepancies
could be partially rectified by reducing the S. cerevisiae maximum glucose uptake rate
from the pure culture value of 21.5 mmol/gdw/h to 18.5 mmol/gdw/h. Otherwise, the
substrate uptake parameters remained fixed at the pure culture values listed in Table 5.1.
Figure 5.4A shows a comparison of the resulting model predictions and experimental
data collected for three batch fermentations at a kLa of 5.5 h-1 with an equal inoculum of
0.15 g/L of each yeast species grown on 19.1 g/L glucose and 9.7 g/L xylose. Figure 5.4B
shows corresponding results for a kLa of 10.1 h-1, 0.10 g/L of each yeast species, 16.5 g/L
glucose and 7.9 g/L xylose. With the implemented change in the S. cerevisiae maximum
glucose uptake rate, the dynamic co-culture model proved to be as accurate as the
individual species models. The glucose consumption rate was slightly overpredicted
during the initial portion of the batch at both aeration levels. Small discrepancies in the
predicted biomass and ethanol concentrations were observed during the glucose
consumption phase for kLa = 5.5 h-1, while small but longer lasting deviations were
apparent in the biomass and xylose concentrations at kLa = 10.1 h-1.
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To examine prediction accuracy of dynamic co-culture model at aeration levels not used
for parameter adjustment, we performed three additional co-culture fermentations at a kLa
of 7.6 h-1 with 0.145 g/L of each yeast as the inoculum and initial sugar concentrations of
16.5 g/L glucose and 8.5 g/L xylose. The model and data comparisons shown in Figure
5.4C are qualitatively similar to those obtained at the other two aeration levels. The
results in Figure 5.4 collectively demonstrate that the co-culture model provided
satisfactory predictions over a range of microaerobic conditions corresponding to kLa <
~10 h-1.
5.3.4 Inoculum Optimization
Following experimental validation, we utilized the dynamic co-culture model to
computationally determine optimal bioreactor operating conditions for maximization of
ethanol productivity. The productivity was defined as the final ethanol concentration
divided by the batch time, which was chosen as the time at which the xylose
concentration dropped below 0.5 g/L. Our simulations indicated that the aeration level
had little effect on the ethanol titer but strongly affected the batch time due to the xylose
consumption rate (Skoog and Hahn-Hägerdal 1990). Our simulations also demonstrated
that the relative amount of each yeast in the inoculum strongly affected the productivity
through both the ethanol titer and the batch time. Therefore, ethanol productivity was
optimized by adjusting the aeration level and inoculum concentrations. Rather than
perform rigorous optimization (Hjersted and Henson 2006), dynamic simulations were
run with different combinations of the kLa value and the initial yeast concentrations, and
the case that yielded the largest productivity was deemed the optimal solution. All
simulations were performed with a mixture of 16.0 g/L glucose and 8.0 g/L xylose, while
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the total inoculum concentration was fixed at 1.0 g/L to allow direct comparison of
results for different inocula.
The kLa value was constrained to be below 10.1 h-1 since larger values had the potential
to result in undesirable ethanol reassimilation by S. stipitis that was not captured by the
co-culture model. Regardless of the inoculum, we found that increasing kLa improved
productivity due to a decrease in batch time that resulted from enhanced xylose
consumption. Consequently, the optimal solution was achieved at kLa = 10.1 h-1, and the
optimization problem was reduced to determining the inoculum concentrations. This
result demonstrated the importance of developing improved metabolic reconstructions
that more accurately predict the relationship between aeration level and the onset of
ethanol reassimilation. Figure 5.5 shows the effect of the initial S. cerevisiae 311
concentration on the ethanol titer, batch time and ethanol productivity. The initial S.
stipitis concentration is not shown since the total inoculum concentration was constrained
to be 1.0 g/L. The ethanol titer increased with increasing S. cerevisiae concentration since
this yeast converts glucose to ethanol at higher yields than S. stipitis. Conversely, the
batch time decreased with increasing S. cerevisiae concentration because S. stipitis could
better compete for glucose during the initial growth phase and the larger S. stipitis
biomass concentration that resulted allowed for more rapid xylose consumption. These
two competing effects produced a clear optimum in the ethanol productivity at 0.1 g/L S.
cerevisiae and 0.9 g/L S. stipitis.
To validate the model predictions, we performed three batch fermentations at the optimal
conditions identified in silico. Although we were unable to obtain measurements during
the first six hours, the optimized co-culture model produced excellent agreement with the
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measured concentration profiles after that time. The model predicted a final ethanol titer
of 9.43 g/L and a productivity of 0.55 g/L/h, while the three fermentations were averaged
to produce an ethanol titer of 9.07 g/L and a productivity of 0.521 g/L/h. According to
our in silico analysis at kLa = 10.1 h-1, the optimized co-culture would outperform both a
co-culture with equal inoculum (9.07 g/L ethanol at a productivity of 0.469 g/L/h) and a
pure S. stipitis culture (9.43 g/L ethanol at a productivity of 0.505 g/L/h).
5.3.5 In Silico Transporter Engineering
Our simulations demonstrated that S. stipitis xylose metabolism was the rate limiting
process that limited co-culture conversion efficiency. Moreover, xylose transport has
been identified as the main bottleneck in pentose sugar metabolism with pure S. stipitis
cultures (Ligthelm et al. 1988). Therefore, we used the dynamic co-culture model to
predict the effects of modifying S. stipitis xylose transport parameters on ethanol
productivity. To model engineering of the associated transport proteins, the nominal
values listed in Table 5.1 for the maximum xylose uptake rate (vz,max), the xylose uptake
saturation constant (Kz), and the glucose inhibition constant for xylose uptake (Kigz) were
perturbed both upward and downward to determine their impact. The ethanol inhibition
constant for xylose uptake (Kiez) was excluded from detailed analysis because the ethanol
concentrations achieved in silico were too small to cause significant xylose uptake
inhibition. For the remaining three parameters, scaled sensitivity coefficients were
calculated as:
𝑆=

𝑝̅ ∆𝑦

𝑦� ∆𝑝
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(11)

where 𝑝̅ is the nominal parameter value, ∆𝑝 is the parameter change, 𝑦� is the optimal

ethanol productivity obtained with the nominal parameter value, and ∆𝑦 is the predicted

change in the ethanol productivity that results from the parameter change. All simulations
were initialized with 16 g/L glucose and 8 g/L xylose at the optimum kLa = 10 h-1 and
inoculum of 0.1 g/L S. cerevisiae 311 and 0.9 g/L S. stipitis.
Figure 5.7 shows the ethanol productivities and scaled sensitivity coefficients obtained
when vz,max was changed upward and Kz and Kigz were changed downward. Increasing the
maximum xylose uptake rate offered the largest improvement in ethanol productivity as
indicated by the relatively large sensitivity coefficients, with a productivity enhancement
of 14% achieved with a 25% vz,max increase (Figure 5.7A). As indicated by the small
sensitivity coefficients, more modest gains in ethanol productivity were predicted for
decreases in the xylose uptake saturation constant (Figure 5.7B) and the glucose
inhibition constant for xylose uptake (Figure 5.7C). However, complete elimination of S.
stipitis diauxic growth by removal of the glucose inhibition term from the xylose uptake
expression resulted in a large productivity enhancement of 85% (not shown). The
simulated parameter changes could potentially be realized through protein engineering of
the sugar transporters (Kasahara et al. 2007; Soberón and Saier Jr 2006). Because many
S. stipitis transporters uptake both glucose and xylose (Weierstall et al. 1999), a
complementary approach could be overexpression of specific transporters with more
favorable xylose uptake characteristics and downregulation or deletion of less favorable
transporters (Bertilsson et al. 2008).
5.4 Conclusions
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Due to the ability of Scheffersomyces stipitis to efficiently convert pentose sugars to
ethanol, co-cultures of S. stipitis and respiratory-deficient Saccharomyces cerevisiae are
promising for renewable ethanol production from glucose/xylose mixtures (Taniguchi
and Tanaka 2004; Taniguchi et al. 1997b). Starting from genome-scale metabolic
reconstructions of the individual yeasts, we developed a dynamic metabolic model of S.
cerevisiae/S. stipitis co-cultures that was capable of predicting microaerobic metabolism
in batch culture. As a first step towards co-culture modeling, dynamic models were
developed for the individual yeasts using data from pure culture experiments. The
Crabtree-negative yeast S. stipitis was shown to be very sensitive to the aeration level
such that the incorporation of a dissolved oxygen balance was necessary to capture nonmicroaerobic oxygen levels during the initial batch phase and the subsequent switch from
respiratory and to fermentative growth. The S. stipitis dynamic model was able to
accurately reproduce measured glucose, xylose, biomass and ethanol concentration
profiles over a range of microaerobic growth conditions characterized by oxygen-liquid
mass transfer coefficient (kLa) values below ~10 h-1. However, the S. stipitis model was
unable to capture ethanol reassimilation observed at higher oxygenation levels due to
model energetics that required a kLa greater than 34 h-1 just to meet the ATP maintenance
demand for growth on ethanol. Therefore, subsequent co-culture experiments and
simulations were restricted to microaerobic conditions with kLa values less than ~10 h-1.
The procedure used to create the respiratory-deficient strain S. cerevisiae 311 introduced
unknown genetic alterations that could not be directly implemented in the wild-type
metabolic network. We used flux balance analysis to screen putative gene knockouts in
the mitochondrial compartment that would reproduce the S. cerevisiae 311 phenotype of
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lower biomass yields, higher ethanol yields and smaller oxygen demands than the wildtype strain. The best agreement with S. cerevisiae 311 pure culture data was obtained for
deletions of two genes that encode the ubiquinol-6 cytochrome c reductase and
mitochondrial cytochrome c oxidase enzymes involved in the electron transport chain.
With the fluxes through the two reactions catalyzed by these enzymes constrained to
zero, the oxygen demand was greatly reduced because oxygen was not needed to serve as
a final electron acceptor for ATP synthesis. These results were consistent with more
directed genetic engineering efforts to create respiratory-deficient S. cerevisiae mutants
through direct removal of these two genes (Tzagoloff and Dieckmann 1990).
A preliminary version of the dynamic co-culture model was developed by directly
combining the dynamic models of the two yeast species under the assumption that each
species attempted to maximize its individual growth rate and the only interspecies
interaction was competition for glucose substrate. By comparison of model predictions to
batch co-culture data collected at several microaerobic conditions, we found that the
preliminary model overpredicted the glucose consumption and S. cerevisiae biomass
formation rates. Much improved predictions were obtained by reducing the S. cerevisiae
maximum glucose uptake rate from its pure culture value of 21.5 mmol/gdw/h to 18.5
mmol/gdw/h. This parameter change suggested the presence of unmodeled species
interactions that resulted in S. stipitis having an antagonistic effect on S. cerevisiae
growth. Crabtree-negative yeasts like S. stipitis have an established advantage when
competing against a Crabtree-positive yeast such as S. cerevisiae for the same growthlimiting substrate (Postma et al. 1989). This effect is further magnified when the
Crabtree-positive species is a respiratory deficient mutant (Laplace et al. 1993a). One
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possible cause for this effect was the competition for nutrients other than glucose. Growth
under nitrogen limited conditions has been shown to slow the uptake of glucose and other
hexoses in wild-type S. cerevisiae (Albers et al. 2007). Respiratory-deficient S. cerevisiae
could be at a disadvantage in competing for nitrogen sources such as ammonium when
grown with respiratory competent S. stipitis. Because sugar uptake parameters reflect the
action of numerous transport systems, each having distinct mechanisms and affinities, the
decrease in this parameter may indicate differences in transporter expression between
pure and co-cultures of the two microbes.
Following experimental validation, the dynamic co-culture model was used to compute
the aeration level and initial cell concentrations that maximized batch ethanol
productivity. Our in silico analysis suggested that the co-culture should be operated at the
largest possible kLa value before the onset of ethanol reassimilation by S. stipitis because
this aeration level maximized the rate of xylose conversion to ethanol. Because the S.
stipitis metabolic network model did not accurately predict this transition point, the
optimization was constrained by experimental data such that the optimal solution was
achieved at kLa = 10.1 h-1. Optimization of the initial cell concentrations produced an
inoculum with 90% S. stipitis and only 10% S. cerevisiae to form sufficient S. stipitis
biomass following glucose exhaustion for efficient conversion of the remaining xylose.
Experimental validation of the optimal solution showed that the co-culture model
provided excellent agreement with measured concentration profiles. Compared to an
unoptimized co-culture with equal initial cell concentrations, the optimized co-culture
was shown experimentally to produce a 12% improvement in ethanol productivity.
Additional in silico analysis indicated that the co-culture would yield higher ethanol
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productivities than a S. stipitis pure culture due to the higher glucose to ethanol
conversion efficiency of S. cerevisiae.
The relatively slow conversion of xylose by S. stipitis is the main bottleneck that limits
overall co-culture performance. The dynamic co-culture model was used to explore the
potential impact of transporter engineering efforts aimed at enhancing xylose uptake by
increasing the maximum xylose uptake rate, reducing xylose uptake saturation and
reducing glucose inhibition of xylose uptake. Based on sensitivity analysis for moderate
parameter changes, the maximum xylose uptake rate was predicted to yield the largest
improvement in ethanol productivity. However, substantially larger improvements were
predicted for complete elimination of glucose catabolite repression in S. stipitis because
this modification eliminated the diauxic growth pattern and allowed xylose consumption
to commence at the beginning of the batch. Taken together, our computational results
suggest that an engineered S. stipitis strain which rapidly consumes xylose in the
presence of glucose and does not reassimilate ethanol under microaerobic conditions
would be an ideal candidate for enhancing co-culture performance. Future work should
focus on the creation of such S. stipitis strains as well as the model-based characterization
of co-culture performance for growth on actual biomass hydrolysates with inhibitory
compounds.

134

Table 5.1 Substrate uptake rate parameters for pure and co-culture dynamic flux balance
models.
Parameter

S. cerevisiae 311

S. stipitis

21.5 (pure culture)
Vg,max (mmol/gdw/h)

6.5
18.5 (co-culture)

Vz,max (mmol/gdw/h)

-

5.5

Vo,max (mmol/gdw/h)

2.5

11

Kg (g/L)

0.5

1

Kz (g/L)

-

0.25

Ko (mM)

.005

0.0125

Kieg / Kiez (g/L)

10 / -

10 / 4.5

Kigz (g/L)

-

0.5
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Figure 5.1 S. stipitis batch culture aerated at a kLa of 10.1 h-1. Solid lines show dynamic
model predictions when a balance on dissolved oxygen was included, while the dashed
lines show dynamic model predictions at a fixed dissolved oxygen concentration of
0.00072 mM. Measured and predicted dissolved oxygen concentrations presented as
percentage of the saturation value are shown in the inset.
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Figure 5.2 S. stipitis batch cultures aerated at a kLa of a) 5.5 h-1 b) 7.6 h-1 and c) 12.6 h-1.
Data points are experimental measurements, while solid lines are dynamic model
predictions
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Figure 5.3 S. cerevisiae 311 batch cultures grown a) anaerobically b) aerobically and c)
at a kLa of 5.5 h-1. Data points are experimental measurements, while solid lines are
dynamic model predictions.
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Figure 5.4 S. cerevisiae/S. stipitis batch co-cultures grown with an equal inoculum and
aerated at a) 5.5 h-1 b) 9.6 h-1 and c) 7.6 h-1. Individual cell concentrations are shown in
the inset. Dynamic model predictions are indicated by solid lines. Three separate
fermentations were performed at each aeration level to compute average values indicated
by the symbols and coefficients of variation indicated by the error bars.
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Figure 5.5 Predicted effect of the inoculum concentration on batch co-culture
performance measures at a kLa of 10.1 h-1. The total inoculum concentration was fixed at
1 g/L.
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Figure 5.6 S. cerevisiae/S. stipitis batch co-cultures grown at the optimal conditions
identified in silico. The co-culture was inoculated with 0.1 g/L S. cerevisiae 311 and 0.9
g/L S. stipitis and aerated at a kLa of 10.1 h-1. Individual cell concentrations are shown in
the inset. Dynamic model predictions are indicated by solid lines. Three separate
fermentations were performed to compute average values indicated by the symbols and
coefficients of variation indicated by the error bars.
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Figure 5.7 Ethanol productivities and scaled sensitivity coefficients predicted by varying
S. stipitis model parameters for the a) xylose maximum uptake rate (vz,max) b) xylose
uptake saturation constant (Kz) and c) glucose inhibition constant for xylose uptake.
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CHAPTER 6
DYNAMIC MODEL-BASED ANALYSIS OF FURFURAL AND HMF
DETOXIFICATION BY PURE AND MIXED BATCH CULTURES OF
S. CEREVISIAE AND S. STIPITIS
Inhibitory compounds that result from biomass hydrolysis are an obstacle to the efficient
production of second generation biofuels. Fermentative microorganisms can reduce
compounds such as furfural and 5-hydroxymethyl furfural (HMF), but detoxification is
accompanied by reduced growth rates and ethanol yields. In this study, we assess the
effects of these furan aldehydes on pure and mixed yeast cultures consisting of a
respiratory deficient mutant of Saccharomyces cerevisiae and wild-type Scheffersomyces
stipitis using dynamic flux balance analysis. Uptake kinetics and stoichiometric equations
for the intracellular reduction reactions associated with each inhibitor were added to
genome-scale metabolic reconstructions of the two yeasts. Further modification of the S.
cerevisiae metabolic network was necessary to satisfactorily predict the amount of
acetate synthesized during HMF reduction. Inhibitory terms that captured the adverse
effects of the furan aldehydes and their corresponding alcohols on cell growth and
ethanol production were added to attain qualitative agreement with batch experiments
conducted for model development and validation. When the two yeasts were co-cultured
in the presence of the furan aldehydes, inoculums that reduced the synthesis of highly
toxic acetate produced by S. cerevisiae yielded the highest ethanol productivities. The
model described here can be used to generate optimal fermentation strategies for the
simultaneous detoxification and fermentation of lignocellulosic hydrolysates by S.
cerevisiae and/or S. stipitis.
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6.1 Introduction
The conversion of lignocellulosic materials to commodity chemicals requires the efficient
fermentation of sugar monomers to products. However, the chemical and physical
processes commonly used in the pretreatment and hydrolysis of sugar polymers result in
the production of chemical compounds such as weak acids furan derivatives, and phenols
that can have a deleterious effect on fermentative microorganisms (Palmqvist and HahnHägerdal 2000a). Efforts have been made to detoxify hydrolysates by removing these
compounds or by transforming them to less toxic forms. Physicochemical methods of
hydrolysate detoxification, such as overliming, are often incomplete, cost intensive, and
can result in the loss of fermentable sugars (Nilvebrant et al. 2003). Therefore, biological
pretreatment where the fermentative microbes also detoxify the hydrolysate can be a
more attractive option (Fonseca et al. 2011). In addition to phenolic compounds released
from the degradation of lignan, compounds containing furan rings are typically formed
during the pretreatment of biomass feedstocks. Furfural is a five carbon compound
derived from the dehydration of xylose and other five carbon sugars, while 5hydroxymethyl

furfural

(HMF)

forms

from the

degradation

of

six

carbon

monosaccharides such as glucose (Palmqvist and Hahn-Hägerdal 2000b).
Commercialization of second generation biofuels requires efficient consumption
and conversion of sugar monomers in biomass hydrolysates. Co-culturing different
species of yeast has been shown to be an effective strategy for fermentation of sugar
mixtures to ethanol (Delgenes et al. 1998). In contrast to monocultures with engineered
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organisms, microbial mixed cultures allow the innate conversion strengths of two or more
microbes to be combined (Brenner et al. 2008). A variety of microbial co-cultures have
been proposed for fermentation of lignocellulosic hydrolysates (Hickert et al. 2013;
Srilekha Yadav et al. 2011). For example, co-culturing different yeast species with
Escherichia coli was shown to facilitate the removal of hydrolysate compounds toxic to
the bacterium (Qian et al. 2006). Co-culturing a respiratory deficient mutant of the
ethanologic yeast Saccharomyces cerevisiae with the xylose-fermenting yeast
Scheffersomyces stipitis has been shown to produce larger amounts of ethanol from
glucose and xylose mixtures than either yeast in monoculture (Laplace et al. 1993a;
Taniguchi et al. 1997b). The use of respiratory deficient S. cerevisiae prevents the
reassimilation of ethanol and allows for more precise regulation of oxygen levels needed
to establish microaerobic conditions under which S. stipitis has high ethanol synthesis
capabilities (Skoog and Hahn-Hägerdal 1990). In a recent study, we used genome-scale
metabolic reconstructions of S. cerevisiae and S. stipitis to predict and optimize ethanol
production from glucose and xylose mixtures by this co-culture (Hanly and Henson
2013).
Furans are known to significantly inhibit the metabolism of microorganisms,
including S. cerevisiae and S. stipitis (Klinke et al. 2004), that ferment hydrolysates to
biofuels and other products. Many microbes have the capacity to reduce the more toxic
furan compounds to their corresponding alcohols (Lewis Liu et al. 2008). Of interest in
the present study is the reduction of furfural to furfuryl alcohol and the conversion of
HMF to 2,5-bis-hydroxymethylfuran because these furans are commonly present in
biomass hydrolysates. Furan detoxification in yeast is achieved using a combination of
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enzymes from the alcohol dehydrogenase, aldehyde dehydrogenase and pyruvate
dehydrogenase families (Almeida et al. 2008; Lewis Liu et al. 2008). Depending on the
specific enzyme used, furan aldehyde reduction requires the use of either NADH or
NADPH. Thus, furfural and HMF induce changes to the redox balance by sequestering
these cofactors in the detoxification process (Ask et al. 2013). Furan aldehydes can also
reduce the rates of sugar uptake and ethanol synthesis by fermentative microbes (Almeida
et al. 2009a). Previous studies have shown that S. cerevisiae and S. stipitis respond
differently to the presence of furan inhibitors in batch monoculture. HMF is reduced by S.
cerevisiae at approximately a quarter of the rate that furfural is reduced (Taherzadeh et al.
2000). Although S. stipitis can detoxify HMF at a faster rate than S. cerevisiae (Petersson
et al. 2006), furan aldehydes have a more deleterious effect on S. stipitis growth and
ethanol production (Delgenes et al. 1996).
Several modeling studies focused on describing the effects of furan inhibitors on
S. cerevisiae growth and ethanol production have been presented. For example, a kinetic
model was developed that captured the inhibitory effect of furfural on S. cerevisiae
growth through two distinct populations of cells: one population that actively replicated
and a second population whose growth was stalled due to furfural inhibition (Palmqvist et
al. 1999). Another kinetic model was developed to describe the removal of furfural and
HMF from hydrolysate media by S. cerevisiae growing on steam exploded lodgepole
pine (Tu et al. 2009). In another study, a small scale stoichiometric model was developed
to examine the effects of furfural on S. cerevisiae central carbon metabolism (Heer et al.
2009). To our knowledge, there has not been extensive modeling of the effect of furan
aldehydes on S. stipitis metabolism.
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In this paper, genome-scale reconstructions of S. cerevisiae and S. stipitis
metabolism are combined with batch monoculture and co-culture experiments to develop
improved understanding of furaldehyde detoxification by these yeast species. Previously
published reconstructions are modified to account for furaldehyde reduction as well as
acetate synthesis by S. cerevisiae. With these extensions, we can discern to what extent
the effect of these inhibitors on growth can be attributed to the drain of reducing
equivalents from central metabolic processes for the reduction of furan aldehydes to their
less toxic alcohols. Dynamic flux balance analysis is used to describe the transient effects
of inhibitors on substrate consumption, intracellular carbon fluxes and species growth
during batch fermentation. Growth suppression not captured by the intracellular models is
captured by adding inhibition terms to the substrate uptake kinetics. The experimentally
validated models are used to assess the benefits of S. cerevisiae/S. stipitis co-cultures
compared to monocultures with respect to accelerated inhibitor reduction and increased
ethanol production.
6.2 Materials and Methods
6.2.1 Experimental
S. cerevisiae 311 (ATCC 42511), a mutant that was created by treating a wild-type strain
with ethidium bromide (Heerde and Radler 1978), was selected as the respiratorydeficient S. cerevisiae strain. The wild-type S. stipitis strain NRRL Y-7124 (ATCC
58376) was used in this study. Both yeast strains were maintained on YM agar slants
stored at 4 °C.
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All pure and mixed cultures were performed in a synthetic yeast minimal medium
(Rieger et al. 1983). The composition per liter of water was 1.00 g MgSO4 ·7 H2O, 1.10
g/L KCl, 0.15 g CaCl2 · 2 H2O, 1.00 g (NH4)2HPO4, 8.75 g/L (NH4)2SO4, 60.3 mg myoinositol, 30.0 mg Ca-panthothenate, 6.0 mg thiamine-HCl, 1.5 mg pyridoxine-HCl, 0.03
mg biotin, 10.6 mg MnSO4 · H2O, 9.0 mg ZnSO4 · 7 H2O, 5.0 mg FeSO4 · 7 H2O, and
2.4 mg CuSO4 · 2 H2O. Pre-cultures in media supplemented with 20 g/L glucose and 20
g/L xylose for S. cerevisiae and S. stipitis, respectively, were grown at 30 °C for 36 hours
on a shake table set at 175 RPM.
Fermentations were carried out in a HEL BioX array of 4 250 mL vessels situated
in a shared block that provided both electric heat and independent magnetic agitation
(HEL Group Ltd., Barnet, UK). Electrochemical probes monitored the dissolved oxygen
and pH in each vessel, while individual thermocouples recorded the media temperatures.
Bioreactor cultivations were performed at a constant temperature of 30 °C and pH of 5,
the optimal growth conditions for both yeast species (Laplace et al. 1991). The pH in
each vessel was controlled by the automatic addition of 1 N sulfuric acid and 2 N NaOH.
Glucose and xylose were autoclaved separately and added to the growth media in the
amounts indicated for each experiment. Furfural and HMF were added aseptically to the
reactors before each fermentation. An emulsion of antifoam A was added dropwise to the
reactors as necessary to prevent foaming.
The combined cell weight of S. cerevisiae and S. stipitis was determined using a
correlation between OD595 measured on a WPA UV1101 Biotech Photometer
(Biochrom Ltd., Cambridge, UK) and dry cell weight. Cell counts of S. cerevisiae and S.
stipitis in co-culture were performed on a hemacytometer in triplicate and averaged.
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Samples were diluted to prevent cell overlap and so that each count contained
approximately 50 S. cerevisiae cells and 200 S. stipitis cells. Conversion factors between
dry cell weight and number of cells were found by drying pure culture samples of each
yeast after cell counts had been performed. These factors were found to be 0.006943
gdw/L for S. cerevisiae and 0.001944 gdw/L for S. stipitis. Concentrations of xylose,
glucose, and ethanol were measured on YSI 2700 Biochemistry analyzers (YSI Inc.,
Yellow Springs, OH) with the correct membranes installed. The concentrations of
furfural, HMF and acetate were quantified on an Aminex 87-H column (Bio-Rad
Laboratories, Hercules, CA, USA) installed in a Shimadzu HPLC system (Shimadzu
Scientific Instruments, Columbia, MD). Analysis was performed at 45 °C with 5 mM
sulfuric acid flowing at 0.6 mL/min as the mobile phase (Sluiter et al. 2006). Furfural and
HMF were detected at 280 nm on a UV detector, while acetate was measured by a
refractive index detector.
6.2.2 Computational
Pure and co-culture dynamic flux balance models based on the iMM904 S. cerevisiae
(Mo et al. 2009) and iBB814 S. stipitis (Balagurunathan et al. 2012) metabolic
reconstructions were used to model the effects of the furan inhibitors. To model the
respiratory deficiency of S. cerevisiae 311, the ubiquinol-6 cytochrome c reductase and
mitochondrial cytochrome c oxidase reactions were deleted from the iMM904 network.
The deletion of these two reactions prevented the model from using pathways in the
mitochondria responsible for respiratory metabolism and rendered the cell unable to grow
on ethanol. To obtain pure and co-culture flux distributions, we solved a linear program
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with maximization of the growth rate of each cell type chosen as the objective function
(Hanly and Henson 2013).
Furfural and HMF metabolism is not present in the published networks for S.
cerevisiae and S. stipitis. For each furaldehyde, five reactions and four metabolites were
added to each of the published genome-scale reconstructions: (1) exchange reactions for
the new metabolites furfural, HMF, furfuryl alcohol and 2,5-bis-hydroxymethylfuran; (2)
transport reactions between the extracellular space and the cytoplasm for each new
metabolite; and (3) the following reduction reactions:
1 furfural + 1/2 NADPH + 1/2 NADH -->
1 furfuryl alcohol + 1/2 NADP + 1/2 NAD+ (1)
1 HMF + 1 NADPH --> 1 2,5-bis-hydroxymethylfuran + 1 NADP+

(2)

Because furfural is known to be reduced by a combination of enzymes with different
cofactor preferences, the cells were assumed to use equal amounts of NADH and
NADPH in the furfural detoxification process (Heer et al. 2009). Under aerobic
conditions, S. cerevisiae can produce furoic acid during furfural reduction (Sárvári
Horváth et al. 2003). Because all fermentations in this study were performed
microaerobically with a respiratory deficient mutant of S. cerevisiae, we assumed that
only furfuryl alcohol was formed during furfural detoxification.
S. cerevisiae has been shown to produce acetate from the regeneration of NADPH
used to reduce HMF (Almeida et al. 2009b). Without further modification, the S.
cerevisiae model did not produce acetate as observed experimentally. The model was
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forced to produce more acetate by constraining the network to recover all NADPH lost to
HMF reduction through the aldehyde dehydrogenase reaction that produces acetate from
acetaldehyde. To satisfactorily match experimental yields of biomass, ethanol and
acetate, reduction of HMF to 2,5-bis-hydroxymethylfuran was assumed to only utilize
NADPH. Since furfural has been shown to have a negligible effect on the maintenance
energy of yeast growing in continuous culture (Fireoved and Mutharasan 1986), the nongrowth associated maintenance fluxes for each microbe were kept at their published value
(Balagurunathan et al. 2012; Mo et al. 2009).
Extracellular mass balances on cell biomass, glucose, xylose, ethanol and liquidand gas-phase oxygen were added to the steady-state flux balance models to simulate
batch culture dynamics. The following extracellular mass balances for the uptake and
secretion of inhibitory compounds were also added to the dynamic flux balance models:
dF
= −v f ,c X c − v f , s X s
dt
dHMF
= −v hmf ,c X c − v hmf , s X s
dt

(3)

(4)

dFA
= v fa ,c X c + v fa , s X s
dt

(5)

dHMFA
= v hmfa ,c X c + v hmfa , s X s
dt

(6)

dA
= v a ,c X c − v a , s X s
dt

(7)
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Here F, HMF, FA, HMFA, and A are the extracellular concentrations of furfural, HMF,
furfuryl alcohol, 2,5-bis-hydroxymethylfuran and acetate, respectively; Xc and Xs are the
concentrations of S. cerevisiae 311 and S. stipitis biomass, respectively; and exchange
fluxes for furfural (vf,i), HMF (vhmf,i), furfuryl alcohol (vfa,i), 2,5-bis-hydroxymethylfuran
(vhmfa,i) and acetate (va,i) for each cell type i are included. Acetate is only produced by S.
cerevisiae in the presence of HMF, but both yeast species can uptake this inhibitor.
In addition to sugar uptake rates (Hanly and Henson 2013), the following
inhibitor uptake kinetics were incorporated into the dynamic flux balance models:

v f = v f ,max

v hmf = v hmf ,max

F
Kf +F

HMF
K hmf + HMF

v a = v a ,max

(8)

1
1+

F

(9)

K if ,hmf

A
Ka + A

(10)

where vf,max, vhmf,max and va,max are the maximum uptake rates of furfural, HMF, and
acetate, respectively, and Kf, Khmf and Ka are the corresponding saturation constants. The
Michaelis-Menten kinetics for HMF uptake were modified by a term reflecting the
cellular preference of furfural uptake with the inhibition constant Kif,hmf. All other
inhibition terms added to modify sugar and inhibitor uptake kinetics had the form:
1

(11)

J
1+
K ij ,k
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where J is the concentration of the inhibiting compound j and Kij,k is the inhibition
constant for compound j inhibiting the uptake of species k. The resulting pure and coculture dynamic flux balance models were solved using the Mosek optimization toolbox
(Mosek ApS, Denmark) to resolve the linear program for intracellular metabolism
coupled with the use of the stiff ODE solver ode15s in Matlab (Mathworks, Natick, MA)
(Hjersted and Henson 2006). More detailed information on dynamic model formulation
can be found in our previous publication (Hanly and Henson 2013).
6.3 Results and Discussion
6.3.1 S. cerevisiae monocultures
Figures 6.1A and 6.1B show batch cultures of S. cerevisiae 311 growing on glucose in
the presence of furfural and HMF, respectively. The dashed lines represent predictions
from our previous S. cerevisiae 311 dynamic flux balance model that was experimentally
validated in the absence of inhibitors (Hanly and Henson 2013). Because this model
failed to generate satisfactory predictions, an iterative process of model improvement was
initiated by first introducing the uptake and reduction of inhibitors. Of particular interest
in this study is the split between NADH and NADPH coupled reduction of furfural and
HMF. We found that a reduction reaction using 0.5 moles of each cofactor (Equation 1)
as proposed previously in a small scale flux balance model (Heer et al. 2009) yielded
good agreement with the product distribution observed in situ. The presence of acetate in
Figure 6.1B indicated that HMF was largely reduced by NADPH coupled enzymes
(Almeida et al. 2008). Allowing NADPH to be the only cofactor that participated in HMF
reduction yielded the best model fit to the observed extracellular metabolite
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concentrations. Because the drain on reducing equivalents alone proved insufficient to
model batch cultures containing either inhibitor, a term that captured the inhibition of
each furan aldehyde on glucose uptake was added to the model. While this modification
correctly captured S. cerevisiae growth in the presence of HMF, the rate of glucose
consumption remained overpredicted. Furfuryl alcohol has been shown to have a small
inhibitory effect on anaerobic cultures of S. cerevisiae (Palmqvist et al. 1999). Because
the metabolism of respiratory deficient yeast strains is essentially anaerobic, a small
inhibitory term for furfuryl alcohol was added to the glucose uptake kinetics.
The formulated model did not predict acetate synthesis, while experimental
results here and in the literature demonstrate acetate excretion by S. cerevisiae in the
presence of HMF (Almeida et al. 2009b). We found that accurate predictions of acetate
excretion could be obtained by forcing the model to regenerate all NAPH used for HMF
reduction through the acetate producing pathway. This constraint likely reflects a cellular
regulation mechanism that is not present in the genome-scale reconstruction. Similar
constraints have been applied to other genome-scale flux balance models to resolve
differences between predicted and experimental metabolite profiles (Famili et al. 2003).
At sufficiently high concentrations, acetate will diffuse across the cell membrane, form
reactive oxygen species and sometimes induce apoptosis (Ludovico et al. 2001).
Therefore, an additional inhibition term for acetate was added to glucose uptake rate to
better fit the data. The resulting dynamic flux balance model provided satisfactory batch
culture predictions in the presence of furfural (Figure 6.1A) and HMF (Figure 6.1B).
The dynamic model was validated by comparing model predictions and batch
culture data for S. cerevisiae growing on glucose in the presence of both furfural and
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HMF (Figure 6.2). Because the model predicted faster reduction of HMF than was
observed in experiment, a term for inhibition of HMF uptake by furfural was added. This
term reflects the competition between the two inhibitors for aldehyde dehydrogenase
enzymes. Because furfural is more toxic to S. cerevisiae than is HMF, the cell first
reduces furfural to furfural alcohol. The slight overprediction of ethanol and biomass
yields observed in the single inhibitor cultures is also seen in Figure 6.2. All model
parameters related to sugar and inhibitor uptake by S. cerevisiae 311 are compiled in
Table 6.1.
6.3.2 S. stipitis monocultures
The same procedure used to model furan metabolism and inhibition of S. cerevisiae 311
was repeated for S. stipitis. Figures 6.3A and 6.3B show experimental and modeling
results for S. stipitis batch growth on glucose and xylose, respectively, in the presence of
both furan inhibitors. As with S. cerevisiae 311, the drain of redox cofactors was
insufficient to model the impact of furfural on S. stipitis metabolism. Satisfactory fits of
experimental data were obtained by incorporating inhibition terms for furfural and
furfuryl alcohol into the uptake kinetics of both glucose and xylose. High concentrations
of furfuryl alcohol are known to inhibit aerobic growth of S. stipitis (Weigert et al. 1988).
Although the drain of NADPH that results from HMF reduction was able to capture the
reduced biomass and ethanol yields observed experimentally, adding terms for HMF
inhibition of the glucose and xylose uptake rates produced better temporal agreement
with our data. Furfural was preferentially reduced before HMF as observed in S.
cerevisiae 311 monoculture, but the delay between the two detoxification processes was
shorter for S. stipitis. While providing good qualitative agreement, our best parameter fits
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did not fully capture the split between cell growth and ethanol production in S. stipitis. In
glucose media, the ethanol concentration was underpredicted while the biomass
concentration was approximately correct. The opposite case was true for xylose media,
suggesting that furfural and HMF have differential effects on five and six carbon sugar
metabolism that are not fully captured by the model.
The parameter values obtained for glucose and xylose metabolism were further
evaluated by co-fermentation of both sugars in the presence of both inhibitors (Figure
6.4). The dynamic model generally produced satisfactory transient predictions as well as
yields. However, the same discrepancies between model and experiment observed in
single sugar fermentations were seen in co-fermentation of the two sugars: (1) ethanol
production was underpredicted for growth on glucose and overpredicted for growth on
xylose; and (2) biomass production was accurately predicted for growth on glucose but
underpredicted for growth on xylose. However, these combined deficiencies resulted in
very accurate predictions of the final biomass and ethanol yields.
In preparation for modeling co-cultures of S. cerevisiae 311 and S. stipitis, the
effect of acetate on S. stipitis metabolism was investigated. Acetate is known to inhibit
xylose metabolism in pentose consuming yeasts by diffusing across the plasma
membrane and lowering the intercellular pH (Lohmeier-Vogel et al. 1998). Figure 6.5
shows the effect of acetate on S. stipitis metabolism for growth on xylose. The S. stipitis
dynamic model was modified by adding acetate uptake and including a term for acetate
inhibition of the xylose uptake rate. The modified model produced good qualitative
agreement with our data until approximately 40 hours into the batch, at which time S.
stipitis growth stopped despite the availability of xylose. This unmodeled effect was
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likely due to a combination of cumulative cellular damage induced by reactive oxygen
species and the inhibitory effect of ethanol (Slininger et al. 2011). All model parameters
related to sugar and inhibitor uptake by S. stipitis are compiled in Table 6.1.
6.3.3 S. cerevisiae/S. stipitis co-cultures
The dynamic flux balance models of the two yeasts were combined under the assumption
that total biomass was maximized to produce the co-culture dynamic model. First, coculture model predictions were compared to experimental data collected from batch
cultures inoculated with equal amounts of S. cerevisiae 311 and S. stipitis (Figure 6.6). A
version of the co-culture model that neglects inhibitors (Hanly and Henson 2013) yielded
very poor predictions, while the co-culture model with inhibitor effects generally
provided good agreement with our data. As observed in S. stipitis pure culture with
acetate, cell growth stopped before xylose was completely consumed. This phenomenon
was previously observed in co-cultures of thermotolerant S. cerevisiae-VS3 and S. stipitis,
where growth on a hydrolysate stopped after 95% of the fermentable sugars were
converted (Chandel et al. 2011). Collectively these results suggest that either acetate
alone or the cumulative effect of all the inhibitors induce changes to S. stipitis
metabolism that are not included in the model. The combination of furfural and acetate
has been shown to inhibit yeasts to a greater extent than either substance alone
(Lohmeier-Vogel et al. 1998). The combined effects of all inhibitory compounds induces
a shift from ethanol to acetaldehyde synthesis, leading to decreased ethanol yields and
stalled growth (Jones 1989).
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Because genome-scale metabolic reconstructions are charge balanced at the
optimal pH for species growth, the intercellular acidification induced by acetate would be
expected to make model predictions less accurate (Lohmeier-Vogel et al. 1998). This
perturbation in intracellular pH forces the cell to expend a higher amount of ATP in
attempt to maintain proton pumps and achieve homeostasis. Increasing the S. stipitis ATP
maintenance parameter in proportion to the amount of acetate assimilated is one possible
strategy for modeling this physiological effect in our co-culture system. We found that an
ATP maintenance value of 4.75, or approximately twice the nominal value, was sufficient
to stop cell growth in silico at the xylose, ethanol and acetate concentrations where the
fermentation stalled in Figure 6.6. This severe inhibition of xylose metabolism by acetate
emphasizes the importance of removing acetate from lignocellulosic hydrolysates.
In Chapter 5, we showed that a 10/90 S. cerevisiae/S. stipitis inoculum ratio was
optimal for ethanol production from inhibitor-free sugar mixtures with a 2/1
glucose/xylose ratio. Figure 6.7 shows that the co-culture model produced greatly
improved predictions for this inoculum. In fact, the accuracy of the model predictions
was similar to that obtained in the absence of inhibitors (Hanly and Henson 2013). One
notable difference between this case and the equal inoculum case was the absence of
acetate from the culture medium both in situ and in silico. Due to the larger inoculum of
S. stipitis and its superior reduction capabilities, S. cerevisiae reduced only a small
amount of HMF and did not secrete significant acetate into the culture media in response
to the drain on its pool of NADPH.
Pure batch fermentations of S. cerevisiae 311 and S. stipitis at the same inoculum,
sugar concentration and inhibitor concentration were conducted to compare inhibitor
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detoxification and ethanol production performance to the co-culture results. In Table 6.2,
the pure culture results are compared to co-cultures with 50/50, 25/75 and 10/90 S.
cerevisiae/S. stipitis inoculum ratios. All experiments and simulations were initiated with
0.44 g/L total biomass, 14.5 g/L glucose, 7.9 g/L xylose, 0.54 g/L ethanol, 0.9 g/L
furfural and 1.85 g/L HMF. Ethanol productivity was calculated by dividing the ethanol
titer by the batch time, defined as the time elapsed before the xylose concentration
dropped below 0.5 g/L. At the conditions chosen for this study, the co-cultures did not
offer a significant advantage over a S. stipitis pure culture due to the diauxic growth
pattern of S. stipitis. The accuracy of model predictions decreased with increasing
amounts of S. cerevisiae 311 due to the inability of the model to fully capture the effects
of acetate on S. stipitis.
This study has discerned a number of interactions that occur between S. cerevisiae
and S. stipitis when co-cultured on a model hydrolysate (Figure 6.8). In all cases studied,
xylose fermentation did not commence until both inhibitors had been completely reduced.
Therefore, co-culture productivity was strongly dependent on the S. stipitis concentration
at the onset of the xylose growth phase. Our experimental and simulation results show
that furfural and HMF have greater inhibitory effects on S. stipitis than on S. cerevisiae
311. Further simulations revealed that the optimal inoculum shifted from a 10/90 to a
3/97 S. cerevisiae/S. stipitis ratio when furfural and HMF were added to the culture
media. This result suggests that the faster rate of furaldehyde reduction by S. stipitis has a
larger impact on co-culture performance than greater resistance to the inhibitors by S.
cerevisiae. Therefore, improving S. stipitis growth in the presence of inhibitors could
improve co-culture performance. Higher ethanol yields and productivities may be
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obtained with yeast strains that are adapted in media containing inhibitory compounds
(Liu et al. 2004) or engineered for improved inhibitor tolerance (Bajwa et al. 2009).
Another possible strategy to improve co-culture performance is to supplement the media
with amino acids to reduce the inhibitory effects of furan aldehydes and ethanol on S.
stipitis (Slininger et al. 2009).
The equal inoculum co-culture outperformed all other cultures with respect to the
rate of glucose consumption in the presence of furaldeyhes. We hypothesize that
intracellular damage caused by the inhibitors was partially mitigated by being spread
across both yeast populations. For this reason, inoculums with more S. cerevisiae 311
may be preferred in fed-batch and continuous co-cultures where inhibitors are present
throughout the fermentation. To take full advantage of the increased rate of detoxification
offered by the co-culture, the deleterious effects of acetate on S. stipitis must be
mitigated. The development of a respiratory deficient strain of S. cerevisiae that is also
engineered to reduce HMF synthesis through NADH-dependent enzymes could achieve
more rapid detoxification while producing less acetate. Another possible strategy for
improving mixed-culture performance would be to introduce a third yeast species that is
capable of removing acetate from the culture media without introducing other
antagonistic effects on S. cerevisiae and S. stipitis (Schneider 1996).
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Table 6.1 Sugar and inhibitor uptake kinetic parameters used in the dynamic flux balance
models of S. cerevisiae and S. stipitis
Parameter

Symbol

maximum glucose uptatke rate [mmol/g/h]

vg,max

maximum xylose uptake rate [mmol/g/h]
maximum oxygen uptake rate [mmol/g/h]
glucose uptake saturation constant [g/L]
xylose uptake saturation constant [g/L]
oxygen uptake saturation constant [mM]
glucose inhibition constant [g/L]
ethanol inhibition on glucose[g/L]
ethanol inhibition xylose [g/L]
furfural inhibition on glucose [g/L]
furfural inhibition on xylose [g/L]
maximum furfural uptake rate [mmol/g/h]
furfural saturation constant [g/L]
furfuryl alcohol inhibition on glucose [g/L]
furfuryl alcohol inhibition on xylose [g/L]
HMF inhibition on glucose [g/L]
HMF inhibition on xylose [g/L]
maximum HMF uptake rate [mmol/g/h]
HMF saturation constant [g/L]
furfural inhibition on HMF uptake [g/L]
acetate inhibition constant [g/L]
maximum acetate uptake rate [mmol/g/h]
acetate saturation constant [g/L]

vz,max
vo,max
Kg
Kz
Ko
Kig,z
Kie,g
Kie,z
Kif,g
Kif,z
vf,max
Kf
Kifa,g
Kifa,za
Kihmf,g
Kihmf,z
vhmf,max
Khmf
Kif,hmf
Kia
va,max
Ka
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S. cerevisiae
21.5 (pure culture)
18.5 (co-culture)
2.5
0.5
0.005
10
0.75
1.75
0.05
5
3
2.5
0.5
0.25
7.5
0.75
0.1

S. stipitis
6.5
5.5
11
0.5
0.25
0.0125
0.25
10
4.5
0.3
0.35
3.5
0.25
2
4
6.5
10
5
0.1
0.5
0.2
0.175
0.25

Table 6.2 Comparison of ethanol titer, batch time and ethanol productivity for batch
monocultures and co-cultures of S. cerevisiae 311 and S. stipitis with identical initial
conditions

Glucose
Glucose + Xylose
Ethanol Batch Productivity Ethanol
Batch Productivity
(g/L) Time (h)
(g/L/h)
(g/L) Time (h)
(g/L/h)
S. cerevisiae 311 pure culture
experimental
model
Equal co-culture
experimental
model
75% S. stipitis / 25% S. cerevisiae 311
experimental
model
90% S. stipitis / 10% S. cerevisiae 311
experimental
model
S. stipitis Pure Culture
experimental
model

6.81
7.27

12.75
13.67

0.534
0.531

5.96
5.86

12
12.67

0.496
0.463

6.65
7.42

49.50
43.48

0.134
0.171

5.39
5.68

13.5
14.02

0.399
0.406

7.93
8.08

33.50
32.52

0.237
0.248

5.44
5.51

16
16.06

0.340
0.344

8.17
8.40

27.00
27.49

0.303
0.305

5.83
6.28

19.75
20.77

0.295
0.302

8.32
8.52

28.00
28.69

0.297
0.297
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Figure 6.1 S. cerevisiae 311 batch culture for growth on 15 g/L glucose in the presence
of A) 1 g/L furfural and B) 2 g/L HMF. Points represent experimental data, dashed lines
are model predictions in the absence of inhibitors, and solid lines are predictions in the
presence of inhibitors.
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Figure 6.2 S. cerevisiae 311 batch culture for growth on 16.5 g/L glucose with 1 g/L
furfural and 1.89 g/L HMF. Points represent experimental data, and solid and dashed
lines are model predictions with and without a term for furfural inhibition on HMF
uptake, respectively.
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Figure 6.3 S. stipitis batch cultures for growth on A) 18.6 g/L glucose in the presence of
0.92 g/L furfural and 2.49 g/L HMF and B) 10.5 g/L xylose in the presence of 0.66 g/L
furfural and 1.74 g/L HMF. Points represent experimental data, dashed lines are model
predictions in the absence of inhibitors, and solid lines are predictions in the presence of
inhibitors.
165

Figure 6.4 S. stipitis batch culture for growth on 13.8 g/L glucose and 8.0 g/L xylose
with 0.83 g/L furfural and 1.42 g/L HMF. Points represent experimental data and solid
lines are model predictions.
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Figure 6.5 S. stipitis batch culture for growth on 9.8 g/L xylose in the presence of 0.9 g/L
acetate. Points represent experimental data, dashed lines are model predictions in the
absence of acetate and solid lines are predictions in the presence of acetate.
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Figure 6.6 A) Metabolite and biomass concentrations, B) inhibitor concentrations, and C)
individual cell counts for an equal inoculum co-culture consuming 14.5 g/L glucose and 8
g/L xylose in the presence of 0.9 g/L furfural 1.85 g/L HMF. Points represent
experimental data, dashed lines are model predictions in the absence of inhibitors, and
solid lines are predictions in the presence of inhibitors.
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Figure 6.7 A) Metabolite and biomass concentrations, B) inhibitor concentrations, and C)
individual cell counts for a co-culture initiated with an inoculum of 10% S. cerevisiae
311 and 90% S. stipitis consuming 14.5 g/L glucose and 8 g/L xylose in the presence of
0.9 g/L furfural 1.85 g/L HMF.
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Figure 6.8 Schematic diagram of the co-culture system. The bar thickness conveys the
degree to which the inhibitor affects each cell.
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CHAPTER 7
IMPACT AND FUTURE WORK
7.1 Impact
The general goal of this dissertation was to explore the ability of metabolic modeling to
capture the growth and metabolite production by synthetic microbial consortia. It was
shown that an unstructured kinetic model was insufficient to fully predict the dynamics
between T. reesei, S. cerevisiae, and S. stipitis cultivated on cellulose and xylan in mixed
culture. Therefore, subsequent work presented in this dissertation demonstrated the utility
of using dynamic flux balance analysis to optimize the conversion of sugar mixtures to
ethanol by mixed cultures. Furthermore, these models were able to capture the adverse
effects of inhibitors commonly found in lignocellulosic hydrolysates on cellular
metabolism.
The work compiled in Chapter 3 is one of the first instances of genome scale flux balance
analysis applied to co-cultures. It demonstrates the potential for the efficient production
of secondary metabolites from substrate mixtures using co-cultures of microbes
engineered for the specific uptake of each substrate. Switching from aerobic to anaerobic
cultivation was shown to be essential to optimizing ethanol production in co-cultures
containing E. coli. Tuning the inoculum to match the times at which each substrate was
depleted from the culture media yielded the highest ethanol productivities.
Equally as important to the optimization of the specific mixed cultures is the general
methodology for constructing consortium models from pure culture metabolic
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reconstructions that was developed in Chapter 4. First, the individual models are fit to
sets of pure culture data under optimal conditions. Next, the temperature and pH that
produce the best common growth are established. Following the identification of this set
of common culture conditions, the non-growth associated ATP maintenance is adjusted to
account for the increased expenditure of energy required to maintain cellular processes.
Co-culture experiments are then conducted and compared to model simulations of the
two microbes growing together with pure culture parameters. Differences in growth and
metabolite production between experiment and the theoretical co-culture where one
microbe does not affect the growth of another reveal the presence of major interactions
between the cell types. Alterations to the kinetic or stoichiometric components of the
model are then made to reflect the interactions in silico. The interactions found in the
cultures under study in this work were limited to the competition for substrates and the
antagonistic effects of excreted metabolites. Other consortia, including those that involve
substrate cross-feeding, could also be modeled in this manner.
In addition, an accurate approach to modeling nonspecific mutation to a respiratorydeficient S. cerevisiae was enacted in Chapter 5. This strategy took the observed
metabolic phenotype of the yeast and made iterative gene deletions in the model until the
growth pattern was replicated in silico. This finding reaffirms the ability of flux balance
analysis to accurately capture metabolic phenotypes when genes are added or removed
from a network.
The first application of dynamic flux balance analysis to modeling batch cultures of S.
stipitis was also developed in Chapter 5. Unlike the Crabtree-positive S. cerevisiae, a set
dissolved oxygen level did not produce good agreement with experimental data. Because
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this microbe is Crabtree-negative, it has a greater respiratory capacity, leading to reduced
overflow metabolism compared to S. cerevisiae. Therefore, the transient dissolved
oxygen level was required to generate accurate model predictions. This was
accomplished by adding an explicit oxygen balance to the dynamic flux balance model
framework. Although the model's accuracy is limited to microaerobic cultivations of this
yeast, this regime is the most significant for ethanol production. Higher aeration levels
lead to decreased yields of ethanol from sugar monomers and the reassimilation of the
product of interest.
This work also used genome scale reconstructions to determine the effect of common
lignocellulosic inhibitors on yeast metabolism. Before the study presented in Chapter 6,
models to study the effects of furfural, HMF, and acetate on S. stipitis had not been
developed. Prior modeling work on S. cerevisiae growing in the presence of these
inhibitors was limited to small scale metabolic reconstructions. The genome scale
analysis in this dissertation allows for the assessment of inhibitor detoxification on the
cell's shared pool of reducing equivalents. The effect of furaldehydes on the co-cultures
of S. cerevisiae 311 and S. stipitis was also determined, revealing the detrimental effect
of acetate on the pentose-consuming yeast. Accurate models capable of assessing the
impact of inhibitors on a microbe's pool of redox cofactors such as NADH and NADPH
will also aid in metabolic engineering applications. Understanding the redox balance
involved in xylose fermentation is one of the most important considerations in
engineering S. cerevisiae for pentose fermentation (Jeffries 2006).. The model can be
used to discern the lumped effect of xylose metabolism and inhibitor detoxification to
drive the engineering of xylose-consuming yeast.
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Although the unstructured kinetic model proved to not be extensible to various inoculums
and aeration levels, the experimental work did show the unoptimized consortium to be
comparable to other CBP systems. Thus, despite its shortcomings, this approach is a
promising strategy for ethanol production from pretreated biomass. With further
engineering to improve the percent of feedstock hydrolyzed by T. reesei cellulases and
prevent the reassimilation of ethanol by S. stipitis, this consortium could be very
competitive with other CBP processes. The findings emphasize the importance of a
mechanistic understanding of the interactions between microbes on the optimization of
mixed culture systems. A comprehensive understanding of how aeration, temperature,
and composition of the inoculum affect both enzymatic hydrolysis and fermentation is
required. Once these factors are well understood, models of the system can be developed
to optimize ethanol production.
7.2 Recommendations for future work
This dissertation represents the first steps in engineering synthetic microbial consortia for
consolidated bioprocessing. Expanding the scale of the models to capture the complete
process of manufacturing second generation biofuels should be the primary goal of future
work. While this work centered on the co-fermentation step, future efforts will need to
focus on modeling the synthesis of and hydrolysis by cellulolytic enzymes. Modeling and
optimizing the saccharification of biomass presents a greater challenge than the cofermentation of the resulting sugar mixture. In particular, the mechanisms of
hemicellulase expression and hydrolysis and the interactions between cellulolytic
enzymes and their substrates remain poorly understood (Pribowo et al. 2012). Analysis of
these aspects of hydrolysis in a CBP process will be further complicated by additional
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inhibitory compounds and disparate optimal conditions for each step of the process. Thus,
the models developed to simulate this process has to be able to correctly capture growth,
enzyme production, and saccharification under suboptimal conditions.
Although Chapter 6 concerns pure and co-culture growth on a model hydrolysate, growth
on a real lignocellulosic hydrolysate is a necessary step towards engineering a system
capable of consolidated bioprocessing. Furfural, HMF, and acetate are the major
inhibitors present in hydrolysates, but other aromatic compounds and acids will also be
present (Delgenes et al. 1996). As observed when furaldehydes are introduced, the
optimal co-culture inoculum will be affected by the presence of additional compounds
that are toxic to the microbes. Because the amounts and proportions of sugars and
inhibitors is feedstock dependant, a variety of hydrolysates should be tested. The dynamic
flux balance model will provide insight on how the optimal co-culture inoculum will
change based on the source of a hydrolysate.
There is also opportunity to improve upon the extensibility of the S. stipitis dynamic flux
balance model. The current model lacks the ability to produce qualitative agreement to
ethanol and biomass production rates under kLa's much higher than 10 h-1. It cannot
capture the simultaneous xylose consumption and ethanol reassimilation observed in
experiments. For this goal to be realized, adjustments to both the stoichiometric network
and the kinetic uptake kinetics must be modified. One consideration not currently in the
model is the heterogeneous nature of cell cultures. The model assumes that all cells in a
culture are operating under the same metabolic phenotype. In the reactor, some cells may
encounter enough oxygen to utilize xylose, while another subset of cells uses the small
amount of oxygen to metabolize ethanol. Dividing model simulations into two
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subpopulations, one that reassimilates ethanol and one that produces ethanol from xylose
could resolve this incongruity and provide a more mechanistic picture of what is
occurring in the bioreactor. An alternative approach would be to explicitly add
irreversible reactions for both ethanol excretion and uptake to the reaction network.
Kinetics for ethanol uptake would then be added to the dynamic flux balance model.
Ethanol uptake would be heavily inhibited by the presence of glucose, marginally
inhibited by xylose, and increase with increasing kLa. Either of these methods would
enable simultaneous xylose fermentation and ethanol utilization in silico.
Another incremental step in the development of CBP models would be to study the S.
cerevisiae - S. stipitis system in fed batch culture. The fed batch mode of operation will
simulate the simultaneous hydrolysis and fermentation of biomass in that sugar
monomers will be gradually introduced to the culture media throughout the process. This
will provide a good test of the model before it is applied to an actual CBP system. Studies
have shown T. reesei cultures to exhibit the highest level of cellulolytic activity when
operated at fed batch mode (Hendy et al. 1984). These cultures can also reveal the extent
of glucose catabolite repression on xylose in S. stipitis. At the low concentrations of each
sugar compared to batch cultures, S. stipitis may be capable of utilizing xylose in the
presence of glucose. Further analysis of these cultures will reveal what rates of
saccharification will be necessary to attain ethanol yields that are competitive with other
processes. The models developed in this dissertation can be easily adapted to generate fed
batch simulations (Hjersted et al. 2007).
With the promising, non-optimized ethanol yields achieved from the unoptimized
consortium of T. reesei, S. cerevisiae, and S. stipitis, this system has the potential to be
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effective once optimized. The current lack of a flux balance model for T. reesei prevents
a dynamic model like those applied to the co-cultures in Chapters 3 through 6 from being
applied to this consortium. Once the metabolic pathways of T. reesei have been
reconstructed, dynamic flux balance analysis can be applied to this system. Accurate
model predictions will also require detailed mechanistic models of hemicellulase. To
achieve high ethanol yields and more complete substrate utilization, aeration must be
tightly regulated throughout the process. Indeed, the inability of the unstructured kinetic
model to fully capture the effect of oxygen levels on T. reesei and S. stipitis contributed
to many of its shortcomings. Ample oxygen must be available for T. reesei to produce
sufficient amounts of cellulolytic enzymes. The aeration strategy employed in cultivating
this consortium must be further leveraged by the fact that S. stipitis will reassimilate
ethanol under these same conditions. A further obstacle to commercializing consortia for
CBP are the differences between the optimal temperatures for the cellulolytic enzymes
and cell growth.
Until recently, S. stipitis was thought to be a petite-negative yeast, as the ethidium
bromide treatment used to generate respiratory deficient mutants of S. cerevisiae like
strain 311 proved to be lethal (Bulder 1964). Recently, a functional, respiratory deficient
mutant of S. stipitis that lacks the cox5 gene encoding cytochrome c oxidase has been
isolated (Freese et al. 2011). Unlike the nonspecific mutation method, this specific
alteration to the S. stipitis genome led to increased ethanol yields and an inability to
metabolize ethanol at the cost of a slightly decreased growth rate. This strain exhibits
high ethanol productivities under the same aeration conditions that are favorable to T.
reesei growth and cellulase production. Substituting the wild-type strain with this mutant
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in the CBP consortium would mitigate the incompatibilities in aeration and lead to more
complete saccharification and higher ethanol yields.
The limiting factor in the application of dynamic flux balance analysis to this consortium
is the lack of a genome scale metabolic reconstruction of T. reesei. However, flux
balance models for the cellulolytic microbes Clostridium thermocellum (Roberts et al.
2010) and Aspergillus niger (Andersen et al. 2008) have been developed. Using the
techniques for consortium modeling developed in this work, microbial models can be
easily combined to perform analysis on ethanol production. Once accurate parameters for
growth and enzyme production are found, combinations of microbes can be screened for
utility for CBP applications. Should a genome scale reconstruction of T. reesei not
become available, it will need to be proactively made. The genome for the filamentous
fungi has been sequenced and annotated (Martinez et al. 2008). By using one of the
automated reconstruction services such as the model SEED (Henry et al. 2010), a draft
model can be quickly constructed. Further gap filling and other editing of the model will
have to be completed before the model will generate useful data (Feist et al. 2009). As
seen in the modeling of S. cerevisiae 311 and S. stipitis Chapter 6, the results of microbial
interactions on cell growth and product formation can be discerned by comparing
simulations with pure culture parameters to experimental co-culture data. Accurate
modeling will also require an improved understanding of both the expression and
hydrolysis of T. reesei hemicellulases.
The analysis of co-culture systems presented here emphasizes the problem diauxic
growth poses to further optimizing these systems. As shown in Chapter 3, a mixed culture
of substrate-specific microbes has the potential to produce secondary metabolites at much
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greater productivities than diauxic pure cultures. Unlike E. coli, yeasts such as S.
cerevisiae and S. stipitis uptake glucose and xylose through shared transporters.
Moreover, these transporters translocate sugars across the cell membrane through
facilitated diffusion instead of the active transport used in E. coli. Because these
transporters have a higher affinity for glucose, deleting entry to glycolysis will not
prevent diauxic growth. If hexokinase is deleted, the transporters will reach an
equilibrium in which glucose is translocated in and out of the cell, with only small
quantities of xylose getting through (Lang and Cirillo 1987).
Efforts have been made to remove catabolite repression in yeast to allow the
simultaneous utilization of multiple sugar substrates (Kim et al. 2012). The expression of
a sugar transporter from Candida intermedia in xylose-consuming S. cerevisiae was
shown to improve xylose uptake in the presence of glucose (Runquist et al. 2009).
Recently, Spathaspora passalidarum, a yeast that is capable of simultaneous utilization
of glucose, xylose, and cellobiose, was isolated (Long et al. 2012). By studying the
regulation of sugar utilization in this microbe, novel methods of removing catabolite
repression from other species of yeast may be discovered. Applying similar techniques
could enable the engineering of S. stipitis strains capable of utilizing xylose in the
presence of glucose. By applying these advances to yeast co-culture systems, the
theoretical gains in ethanol production from the co-culture optimization work in Chapter
3 can be translated to experiment.
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