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ABSTRACT: 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 sub-
strates into products. Co-culture simulations of Escherichia
coli strains ALS1008 and ZSC113, engineered for glucose and
xylose only uptake respectively, indicated that improve-
ments 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
Saccharomyces 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 com-
mon environmental conditions, optimization of the strain
inoculum and the aerobic to anaerobic switching time
produced an almost twofold increase in ethanol productivity
over the pure cultures. To examine the effect of reduced
strain growth rates at non-optimal pH and temperature
values, a break even analysis was performed to determine
possible reductions in individual strain substrate uptake
rates that resulted in the same predicted ethanol productiv-
ity as the best pure culture.
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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 identi-
fication 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 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 Pichia 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).Correspondence to: Michael A. Henson

376 Biotechnology and Bioengineering, Vol. 108, No. 2, February, 2011 � 2010 Wiley Periodicals, Inc.



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 con-
centrations 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 over-
produce 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 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,b).

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 experi-
mental 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 fermenta-
tion 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

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 tomicrobial 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. colimutants 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 non-
interacting, 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
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.

Methods

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
1,149 intracellular reactions, which are divided into seven
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distinct intracellular compartments. Compartmentalization
of the 646 unique metabolites produces a total of 1,059
metabolites that are stoichiometrically balanced. The
dimensions of the stoichiometric matrix are 1,059 metabo-
lites and 1,264 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 insertion of the
reverse reaction for xylitol dehydrogenase, which increased
the number of fluxes to 1265 for mixed substrate studies.

The wild-type E. colimodel 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 7.6mmol/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 3.75mmol/gdw/h.

Each flux balance model had the form of a standard linear
program:

min
vi

mi ¼ wT
i vi

Aivi ¼ 0
vi;min � vi � vi;max

(1)

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, mi 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:

min
vi;vj

m ¼ mi þ mj ¼ wT
i vi þ wT

j vj

Ai 0
0 Aj

� �
vi
vj

� �
¼ 0

0

� �
vi;min

vj;min

� �
� vi

vj

� �
� vi;max

vj;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, Copenhagen, Denmark)
within Matlab (Mathworks, Natick, MA).

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 ¼ vg;max

G

Kg þ G

1

1þ E

Kie

(3)

vz ¼ vz;max

Z

Kz þ Z

1

1þ E
Kie

1

1þ G
Kig

(4)

vo ¼ vo;max

O

Ko þ O
(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
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

dt
¼ mgXg (6)

dXz

dt
¼ mzXz (7)

dG

dt
¼ �vgXg (8)

dZ

dt
¼ �vzXz (9)

dE

dt
¼ ðve;gXg þ ve;zXzÞ (10)

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 twomicrobes,
and mg and mz are the individual microbe growth rates.
Oxygen balances were omitted assuming the dissolved
oxygen concentration could be regulated at 0.24mmol/L for
aerobic simulations.

The substrate uptake parameters used in dynamic flux
balance simulations for both wild-type and mutant E. coli
and S. cerevisiae strains are listed in Table I. Simulations of
the recombinant strains used the same constants as the wild-
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type strains except for those 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 concentra-
tions 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 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.

Results and Discussion

Mono-Culture Simulations

We have validated dynamic flux balance model predictions
of wild-type S. cerevisiaemetabolism using transient data for
aerobic growth on glucose media in batch culture (Hanly et
al., unpublished work). Figure 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 ¼ 100

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXn
i¼1

ðŷi�yiÞ2

y2i

s
(11)

where y is the measured value, ŷ 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

Table I. 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 Refs. S. cerevisiae value Refs.

vg,max (mmol/g/h) 10.5 Varma and Palsson (1994) 22.4 Hjersted and Henson (unpublished work)

Kg (g/L) 0.0027 Wong et al. (1997) 0.8 Hjersted and Henson (unpublished work)

vo,max (mmol/g/h) 15 Varma and Palsson (1994) 2.5 Hjersted and Henson (unpublished work)

Ko (mmol/L) 0.024 Meadows et al. (2010) 0.003 Hjersted and Henson (unpublished work)

vz,max (mmol/g/h) 6 Shamanna and Sanderson (1979) 0 —

Kz (g/L) 0.0165 Shamanna and Sanderson (1979) 0 —

Ki,g (g/L) 0.005 — 0.5 Hjersted et al. (2007)

Ki,e (g/L) 20 10 Hjersted et al. (2007)

Mutant parameter ZSC113 value Refs. RWB218 value Refs.

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)
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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 h.

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 2. As under aerobic conditions, E. coli exhibited a
diauxic growth pattern characterized by very limited xylose
consumption prior to exhaustion of glucose (Fig. 2A). The
resulting batch time of approximately 23 h 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 h due to its slower growth. While a higher
ethanol concentration of approximately 10 g/L was pre-
dicted 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).

E. coli Co-Culture Simulations

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 (Fig. 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
(Fig. 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 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 approxi-
mately 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
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Figure 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. [Color figure can be seen in the online version of this article, available at

wileyonlinelibrary.com.]

Figure 2. Dynamic flux balance model predictions for anaerobic batch growth

of wild-type E. coli (A) and S. cerevisiae (B) mono-cultures on glucose/xylose

media. [Color figure can be seen in the online version of this article, available at

wileyonlinelibrary.com.]
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suggested that the improved performance of the co-culture
was mostly attributable to the enhanced xylose uptake
kinetics of the ZSC113 mutant rather than simultaneous
consumption of the two sugars as suggested in the original
experimental study.

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 (Fig. 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 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 condi-
tions (Fig. 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 h 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 h was attributable to complete xylose
consumption by ZSC113 during the aerobic growth phase.

Figure 3. Dynamic flux balance model predictions for aerobic batch growth of a

co-culture 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). [Color

figure can be seen in the online version of this article, available at wileyonlinelibrary.

com.]

Figure 4. Dynamic flux balance model predictions for 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 S. cerevisiae inoculum concentration. [Color figure can be seen in the

online version of this article, available at wileyonlinelibrary.com.]
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Beyond this point ZSC113 does not grow anaerobically and
produces no ethanol, eliminating any advantage of the co-
coculture.

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 h (Fig. 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 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 h. 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 (Fig. 6).

Figure 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 (Fig. 2B); (2) wild-type E. coli strain K-12 in
anaerobic culture (Fig. 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 (Fig. 5A); and
(6) co-culture of wild-type S. cerevisiae and ZSC113 with
optimized inoculum and aerobic–anaerobic switching time
(Fig. 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 produc-
tivity enhancements of approximately 40% were achieved by
allowing combined aerobic–anaerobic growth and optimiz-
ing 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 time produced a substantial co-culture produc-
tivity 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

Figure 5. Dynamic flux balance model predictions for combined aerobic–anae-

robic 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

aerobic–anaerobic switching time (B). [Color figure can be seen in the online version

of this article, available at wileyonlinelibrary.com.]

Figure 6. Dynamic flux balance model predictions for combined aerobic–anae-

robic 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 5. [Color figure can be seen in the online

version of this article, available at wileyonlinelibrary.com.]
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feedstocks. Figure 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 aerobic–anaerobic switching time were adjusted
using the iterative procedure described earlier to achieve
maximal ethanol productivity. Because S. cerevisaie yielded
more ethanol from glucose than did ZSC113 from xylose,
the productivity was a monotonically increasing function of
the glucose/xylose ratio (Fig. 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
(Fig. 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 pH and temperature values
was investigated. Figure 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 aerobic–anaerobic switching time were optimized.

Figure 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

aerobic–anaerobic switching time (RWB218 Opt); K-12 with optimized aerobic–anae-

robic 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

aerobic–anaerobic switching time (Co-culture Opt). [Color figure can be seen in the

online version of this article, available at wileyonlinelibrary.com.]

Figure 9. Dynamic flux balance model predictions for combined aerobic–anae-

robic 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. [Color figure can be seen in the online version of this article, available at

wileyonlinelibrary.com.]

Figure 8. Dynamic flux balance model predictions for combined aerobic–anae-

robic 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 con-

centrations. [Color figure can be seen in the online version of this article, available at

wileyonlinelibrary.com.]
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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 (Fig. 7). The results in Figure 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.

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 consump-
tion of pentose and hexose sugars derived from lignocellu-
losic 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 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 compar-
ing 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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