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Abstract: Substrate availability plays a key role in dictating metabolic strategies. Most microorganisms
consume carbon/energy sources in a sequential, preferential order. The presented study investigates
metabolic strategies of Alicyclobacillus acidocaldarius, a thermoacidophilic bacterium that has been
shown to co-utilize glucose and xylose, as well as degrade phenolic compounds. An existing metabolic
model was expanded to include phenol degradation and was analyzed with both metabolic pathway
and constraint-based analysis methods. Elementary flux mode analysis was used in conjunction with
resource allocation theory to investigate ecologically optimal metabolic pathways for different carbon
substrate combinations. Additionally, a dynamic version of flux balance analysis was used to generate
time-resolved simulations of growth on phenol and xylose. Results showed that availability of xylose
along with glucose did not predict enhanced growth efficiency beyond that of glucose alone, but did
predict some differences in pathway utilization and byproduct profiles. In contrast, addition of phenol
as a co-substrate with xylose predicted lower growth efficiency. Dynamic simulations predicted
co-consumption of xylose and phenol in a similar pattern as previously reported experiments.
Altogether, this work serves as a case study for combining both elementary flux mode and flux balance
analyses to probe unique metabolic features, and also demonstrates the versatility of A. acidocaldarius
for lignocellulosic biomass processing applications.

Keywords: co-metabolism; dynamic flux balance analysis; elementary flux mode analysis; resource
allocation; thermoacidophile

1. Introduction

Alicyclobacillus acidocaldarius is a thermoacidophilic bacterium originally isolated from Yellowstone
National Park [1] of interest for its thermostable enzymes [2,3] as well as its unique physiology and
ability to thrive in low pH environments [4,5]. It has also been linked to fruit or juice spoilage due
to acid production [6]. This microorganism was originally classified as Bacillus acidocaldarius and
later transferred to the newly created genus Alicyclobacillus due to the uniqueω-alicyclic fatty acids
and hopanoids composing the phospholipid membrane and 16S rRNA classification [7]. Recent
studies have discovered additional unique capacities of A. acidocaldarius, including the ability to
simultaneously metabolize hexose and pentose sugars [8], as well as the ability to degrade toxic
phenolic compounds [9]. These findings provide a unique potential role for this microorganism in
lignocellulosic biomass bioprocessing, as biomass feedstocks typically contain both hexose and pentose
sugar units, as well as phenolic lignin derivatives, which are toxic to many microbial catalysts used in
processing [10]. An organism that is able to break down toxic compounds and concurrently utilize
multiple sugar types will be of great aid in biomass processing, with applications in bioenergy and
biochemical production, as well as remediation of other industrial wastes.
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A Gram-positive, spore-forming obligate aerobe, A. acidocaldarius has been shown to grow on
a variety of carbon sources, including glucose, fructose, mannose, ribose, arabinose, xylose, galactose,
rhamnose, glycerol, mannitol, methylglucoside, arbutin, aesculin, salicin, cellobiose, maltose, lactose,
melibiose, sucrose, trehalose, raffinose, starch, and glycogen [11]. This organism has the ability to
degrade hemicellulose and cellulose [12,13], making it very useful for biomass processing applications.
In particular, energy-limited chemostat growth on glucose has been characterized under different
temperatures and pH [14,15]. A recent continuous culture study has further characterized the ability
of this microorganism to simultaneously metabolize two different sugars under non-carbon-limiting
conditions—glucose and xylose, arabinose and xylose, and fructose and glucose [8], indicating that A.
acidocaldarius does not operate according to conventional carbon catabolite regulation, in which carbon
sources are typically consumed sequentially in order of preference [16,17].

Pretreatment of lignocellulosic biomass liberates sugars (e.g., disaccharides and monosaccharides)
from recalcitrant polymers for easier metabolism by microbial catalysts [18]. However, lignin is
a common component of most biomass feedstocks (ranging from 6–29 percent varying by feedstock
type [19]) and is not suitable for most microbial catalysts used in biomass processing, with pretreatment
steps resulting in inhibitory or toxic lignin derivatives, including furans, organic acids, and phenolic
compounds [19–21]. Another recent study has investigated the tolerance of A. acidocaldarius to selected
phenolic compounds derivatized from lignin, including phenol and ferulic, ρ-coumaric, and sinapinic
acids, common aromatic compounds [9]. Phenolic compounds are also produced as byproducts from
many other agricultural and industrial chemical processes and often end up as downstream pollutants
in water bodies [22–24]. This previous study demonstrated the ability of A. acidocaldarius to tolerate
and degrade each of the four tested phenolic compounds in the presence of xylose as the primary
energy source. Degradation of all four compounds was enhanced by the presence of copper, indicating
the likely role of putative multicopper oxidases identified in the genome [9].

The ability of A. acidocaldarius to simultaneously metabolize pentose and hexose sugars as well as
degrade toxic phenolic compounds demonstrates a versatile metabolic potential that can be harnessed
for improved biomass processing efficacy and economic feasibility. With the onset of genomics
and data-intensive science, metabolic modeling is becoming more commonly used and has proven
to be a powerful tool to probe complex systems, understand metabolic pathways in silico, and
provide directives for experimental work, as well as potential metabolic engineering strategies [25–28].
Stoichiometric metabolic modeling methods use genomic information to compile the set of metabolic
reactions that an organism has the capacity to perform, curated by literature and biochemical knowledge,
to quantitatively describe and analyze an organism’s metabolism ab initio based on genetic potential [29].
This set of reactions is depicted mathematically in the form of a stoichiometric matrix, which represents
a mass-balanced metabolism. Constraint-based and metabolic pathway analysis techniques can then
be applied to solve the stoichiometric matrix for steady-state reaction fluxes. Flux balance analysis
(FBA) is one of the most commonly applied methods and employs a linear programming optimization
algorithm to determine a flux solution to the stoichiometric matrix that optimizes a predetermined
cellular objective constraint, e.g., maximization of biomass [30,31]. Elementary flux mode analysis
(EFMA) is a metabolic pathway analysis method that enumerates the collection of all possible core
routes (elementary flux modes, EFMs) through a metabolic network [32,33]. These core routes are
minimal sets of enzymatic reactions that transform substrates to products, and this collection of EFMs
characterizes the entire phenotypic space. Rather than providing a single optimal flux solution based
on a cellular objective criterion, EFMA allows an unbiased examination of metabolic capabilities [34].
Resource allocation theory can then be incorporated to interpret predicted pathways (e.g., efficiency
with respect to different nutrients) and thus comprehensively investigate metabolic acclimations under
varying degrees of stress. Such systematic characterization of the phenotypic space provides an
ecological basis for understanding metabolic pathways [35–37].

While much of the previous work on A. acidocaldarius has centered around its cellulose degradation
capabilities (e.g., using thermostable endoglucanases for enzymatic pretreatment of biomass [12]),
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the recent studies described above have opened up new research avenues to expand the contributions
of this microorganism to the lignocellulose processing industry through co-metabolism of hexose
and pentose sugars [8] and the ability to tolerate and degrade inhibitory phenolic compounds [9].
A. acidocaldarius is known to produce organic acids and has been reported to produce lactate, acetate,
and propionate [8], which can be incorporated in biochemical production platforms. Another recent
study identified A. acidocaldarius as a dominant bacterial member colonizing a sugarcane bagasse
stockpile [38], indicating that it may have important implications in microbial community interactions,
as well as hold potential for industrial processing applications. In the current study, both EFMA
and a dynamic version of FBA were used to understand and quantify the potential benefits and
ramifications of substrate co-metabolism in A. acidocaldarius, specifically to analyze metabolic pathways
in terms of energetic efficiency and operating/investment costs used for sugar catabolic pathways with
the aim to better understand the impact of a lack of carbon catabolite regulation, as well as degradation
of phenolic compounds. The roles of oxygen and overall pathway investment were investigated in
relation to carbon consumption efficiency for different substrate combinations. In addition, the existing
metabolic model for A. acidocaldarius was expanded to include the phenol degradation pathway and
analyze the metabolic efficiencies of phenol degradation co-occurring with sugar consumption. Based
on previously measured kinetic parameters for growth on xylose with phenol [9], the metabolic
model was analyzed with dynamic FBA to examine the optimum carbon consumption pathways in
this organism.

2. Materials and Methods

2.1. Metabolic Model

A metabolic model for A. acidocaldarius was previously constructed and published by
Beck et al. [39] with experimentally measured biomass composition demonstrating analysis of biomass
for computational biology applications. Details of the original model construction were included
in the previous report [39]; briefly, the model contained 213 reactions and 215 metabolites and was
constructed to represent glucose and/or xylose metabolism for synthesis of major essential biomolecules
(DNA, RNA, protein, lipid, carbohydrate). The current work extended the model to include the pathway
for phenol degradation with the aid of MetaCyc, KEGG, and NCBI databases [40–42]. Genes for this
pathway from the A. acidocaldarius genome were previously identified in [9]. Eight new reactions
were added to the model to represent this pathway for a total of 221 reactions and 223 metabolites.
This model allows for in silico probing of metabolism on different combinations of glucose, xylose,
and phenol as carbon substrates, with possible byproducts of acetate, ethanol, formate, and lactate
considered as common organic byproducts. CellNetAnalyzer [43,44] was used to verify topological
properties of the network (e.g., ensure appropriate connectivity and no blocked reactions) and to
facilitate interconversion of model formats among SBML, COBRA Toolbox, and efmtool file formats.
The Supplementary Materials include the Excel file with all model details and justifications including
new reactions with enzyme documentation, as well as the SBML and COBRA Toolbox model files
(Files S1–S3).

2.2. Elementary Flux Mode Analysis and Ecological Analysis of EFMs

Elementary flux modes (EFMs) were enumerated using efmtool [45] running within a MATLAB
interface (https://csb.ethz.ch/tools/software/efmtool/documentation.html). Resource allocation analysis
(i.e., cost efficiency assessment) of the resulting EFMs was performed with MATLAB processing by
calculating the query costs (ratios of reactions, e.g., flux through carbon uptake reaction divided by
flux through biomass reaction for each EFM in the simulation). Costs considered included carbon cost,
oxygen cost, and pathway or enzyme investment as approximated by the sum of total (absolute) reaction
fluxes. From the simulations for each carbon substrate combination (glucose, xylose, phenol, glucose +

xylose, and phenol + xylose), two subsets of EFMs were analyzed—biomass-synthesizing pathways
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and energy-generating pathways. Costs were normalized across EFMs by scaling to the biomass flux
(carbon moles of biomass synthesized) or energy flux (moles of excess ATP produced). Costs were
then plotted against each other to examine a two-dimensional tradeoff space, and the convex hull
function in MATLAB (convhull) was used to identify the perimeter of the tradeoff space and analyze
the minimization of the tradeoff between the two costs (i.e., simultaneously minimizing costs along
the tradeoff curve to determine the set of most efficient EFMs relating to the given costs). The EFMs on
the tradeoff curve were extracted and exported to Excel for further analysis of the flux distributions in
the most efficient pathways (e.g., byproduct profiles and pathway utilization). The MATLAB code
used to process the EFM simulations is included in the Supplementary Materials (Files S4–S5).

2.3. Dynamic Flux Balance Analysis

A single flux balance analysis (FBA) simulation can be performed quickly for a genome-scale model
with the MATLAB COBRA Toolbox. A temporally dynamic extension of FBA (dynamic FBA or dFBA)
has previously been developed [46,47] to integrate substrate uptake and product secretion kinetics
with stoichiometric metabolic models to predict metabolism on a dynamic time scale, more suitable for
comparison with batch growth data. DFBAlab software (http://yoric.mit.edu/dfbalab) [47,48] was used
to formulate a dynamic environment for flux balance simulations with xylose and phenol serving as
possible carbon substrates to simulate the experimental setup performed in Aston et al. [9]. Kinetic
expression parameters (vmax and km) for phenol were adapted for the simulation from measurements
in Aston et al. [9] with units converted to match DFBAlab conventions, and kinetic parameters
implemented for xylose remained the same as those used for Escherichia coli in the provided DFBAlab
example script [47,49], as no specific parameters were available for A. acidocaldarius. Initial conditions
were chosen to represent the experimental environment in [9], with 30 mM xylose, 5 mM phenol, and
0.01 g/L biomass. Iterative optimizations were run with Gurobi as the solver. DFBAlab applies objective
function optimization as typically performed in traditional FBA simulations [31], but it provides
additional flexibility in tailoring simulations by allowing multiple objective functions to be specified
and applied in sequential order during the optimization process. Carbon substrate uptake and biomass
were applied as objective functions, and the order of application was tested to determine the effect
on the optimization and simulation output. The MATLAB input scripts required for the DFBAlab
algorithm to run (main.m, RHS.m, and DRHS.m) are included in the Supplementary Materials (Files
S6–S8).

3. Results

3.1. Simultaneous Utilization of Hexose and Pentose Sugars

Most microbes typically consume carbon sources in sequential order of greatest preference
in a phenomenon termed carbon catabolite repression or regulation, well-characterized in E. coli,
which consumes glucose first (classic carbon catabolite repression [16]) or Pseudomonas aeruginosa,
which consumes organic acids prior to sugars (reverse carbon catabolite repression [17]). However,
A. acidocaldarius has previously been observed to consume two sugars simultaneously in continuous
culture (glucose and xylose, arabinose and xylose, and fructose and glucose [8]). The presented
computational analysis focuses on metabolic pathways for simultaneous glucose and xylose
consumption (six-carbon and five-carbon sugars, respectively) as a unique metabolic feature that few
microorganisms are reported to perform naturally [50,51]. Enumeration of elementary flux modes for
the A. acidocaldarius metabolic network considering glucose and/or xylose as possible carbon substrates
resulted in 1,106,863 total EFMs—345,024 EFMs with only glucose consumed; 209,408 EFMs with only
xylose consumed; and 552,431 EFMs with both glucose and xylose consumed. These subsets were
further divided into biomass-producing and ATP-generating subsets to examine the contributions of
growth and energy metabolism and the effect under different carbon substrate regimes.
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Resource allocation analysis was used to examine how consumption of glucose and xylose
affect biomass and energy production efficiency and pathway utilization, specifically with respect to
carbon and oxygen (two key growth- and energy-limiting variables), as well as pathway investment
(approximated by total pathway flux). Figure 1a shows oxygen consumption as a function of carbon
substrate cost normalized to biomass production for three subsets of EFMs (glucose-only, xylose-only,
and glucose- and xylose-consuming EFMs). Glucose was predicted to be a more efficient carbon
source than xylose; this difference between hexose and pentose sugars is well substantiated due to
the higher number of carbons and ATP generated via glycolysis. When glucose and xylose were
co-utilized, the predicted efficiency matched that of glucose as a sole carbon substrate as shown by
the superimposed blue and purple envelopes in the lower portion of Figure 1a. However, there were
some differences in predicted pathway utilization. Pathways along the tradeoff curve (or minimization
envelope) for simultaneous glucose and xylose consumption did not utilize the full pentose phosphate
pathway, and the transketolase and transaldolase reactions (E.C. numbers 2.2.1.1 and 2.2.1.2) were not
active due to xylulose-5-phosphate funneled into the pathway from xylose assimilation, preventing
the need for these two additional enzymes and reactions.
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than glucose and xylose co-metabolism (Figure 2a). Analyzing oxygen and substrate efficiency 
showed some additional differences to those observed above with biomass—the Entner–Doudoroff 
pathway was not predicted for either glucose or xylose as sole carbon substrates, but was predicted 
for glucose and xylose co-metabolism. Additionally, glucose or xylose as sole carbon substrates were 
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Figure 1. Glucose and xylose co-metabolism (glucose in blue; xylose in red; co-utilization in purple)—(a)
oxygen cost as a function of carbon substrate cost (moles of oxygen versus moles of carbon consumed in
substrate, normalized to moles of carbon in biomass); (b) pathway investment efficiency as a function
of carbon substrate cost (sum of absolute fluxes per pathway versus moles of carbon consumed in
substrate, normalized to moles of carbon in biomass). Each point on the plot represents the reaction
ratio for an elementary flux mode (EFM) in the simulation; EFMs closer to the origin represent more
efficient pathways.

When considering energy-generating EFMs, a slightly different phenomenon was observed in
terms of the relationship among the three carbon substrate combinations—glucose was still predicted
to be most efficient, but xylose as sole carbon substrate was predicted to be slightly more efficient than
glucose and xylose co-metabolism (Figure 2a). Analyzing oxygen and substrate efficiency showed some
additional differences to those observed above with biomass—the Entner–Doudoroff pathway was
not predicted for either glucose or xylose as sole carbon substrates, but was predicted for glucose and
xylose co-metabolism. Additionally, glucose or xylose as sole carbon substrates were both predicted to
require a complete pentose phosphate pathway, but glucose and xylose co-metabolism did not predict
use of the epimerase reaction interconverting xylulose-5-phosphate and ribulose-5-phosphate (E.C.
number 5.1.3.1), again due to xylose assimilation. Additionally, use of the glyoxylate shunt was not
predicted along the tradeoff curve for glucose and xylose co-metabolism, while it was predicted for
glucose and xylose as sole carbon substrates.
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Figure 2. Glucose and xylose co-metabolism (glucose in blue; xylose in red; co-utilization in purple)—(a)
oxygen cost as a function of carbon substrate cost (moles of oxygen versus moles of carbon consumed
in substrate, normalized to moles of ATP generated); (b) pathway investment efficiency as a function
of carbon substrate cost (sum of absolute fluxes per pathway versus moles of carbon consumed in
substrate, normalized to moles of ATP generated). Each point on the plot represents the reaction ratio
for an EFM in the simulation; EFMs closer to the origin represent more efficient pathways.

In addition to cellular operating costs such as carbon and oxygen, pathway or enzyme investment
also plays an important role in dictating metabolic pathways [35,36]; the sum of total fluxes (absolute
values) of the simulated EFMs was used as a proxy for pathway investment. Figure 1b shows pathway
investment as a function of carbon substrate. For both biomass-producing and energy-generating
EFMs, a similar pattern was observed among carbon substrate combinations as seen for oxygen
and substrate cost above—for biomass-producing pathways, glucose as a sole carbon substrate and
co-consumption of glucose and xylose were equivalent and were more efficient than xylose as a sole
carbon substrate, whereas for energy-generating EFMs, xylose as a sole substrate was predicted to be
slightly more efficient than co-consumption of glucose and xylose, with glucose as a sole substrate
predicted as the most efficient (Figure 2b). For pathway investment analysis, analogous patterns
in usage of the pentose phosphate pathway were predicted as seen above, as well as the same
pattern observed in the Entner–Doudoroff pathway utilization for energy-generating EFMs. However,
the glyoxylate shunt was predicted to be used in all carbon substrate scenarios, and no byproducts were
predicted for the energy-generating EFMs whereas acetate was the only organic byproduct predicted
for the biomass-producing EFMs.

3.2. Impact of Phenol Degradation

Comparing phenol with glucose or xylose as singular carbon sources, phenol was predicted to
be much less efficient than glucose or xylose, requiring both more carbon and substantially more
oxygen as well as greater pathway investment, due to the key oxidation step required to utilize this
compound (Figure 3). Availability of phenol as a sole substrate resulted in less variety in predicted
organic byproducts (only acetate rather than including also ethanol, formate, and/or lactate), and use
of the glyoxylate shunt was predicted to be necessary for efficient phenol consumption.
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Figure 3. Glucose (in blue), xylose (in red), and phenol (in yellow) as singular carbon substrates—(a)
oxygen cost as a function of carbon substrate cost (moles of oxygen versus moles of carbon consumed in
substrate, normalized to moles of carbon in biomass); (b) pathway investment efficiency as a function
of carbon substrate cost (sum of absolute fluxes per pathway versus moles of carbon consumed in
substrate, normalized to moles of carbon in biomass). Each point on the plot represents the reaction
ratio for an EFM in the simulation; EFMs closer to the origin represent more efficient pathways.

Considering the availability of both xylose and phenol as simultaneous substrates, the presence of
xylose shifted the tradeoff curve much closer to that of xylose as a sole carbon substrate by offsetting
the oxygen requirement with a comparatively much more energy efficient carbon source (Figure 4).
Co-consumption of phenol and xylose resulted in a greater variety of predicted byproducts (all of
acetate, ethanol, formate, and lactate, compared to only acetate for phenol as sole substrate or acetate,
formate, and lactate for xylose as sole substrate). There was also more flexibility in the operation of
the full TCA cycle with some reactions not required for efficient metabolism, e.g., fumarase reaction
converting fumarate to malate (E.C. number 4.2.1.2) or malate dehydrogenase reaction converting
malate to oxaloacetate (E.C. number 1.1.1.37). In terms of pathway investment, the glyoxylate shunt
was also not predicted to be required under co-metabolism of phenol and xylose.
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Figure 4. Xylose and phenol co-metabolism (phenol in yellow; xylose in red; co-utilization in
orange)—(a) oxygen cost as a function of carbon substrate cost (moles of oxygen versus moles of
carbon consumed in substrate, normalized to moles of carbon in biomass); (b) pathway investment
efficiency as a function of carbon substrate cost (sum of absolute fluxes per pathway versus moles
of carbon consumed in substrate, normalized to moles of carbon in biomass). Each point on the plot
represents the reaction ratio for an EFM in the simulation; EFMs closer to the origin represent more
efficient pathways.

3.3. Dynamic Co-metabolism of Phenol and Xylose

Upon examining the efficiencies of different carbon substrates and investigating the interaction
effects of xylose and phenol as co-substrates, dynamic flux balance analysis (dFBA) was used to
investigate the temporal aspect of co-metabolism. Previous research has demonstrated experimentally
the ability of A. acidocaldarius to degrade phenol with xylose as the primary carbon substrate [9].
DFBAlab software [47,48] was used to integrate kinetic expressions of xylose and phenol consumption
with the A. acidocaldarius metabolic model to examine the effect of co-metabolism on biomass production
and organic byproduct secretion over time. This simulation environment is more representative
of batch growth. The kinetics of xylose and phenol consumption were described with classic
Henri–Michaelis–Menten kinetics [52]. Rate and half-saturation constants (vmax and km) were
obtained from Aston et al. [9] for phenol using the experimental measurements performed with
A. acidocaldarius and from Hanly and Henson [49] for xylose using measurements established for E. coli
as an approximation. Typical FBA simulations employ a single objective function as the optimization
criterion for the linear programming algorithm; however, DFBAlab software implementation of dynamic
FBA uses lexicographic optimization to provide flexibility in the optimization criterion, allowing for
multiple different objective functions to be specified and to be optimized in a hierarchical fashion [47].
Different permutations of multiple possible objective functions were tested, with the result that
optimizing carbon substrate uptake first (xylose and phenol consumption) and secondarily optimizing
for biomass production (growth) yielded simulation output that was more consistent with the batch
growth patterns observed in Aston et al. [9] (Figure 5a). This resulted in predicted simultaneous
consumption of xylose and phenol. The order of optimization for xylose and phenol uptake did not
affect the simulation output (xylose optimized first or phenol optimized first). Byproduct secretion was
also included in the optimization criteria as a tertiary objective (simultaneously minimizing production
of acetate, ethanol, formate, and lactate), and the byproduct profiles predicted with co-metabolism
followed a similar profile as predicted with elementary flux mode analysis, predicting predominantly
lactate with smaller amounts of acetate and some ethanol and formate (Figure 5b).
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Figure 5. Dynamic flux balance analysis simulations of xylose and phenol co-metabolism in
A. acidocaldarius with DFBAlab—(a) biomass (black), xylose (red), and phenol (yellow) as a function of
time; (b) byproduct profiles resulting from the same simulation (lactate, acetate, and ethanol/formate,
in order of decreasing concentration).

4. Discussion

The presented work examines in silico the metabolic network of A. acidocaldarius using two
different computational perspectives to investigate the impact of substrate availability, particularly
the influence of dual substrates, on predicted pathway utilization. Elementary flux mode analysis
provides an unbiased view of the entire phenotype space; the resource cost analysis presented here
narrows the phenotype space to investigate the cost efficiency of two typical operating costs, carbon
uptake and oxygen utilization, as well as overall pathway investment into the predicted pathways.
Minimizing costs and minimizing investment produces an ecological assessment predicting how
the cellular metabolic network would operate to be competitive in its given environment [37,53]. This
type of analysis is less amenable to extremely large genome-scale metabolic networks or community
models, but can be performed as presented here using a smaller, more condensed network in which all
EFMs can be enumerated.

Most microbes typically consume a single carbon source at a time due to regulation imposed
by carbon catabolite repression [16]. However, A. acidocaldarius has been experimentally observed
to consume multiple sugars simultaneously, including glucose and xylose [8], presenting an ideal
opportunity to investigate co-metabolism of hexose and pentose sugars from a pathway perspective.
Results showed, unsurprisingly, that glucose is a more efficient carbon substrate than xylose, and
availability of both xylose and glucose did not predict greater efficiency than glucose as a sole substrate.
However, the carbon and oxygen efficiencies under glucose as sole substrate compared with xylose
and glucose as dual substrates were equivalent, indicating that co-metabolism does not reduce overall
efficiency; minor pathway differences, such as differences in byproduct profiles as well as reducing or
eliminating the need for some reactions in the pentose phosphate pathway, may also lend advantage to
co-metabolism of substrates. Further research into details of genetic regulation and substrate kinetics
as impacted by co-metabolism will add to the story.

The reported degradation of phenol and other phenolic compounds by A. acidocaldarius [9] also
presents an ideal opportunity to investigate the interaction between phenol and sugar substrates from
a pathway perspective. Phenol as a carbon source for growth is decidedly not an efficient substrate
alone, even neglecting its toxic nature and considering only the metabolic network; a high quantity of
oxygen is required to enter the degradative pathway (oxidase reaction). The availability of phenol
with xylose as a co-substrate resulted in slightly lower predicted efficiency than xylose as a sole
substrate, a different effect than that observed with glucose and xylose. However, metabolic efficiency
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is not greatly hindered by the addition of phenol, similar to the experimental observations seen in
Aston et al. [9], where biomass accumulation was not affected until reaching higher levels of phenol.

The demonstrated case study for xylose and phenol co-metabolism presents an opportunity
to merge constraint-based optimization methods with the presented EFM analyses to investigate
the dynamic effects of co-metabolism and complement experimental data with time-course simulations.
The DFBAlab simulations presented here illustrate the utility of the dynamic FBA framework for
representing the batch growth scenario and describing substrate uptake, growth, and byproduct
secretion over time. The increased variety in the byproduct profile was consistent with that predicted
from EFM simulation analyses. The predicted time scale for simulated growth and consumption of
substrate was slightly longer than observed in the experiments (experimental measurements were
obtained over 25 h, which was the entrance to the stationary phase [9], whereas the simulations
showed biomass leveling out at ~27 h); this difference may be due to slight variations in biomass
composition and/or maintenance energy parameters used in the model compared to the strain used in
the experiment. Additional areas for continued improvement of the dynamic simulation framework
include fine-tuning the xylose kinetic expression with strain-specific data, incorporating inhibition
into the kinetic equations to better describe inhibition of phenol on overall metabolism (e.g., [54]),
and expanding the model to include the influence of copper on phenol uptake (through multicopper
oxidase enzymes [9]).

The presented work explores computationally the metabolism of a unique thermoacidophile and
investigates the potential for expanding its role in lignocellulosic biomass processing beyond enzymatic
pretreatment by examining sugar co-metabolism and inhibitory compound degradation. These
capabilities could be employed for fermentative production of organic acids or in the development of
microbial consortia for more effective and complete biomass processing. This study also demonstrates
the promise for combining EFMA with dynamic FBA methods to gain deeper insight into microbial
metabolism. In particular, this computational study highlights the versatility of the metabolism of
A. acidocaldarius and its unique potential to co-metabolize substrates and degrade toxic compounds,
elucidating underlying metabolic strategies and efficiencies, as well as the influence of environmental
conditions. Substrate availability is a common limiting factor, with oxygen serving as a key limitation
for obligate aerobes. A. acidocaldarius has high sensitivity to oxygen concentration; therefore, byproduct
profiles could serve as an indicator of oxygen concentration and metabolic status in industry applications.
The example of this study complements elementary flux mode analysis with flux balance analysis
methods and may also serve as an encouragement to other researchers to expand the scope of
computational analyses and bridge the gap between constraint-based modeling and metabolic pathway
analysis methods, as each gains useful information and provides a unique approach.
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